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Abstract

Although context windows have expanded sig-
nificantly in recent years, hallucinations in
long-context summarization remain a chal-
lenge. Long novels are better suited than
news or papers for researching these halluci-
nations, due to their intrinsic information and
detailed descriptions of events and dialogues.
However, current research lacks a multi-scale
benchmark for hallucination detection in long-
context novel summarization and does not fully
explore how hallucinations change as the con-
text grows longer. In this study, we propose
LongNovel, a multi-scale long-context bilin-
gual (Chinese and English) novel benchmark
for hallucination detection. This benchmark
is constructed from 29 Chinese novels (rang-
ing from 16k to 100k tokens) and chapter-level
data from the BookSum dataset. We design
8 hallucination types and employ a combina-
tion of Multi-Model Arbitration and Entity-
Referenced Hallucination Generation to ensure
both data authenticity and a balanced distribu-
tion of hallucination categories. Furthermore,
we manually revise the content in the test set
to guarantee data reliability. Extensive experi-
mental results demonstrate that LongNovel is
a challenging benchmark. We release Long-
Novel for future research.

1 Introduction

While the expansion of context windows for Large
Language Models (LLMs) to 100k tokens or
more (Chen et al., 2024c; Peng et al., 2024; Ding
et al., 2024) has enabled the processing of long-
form content, this increased capacity does not in-
herently resolve the issue of hallucinations in long-
context summarization (Kim et al., 2024; Belém
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et al., 2025; Pal et al., 2023). Novel summariza-
tion is well-suited for researching hallucinations
in long-context summarization because it requires
inferring implicit information from dialogues and
events, which is more complex than processing
the explicit data found in news or academic pa-
pers (Karpinska et al., 2024a; Kryscinski et al.,
2022; Kim and Kim, 2025; Chen et al., 2024a).
While traditional metrics like ROUGE (Lin, 2004)
and BERTScore (Zhang et al., 2020) are limited
to lexical or semantic similarity, other NLI-based
approaches such as SummaC (Laban et al., 2022)
and AlignScore (Zha et al., 2023) often fail to de-
tect long-context hallucinations due to their lim-
itation to short input windows. Consequently,
there is an urgent need for more precise evalua-
tion models that can identify hallucinations in long-
context scenarios. However, the development of
robust evaluation models relies on the availability
of high-quality benchmarks. Therefore, construct-
ing a long-text, multi-scale hallucination detection
dataset will facilitate the identification of more re-
liable evaluation models.

However, existing research faces two primary
challenges. First, constructing high-quality bench-
marks for hallucination detection in long-context
novels is hindered by the cost of manual annota-
tion. Traditional datasets such as NOCHA (Karpin-
ska et al., 2024b) and StorySumm (Subbiah
et al., 2024) rely on human-labeled hallucination
data, which is labor-intensive and time-consuming.
While synthetic datasets like LCHD (Liu et al.,
2025) effectively reduce annotation costs, they fail
to reach the 100k-token scale. Second, the evolu-
tion of hallucinations as context length increases
remains largely unexplored. Most existing bench-
marks lack a multi-scale design capable of eval-
uating model robustness across varying lengths.
While Fables (Kim et al., 2024) covers the 100k-
token scale, it is largely restricted to a single length.
Although Clipper (Pham et al., 2025) introduces a
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Summ. Auto. Diff.
Benchmark Hallue,. %% Label Len.
Nocha (2024a) X v X X
StorySumm (2024) v X X X
FABLES (2024) v v X X
LCHD (2025) v X v X
CLIPPER (2025) X v v v
LongNovel (Ours) v v v v

Table 1: Comparison of our benchmark with other
benchmarks in novel. ‘Summ. Halluc.’, ‘100K’, ‘Auto.
Label’, and ‘Diff. Len.” mean whether it is a sum-
marization 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, re-
spectively. LCHD (Liu et al., 2025) refers to the long-
context hallucination detection dataset.

multi-scale approach with book-level and chapter-
level claims at the 100k scale, it is not designed for
summary hallucination detection.

To address these issues, we introduce Long-
Novel, a multi-scale benchmark for hallucination
detection in long-context novel summarization.
Constructed from 29 Chinese novels and Book-
Sum English chapters, we construct four long
context scenarios: S(16k), M(32k), L(64k), and
XL(100K), totaling 600 samples in the test set.
Building on these scenarios, eight hallucination
types have been designed. Notably, we use human-
written summaries as ground truth to guide the
LLM generation to ensure data reliability. Each
judgment includes a consistency score of the sum-
mary, the identified hallucination types, and rea-
sons for identifying the hallucinations. The frame-
work of our benchmark is illustrated in Fig. 1.
To balance data authenticity with a uniform dis-
tribution of hallucination types, we employ two
complementary construction methods. The first
is Multi-Model Arbitration, which utilizes GLM4-
9B-chat (GLM et al., 2024), Qwen3-32B (Yang
et al.), and GPT-40 (OpenAl, 2024) for summary
generation, followed by a cross-model verification
process for data labeling to capture authentic hal-
lucinations in LLM outputs. The second method,
Entity-Referenced Hallucination Generation, per-
turbs human-written summaries by extracting en-
tities and employing LLMs to craft hallucinations
based on eight specific prompt templates, thereby
ensuring a balanced distribution across all targeted
hallucination types. Finally, to guarantee data reli-
ability, we conduct a human revision of the test set.

Compared with previous long-context novel bench-
marks, LongNovel offers several distinct advan-
tages, as outlined in Table 1. We evaluate several
state-of-the-art models and conduct experiments
using different methods on LongNovel. The re-
sults show that LongNovel serves as a challenging
benchmark for current models. Overall, our contri-
butions are as follows:

* We introduce LongNovel, a multi-scale Chinese-
English bilingual benchmark designed for hallu-
cination detection in long-context novel summa-
rization. It spans four levels of length and covers
eight distinct hallucination types.

* We implement a construction approach that
combines Multi-Model Arbitration with Entity-
Referenced Hallucination Generation.  This
methodology ensures the dataset features real-
world authenticity while covering various hallu-
cination types.

* We evaluate state-of-the-art models and methods
on LongNovel, revealing the challenges of long-
context hallucination detection and providing a
challenging benchmark for future research.

2 RELATED WORK

2.1 Hallucination Detection Benchmarks

Current methodologies for constructing halluci-
nation datasets can be categorized into two ap-
proaches. The first involves generation by LLM,
followed by manual annotation to identify halluci-
nated samples (Laban et al., 2023; Karpinska et al.,
2024a; Subbiah et al., 2024; Akbar et al., 2024,
Tang et al., 2024b; Chen et al., 2024b; Bao et al.,
2025; Abdaljalil et al., 2025). The advantage of
this approach is that the resulting hallucination pat-
terns closely align with the model’s performance in
the real world. However, it relies heavily on high-
quality annotation, making it both time-consuming
and resource-intensive (Qi et al., 2025).

The second approach is automated hallucina-
tion injection based on existing reference mate-
rials, such as books or summaries. Early meth-
ods like (Kryscinski et al., 2020) generate negative
samples by employing entity substitution and nega-
tion insertion. Cao and Wang (2021) select system
outputs with low likelihood scores as negative sam-
ples. Recent works perform hallucination synthe-
sis based on the instruction-following capabilities
of LLMs (Tang et al., 2024a; Liu et al., 2025; Ming
etal., 2025). Pham et al. (2025) extract summaries
or outlines from original book content, thereby in-
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Figure 1: The framework of LongNovel.
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Figure 2: Distribution of hallucination types across different context lengths.

ducing LLMs to generate true-false claim pairs and
corresponding reasoning chains.

2.2 Hallucination Detection Methods

Existing hallucination detection methods can be
categorized into short-text and long-text detection
based on the length of the processed content. In
the short-text detection, Laban et al. (2022) evalu-
ate factual consistency by decomposing documents
into sentence pairs and computing NLI-based en-
tailment scores. Zha et al. (2023) enhance cross-
task generalization through large-scale alignment
pre-training, and Liu et al. (2023c¢) introduce an
evaluation framework based on Atomic Content
Units. Chen et al. (2025) propose a semantic

graph-based approach to capture the intricate rela-
tions between entities and sentences, thereby en-
hancing hallucination detection at both sentence
and passage levels. Additionally, QA-based meth-
ods (Deutsch et al., 2021; Scialom et al., 2021) ver-
ify informational faithfulness by measuring the an-
swer consistency between source texts and gener-
ated summaries.

In long-text hallucination detection, many short-
text methods are constrained by input window limi-
tations. Approaches address this by either directly
leveraging LLMs for binary classification or em-
ploying Chain-of-Thought (CoT) (Wei et al., 2022)
to provide step-by-step analysis before reaching a
final judgement. Liu et al. (2023b) utilize LLMs to
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score content based on preset indicators, demon-
strating a high correlation with human judgment.
Min et al. (2025) introduce a debate-based frame-
work by assigning specific roles to LLMs, such
as Advocate, Skeptic, and Adjudicator, to enhance
data reliability. RAG-based systems, which are
used to verify faithfulness in QA tasks (Zhang
etal.,2025; Huetal., 2025; Laban et al., 2024), can
also detect hallucinations in summarization (Min
etal., 2023).

3 LongNovel Construction

3.1 Data Collection

We construct LongNovel using both Chinese and
English literary sources. For the Chinese corpus,
we collect 29 books from open-source data on the
Chinese internet. Each book possesses a coherent
plot, making it highly suitable for long-text consis-
tency detection. Each book B = {u1, ua,...,u,}
is segmented into a series of textual units (chapters
or paragraphs), where the length of each unit w;
ranges from 2k to 6k tokens. We employ 16 anno-
tators. For each textual unit, one annotator drafts
an initial summary, which is then revised by two
other annotators to ensure accuracy and faithful-
ness to the source text. For the English corpus, we
directly adopt the chapter-level subset from Book-
Sum (Kryscinski et al., 2022) and treat each chap-
ter as a textual unit u;, leveraging its high-quality
human-written summaries. Ultimately, each tex-
tual unit u; from both languages is paired with a
corresponding human summary, denoted as s;.

3.2 Length Extension

To comprehensively evaluate model performance
across different context windows, we define four
distinct target lengths 7' € {16k, 32k, 64k, 100k}
along with their corresponding evaluation ranges
R(T):

R(T) = [T — 2k, T + 4K] (1)
We employ the Qwen3 (Yang et al.) tokenizer
to compute token counts. The book B is com-
posed of multiple textual units u, represented as
B = {uy,ug,...,u,}. For a target range R(T)
and a book B, the sampling method is as follows:
1) Initialize a sliding window w starting from u1,
expanding it unit by unit.
2) When w = [Uj,Uj+1, ey uk,l,uk] (1 < j <
k <n):

i. If Len(w) < infR(T") and k < n, continue
expanding w with the next textual unit w4 1.

ii. If Len(w) € R(T), gather the current se-
quence in w as a data point and concate-
nate the corresponding summaries, denoted

as Sy = [8j,8j41,--.,5;). Then, reset the
window by setting w = [u,+1], where m =
5.

3) If the window expands to the end of a book but
the remaining segments still fail to satisfy the lower
boundary, this residual sequence is discarded be-
fore processing the next book.

We utilize the Gemini-3-Pro-Preview model to
compress texts from these target windows into
lengths of 900, 1000, 1200, and 1500 words, re-
spectively. To guarantee quality, a feedback
mechanism evaluates the initial summary against
a ground-truth reference to assign a consistency
score and provides a detailed reason. If the score
falls below 4 out of 5, the model performs a
second-round generation incorporating automati-
cally pinpointed deficiencies and refinement sug-
gestions. As w spans consecutive chapters, our
benchmark preserves narrative continuity. Conse-
quently, error detection requires long-range, cross-
chapter verification rather than local fact-checking
(Appendix H.1).

3.3 Data Synthesis

We categorize hallucinations into eight types: En-
tity Hallucination, Numerical Hallucination, Rela-
tion Hallucination, Logical Inversion, Event Hal-
lucination, Temporal Hallucination, Causal Hallu-
cination, and Event Fabrication (detailed in Ap-
pendix B). To ensure data authenticity and a bal-
anced distribution of hallucination types, we em-
ploy two methods to generate our LongNovel
benchmark.

Multi-Model Arbitration. To obtain more re-
alistic hallucination data, inspired by MSum-
Bench (Min et al., 2025), we implement a Multi-
Model Arbitration method. In this method,
summaries are first generated by GLM-4-9B-
chat (GLM et al., 2024), Qwen3-32B (Yang et al.),
and GPT-40 (OpenAl, 2024), ensuring that LONG-
NoOVEL captures natural failure modes. During this
process, GPT-4.1 and Claude-sonnet-4-20250514-
v1 first conduct independent evaluations. Instead
of a direct binary classification, the models are
required to assign consistency scores and justify
their ratings, thereby preventing over-simplified
summaries from being misclassified as hallucina-
tions and ensuring a more reasonable assessment.
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Subsequently, the evaluation results, including the
scores and explanations from both models, are
aggregated and fed into Gemini-3-Flash-Preview,
which serves as the final arbitrator to deliver the
definitive judgment.

Entity-Referenced Hallucination Generation.
We first extract entities such as names, organiza-
tions, and numbers from the human-written sum-
mary s;. Then, using the extracted entities as ref-
erences, GPT-4.1, Gemini-3-Flash-Preview, and
Claude-sonnet-4-5-20250929-v1 are employed to
rewrite s; into a corresponding hallucinated sum-
mary h; based on eight prompts, each correspond-
ing to a specific hallucination type, as shown in Ap-
pendix J.1. When a summary is modified to con-
tain one or two hallucination types, its consistency
score is set to 2; when it is injected with three dis-
tinct types of hallucinations, its consistency score
issetto 1.

3.4 Human Revision

To ensure quality, two annotators validate 204 sum-
maries from the test set. In our classification
framework, a consistency score between 3 and 5
is defined as non-hallucinated, whereas a score be-
tween 0 and 2 is categorized as hallucinated. Fol-
lowing the NoCha framework (Karpinska et al.,
2024a), we adopt a pairwise verification setting,
allowing annotators to directly contrast a halluci-
nated summary with its non-hallucinated counter-
part against the source text. Under this setting, the
inter-annotator agreement reaches 0.902 for the bi-
nary classification of whether a summary contains
hallucinations.

We further break down Cohen’s x across vari-
ous hallucination types in Appendix C, demonstrat-
ing high reliability across fine-grained categories.
More details and qualitative examples w.r.t. hu-
man revision are shown in Appendix C.

3.5 Dataset Statistics

The benchmark consists of 6,354 samples, split
into a training set of 5,354 samples, a validation set
of 400 samples, and a test set of 600 samples. Ta-
ble 2 shows the statistics of LongNovel. The token
sequence length of the test set is detailed in Table 3.
More detailed content can be found in Appendix A.

To evaluate model performance across differ-
ent error types, we analyze the distribution of hal-

“https://github.com/openai/tiktoken

Context Train Test

Length Hallu. Non-H. Total Hallu. Non-H. Total
S 1,454 1,430 2,884 100 100 200
M 1,292 1,178 2,470 100 100 200
L - - - 50 50 100
XL - - - 50 50 100
Total 5,354 600

Table 2: Statistics of the LongNovel training and test
sets. Hallu. and Non-H. represent the counts of halluci-
nated and non-hallucinated samples, respectively.

lucination categories within the test set. As il-
lustrated in Fig. 2, the distribution of hallucina-
tion types remains relatively balanced across var-
ious text lengths. Furthermore, the proportion of
Chinese to English data is also evenly distributed
across all context lengths, ensuring a consistent
benchmark for cross-lingual analysis.

4 Experiments

4.1 Baselines

We evaluate several state-of-the-art models on
the benchmark. The Open-Source Models in-
clude InternLLM2.5-20B-chat (Cai et al.) , GLM-
4-9B-chat (GLM et al., 2024), Llama-3.1-8B-
instruct (Grattafiori et al., 2024), and the Qwen3
series (Yang et al.) (8B, 14B, and 32B). For Com-
mercial Models, we include GPT-5.2-chat, Claude-
sonnet-4-5-20250929-v1 and the DeepSeek series
(DeepSeek-v3 (DeepSeek-Al et al.), DeepSeek-
rl (DeepSeek-Al et al., 2025), DeepSeek-v4-
flash).

4.2 Experimental Setup

We employ vLLM (Kwon et al., 2023) for the in-
ference of open-source models across all bench-
marks. For the 32k, 64k, and 100k tests, we imple-
ment YaRN (Peng et al., 2024) scaling to expand
the context length from 32k to 128k. For commer-
cial APIs, the temperature is set to 0 to ensure con-
sistent outputs. To guarantee the reliability of our
results, each experiment for the open-source mod-
els is repeated at least three times. More details are
in Appendix E.1.

4.3 Evaluation Metrics

In our classification framework, a consistency
score between 3 and 5 is defined as non-
hallucinated, whereas a score between 0 and 2
is categorized as hallucinated. To extract these
scores, we implement a fuzzy regular expression
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Tokenizer S (n=200) M (n=200) L (n=100) XL (n=100)

Min Mean Max Min Mean Max Min Mean Max  Min Mean Max
GPT-40? 14.65 21.63 33.35 30.15 43.81 6093 6234 87.32 119.87 98.78 139.68 187.36
InternLM-2.5 13.37 15.86 18.01 29.31 32.21 3435 59.62 64.03 6698 92.81 100.68 104.17
Qwen-3 1440 15.81 18.06 30.23 32.09 3448 6222 6376 6593 98.30 100.21 103.32
GLM-4 13.67 1549 17.62 28.65 31.48 33.58 5947 6243 6491 93.89 98.18 100.70

Table 3: Token sequence length of LongNovel test set (values are in thousands, i.e., k).

matching mechanism. This ensures that even if a  Retrieval-Augmented  Generation (RAG).

model fails to strictly follow the required output
format, the instance can still be correctly evaluated
as long as the hallucination detection remains ac-
curate. We employ Balanced Accuracy as our pri-
mary evaluation metric. Itis calculated as the arith-
metic mean of the recall obtained on each class,
providing a balanced measure of classification per-
formance. In addition, we employ the Matthews
Correlation Coefficient (MCC.) to further assess
the model’s performance in hallucination detection.
It balances the trade-off between false positives and
false negatives by considering all categories of the
confusion matrix.

4.4 Compared Methods

We conduct experiments using different methods
on LongNovel.

Zero-shot Prompting. We provide both the
source article and the summary to the LLLMs, along
with a prompt defining the criteria. The models
are instructed to output a factual consistency score
alongside a detailed rationale for their judgment.
We define two prompt types: target summary at the
Beginning (Prompt-B) and target summary at the
End (Prompt-E), as shown in Appendix J.2.

Chain-of-Thought (CoT). Based on a zero-shot
setting, we implement a Col (Wei et al., 2022)
prompting strategy to elicit the model’s reasoning
capabilities. The model is required to generate a
step-by-step analysis of the factual consistency be-
tween the source text and the summary before pro-
viding the final hallucination detection result. The
prompt is shown in Appendix J.2.

Supervised Fine-Tuning (SFT). To enable mod-
els to adapt to more positions and activate extrap-
olation ability, we fine-tune the models with the
LongNovel training set by gradually increasing the
context length follow findings from (Wei et al.,
2025). More details are in Appendix E.2.

Standard RAG-based hallucination detection often
suffers from contextual fragmentation. Since
semantic retrieval typically selects chunks in
isolation based on similarity scores, the retrieved
evidence often lacks narrative continuity, hinder-
ing the model’s ability to align summaries with
long-form source texts.

Accordingly, we design a RAG framework us-
ing a sliding-window mechanism guided by se-
mantic similarity, which dynamically anchors sum-
mary segments to their most relevant article con-
text. With this framework, we can obtain the
summary chunks and their corresponding article
chunks. This process allows us to extract paired
summary segments and article chunks, where a
summary is classified as non-hallucinated if and
only if every individual segment achieves a con-
sistency score greater than 2 within its respective
window. We set the block size to 3,500 characters
for the source article and 75 characters for the sum-
mary. More details are shown in Appendix D and
Appendix G.

Voting Ensemble. We employ a voting ensem-
ble method integrating three models to determine
the final hallucination status of each data instance
based on their consistency scores. Specifically, a
majority voting rule is applied: if at least two out of
the three models identify an instance as a hallucina-
tion (indicated by a score less than 3), the instance
is classified as hallucinated. Otherwise, if two or
more models judge the instance to be hallucination-
free (indicated by a score greater than 2), the final
decision labels it as non-hallucinated.

5 Experimental Results and Analysis

5.1 Main Results

We calculate balanced accuracy and MCC across
various context lengths for both open-source and
commercial models, with detailed performance
statistics presented in Table 4. Full results are pro-
vided in Appendix F. Negative MCC values (e.g.,
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Model S(16k) M(32k) L(64Kk) XL(100k)
BAcc. MCC. BAcc. MCC. BAcc. MCC. BAcc. MCC.
Open-Source Models
InternLM2.5-20B 0.545 0.217 0.505 0.024 0.450 -0.196 0.480 -0.143
—CoT 0.555 0.241 0.520 0.084 0.500 0.000 0.490 -0.101
Minicheck-7B 0.500 0.000 0.392 -0.335 0.420 -0.266 0.310 -0.484
GLM-4-9B-chat 0.505 0.014 0.510 0.059 0.500 0.000 0.500 0.000
—CoT 0.520 0.048 0.445 -0.139 0.470 -0.094 0.510 0.059
Llama3.1-8B-instruct 0.525 0.052 0.077 -0.837 0.000 -1.000 0.000 -1.000
—CoT 0.418 -0.164 0.042 -0.917 0.000 -1.000 0.000 -1.000
—SFT 0.715 0.508 0.542 0.173 0.210 -0.583 0.310 -0.583
Qwen3-8B 0.568 0.233 0.608 0.237 0.533 0.075 0.480 -0.050
—CoT 0.537 0.131 0.568 0.140 0.577 0.192 0.450 -0.115
—SFT 0.773 0.596 0.770 0.563 0.800 0.643 0.760 0.579
Qwen3-14B 0.588 0.285 0.598 0.219 0.547 0.105 0.517 0.036
—CoT 0.595 0.324 0.573 0.171 0.570 0.167 0.533 0.073
Qwen3-32B 0.590 0.292 0.575 0.180 0.597 0.253 0.580 0.187
—CoT 0.595 0.298 0.577 0.176 0.580 0.215 0.580 0.178
—SFT 0.775 0.587 0.795 0.625 0.750 0.551 0.720 0.490
Commercial Models
Claude-4.5-Sonnet 0.755 0.510 0.665 0.332 0.680 0.363 0.670 0.340
—CoT 0.780 0.564 0.715 0.435 0.670 0.341 0.750 0.503
DeepSeck-v3 0.755 0.544 0.735 0.521 0.680 0.450 0.670 0.433
—CoT 0.735 0.510 0.685 0.424 0.620 0.312 0.610 0.280
—RAG - - - - 0.510 0.068 0.500 -0.014
DeepSeek-rl 0.775 0.592 0.735 0.510 0.640 0.382 0.680 0.450
—CoT 0.710 0.440 0.680 0.435 0.610 0.327 0.670 0.433
DeepSeck-v4-flash 0.785 0.573 0.810 0.625 0.830 0.660 0.830 0.660
GPT-5.2-chat 0.785 0.570 0.770 0.541 0.810 0.620 0.740 0.482
—CoT 0.775 0.555 0.765 0.530 0.780 0.560 0.750 0.503
—RAG - - - - 0.830 0.661 0.750 0.500
Voting Ensemble (DSV3/DSR/C) 0.785 0.600 0.745 0.532 0.680 0.450 0.680 0.450
Voting Ensemble (DSV4/GPT/C) 0.820 0.641 0.815 0.630 0.830 0.660 0.820 0.641

Table 4: Balanced Accuracy and MCC of various models. The best score is bold and the second-best is
underline within each category (Open-Source vs Commercial). Voting Ensembles are abbreviation-coded as fol-
lows: (DSV3/DSR/C) denotes DeepSeek-v3, DeepSeek-rl, and Claude-sonnet-4-5-20250929-v1; (DSV4/GPT/C)
denotes DeepSeek-v4-flash, GPT-5.2-chat, and Claude-sonnet-4-5-20250929-v1.

Model

L (64k)

XL (100k)

BAcc. (95% CI)

MCC. (95% CI)

BAcc. (95% CI)

MCC. (95% CI)

Claude-4.5-Sonnet

0.680 [0.590, 0.770]

0.363 [0.181, 0.543]

0.670 [0.580, 0.760]

0.340 [0.160, 0.524]

DeepSeek-v3 0.680 [0.610, 0.750] 0.450[0.312, 0.577] 0.670 [0.600, 0.740]  0.433 [0.293, 0.562]
DeepSeek-rl 0.640 [0.580, 0.710]  0.382[0.245, 0.515] 0.680 [0.610, 0.750]  0.450 [0.312, 0.577]
DeepSeek-v4-flash 0.830 [0.760, 0.900] 0.660 [0.520, 0.801] 0.830 [0.750, 0.900] 0.660 [0.505, 0.801]
GPT-5.2-chat 0.810[0.730, 0.880]  0.620 [0.465, 0.762] 0.740 [0.650, 0.820]  0.482 [0.308, 0.648]

Voting Ensemble (DSV3/DSR/C)
Voting Ensemble (DSV4/GPT/C)

0.680 [0.610, 0.750]
0.830 [0.760, 0.900]

0.450[0.314, 0.577]
0.660 [0.520, 0.801]

0.680 [0.610, 0.750]
0.820 [0.740, 0.890]

0.450 [0.308, 0.577]
0.641 [0.483, 0.781]

Table 5: Performance of commercial models and voting ensembles on the L (64k) and XL (100k) scales, with 95%
confidence intervals obtained using 10000 iterations of stratified percentile bootstrap resampling. Voting Ensembles
are abbreviation-coded as follows: (DSV3/DSR/C) denotes DeepSeek-v3, DeepSeek-rl, and Claude-sonnet-4-5-
20250929-v1; (DSV4/GPT/C) denotes DeepSeek-v4-flash, GPT-5.2-chat, and Claude-sonnet-4-5-20250929-v1.

Llama-3.1-8B-instruct) stem from instances where
models fail to output a valid consistency score,
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which we treat as incorrect predictions. To ensure
this setup does not underestimate true model capa-



Model S(16k) M(32Kk) L(64k) XL(100k)
BAcc. MCC. BAcc. MCC. BAcc. MCC. BAcc. MCC.
Qwen3-8B 0.568 0.233 0.608 0.237 0.533 0.075 0.480 -0.050
Qwen3-8B-MMA 0.577 0.248 0.577 0.171 0.610 0.261 0.710 0.447
Qwen3-8B-FULL 0.773 0.596 0.770 0.563 0.800 0.643 0.760 0.579
Llama3.1-8B-instruct 0.525 0.052 0.077 -0.837 0.000 -1.000 0.000 -1.000
Llama3.1-8B-MMA 0.585 0.290 0.502 0.008 0.020 -0.961 0.000 -1.000
Llama3.1-8B-FULL 0.715 0.508 0.542 0.173 0.210 -0.583 0.310 -0.583
Qwen3-32B 0.590 0.292 0.575 0.180 0.597 0.253 0.580 0.187
Qwen3-32B-MMA 0.605 0.343 0.587 0.281 0.610 0.352 0.680 0.469
Qwen3-32B-FULL 0.775 0.587 0.795 0.625 0.750 0.551 0.720 0.490

Table 6: Ablation study on data construction strategies across various models and dataset scales.

bilities due to strict parser limitations, we manu-
ally inspect all cases where Llama-3.1-8B fails to
emit a valid score. Our analysis reveals that these
failures are not parsing errors; rather, in every in-
stance, the model either degenerates into repeti-
tive outputs or completely fails to follow instruc-
tions by generating novel summaries instead of per-
forming hallucination detection. Thus, these for-
mat failures accurately reflect a collapse in long-
context instruction-following, justifying their clas-
sification as incorrect predictions. From the re-
sults, we can draw the following conclusions:

Performance exhibits a downward trend as con-
text length increases across the commercial and
open-source segments. The open-source mod-
els demonstrate a struggle with long contexts, as
their baseline scores remain generally low over-
all. For example, Qwen3-14B drops its baseline
accuracy from 0.588 at 16k down to 0.517 at
100k. For the commercial models, the degradation
is equally manifest; Claude-sonnet-4-5-20250929-
vl slips from an accuracy of 0.755 at 16k to
0.670 at 100k. Furthermore, at the 64k and 100k
stages, some negative Matthews Correlation Co-
efficient scores, such as Llama3.1-8B-instruct hit-
ting -1.000, show the severe decline in instruction-
following capability, suggesting that as the context
lengthens, these models frequently produce repeti-
tive outputs or mistakenly shift toward generating a
novel summary instead of hallucination detection,
as detailed in Appendix 1.4 and Appendix I.5.

The impact of Chain-of-Thought (CoT) prompt-
ing varies significantly across different architec-
tures, showing clear benefits for some models
while proving counterproductive for others. For ex-
ample, while CoT successfully lifts the 32k accu-
racy of Claude-4.5-Sonnet from 0.665 to 0.715, it
has the opposite effect on DeepSeek-v3, dragging

its 32k accuracy down from 0.735 to 0.685 and fur-
ther degrading its 100k performance from 0.670 to
0.610.

In the 16k to 100k range, the SFT variants of the
Qwen3-32B model achieve average accuracy sig-
nificantly higher than both the base and CoT ver-
sions, reaching 0.720 at 100k compared to only
0.580 for the base version. This demonstrates that
specialized fine-tuning of open-source models for
length extrapolation is an effective strategy for hal-
lucination detection in long-context tasks.

The RAG strategy exhibits limitations in the 64k
context for DeepSeek-v3, where its performance
falls sharply to an accuracy of 0.530. However,
RAG scales slightly better at 100k for GPT-5.2-
chat, achieving an accuracy of 0.750. This perfor-
mance discrepancy likely stems from the model’s
baseline judgment accuracy within the 32k to 64k
window; since DeepSeek-v3 has a lower accu-
racy than GPT-5.2-chat, dividing summaries into
smaller chunks increases the number of required
decisions, leading to a rapid accumulation of errors
from individual judgments. Conversely, GPT-5.2-
chat commits fewer baseline errors, allowing it to
maintain a performance lift when processing frag-
mented chunks.

To assess evaluation uncertainty, we perform
paired bootstrap significance testing with 95% con-
fidence intervals derived from stratified percentile
resampling (10,000 iterations; Table 5). Although
the Voting Ensemble (DSV4/GPT/C) reaches top-
tier nominal scores at 64k, paired tests show no sta-
tistically significant gain over DeepSeek-v4-Flash,
the top single model (ABAcc = 0.000, p = 1.000
at 64k; ABAcc = —0.010,p = 0.827 at 100k).
This suggests that collaborative decision-making
offers no distinct advantage over strong individual
models at extreme context lengths.
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5.2 Analysis and Case Study

Ablation Study on Dataset Construction Our
dataset is primarily constructed via two dis-
tinct strategies: Multi-Model Arbitration (MMA)
and Entity-Referenced Hallucination Generation
(ERHG). To thoroughly investigate the efficacy of
the negative samples generated by the ERHG strat-
egy, we evaluate three configurations: the base
models, the variants fine-tuned only on the MMA-
processed data, and the models trained on the com-
plete dataset integrating both strategies. As illus-
trated in Table 6, while the MMA strategy gener-
ally yields incremental improvements over the base
models, Modelg,; consistently achieves the high-
est Accuracy and MCC across all settings. This
substantial and consistent performance gap across
different dataset sizes firmly demonstrates that the
ERHG strategy is highly effective in synthesizing
high-quality, challenging hallucination data, ulti-
mately empowering the models with significantly
stronger robust alignment capabilities.

Why Hallucination Detection Fails in Long-
context Scale? By analyzing outputs of models
at the long-context scale, which are shown in Ap-
pendix I, we find several error patterns.

First, models may fail to comprehensively pro-
cess or may misread both the source text and its
corresponding summary, directly resulting in in-
correct detection results. Second, in some cases,
the model identifies a hallucination yet produces a
correction that is identical to the original sentence.
However, most of these cases are faithful and do
not need corrections. Third, a deficiency in rea-
soning capabilities prevents models from success-
fully mapping a series of specific actions or dia-
logues to a correct abstract generalization. Further-
more, repetitive output patterns sometimes cause
the model response to exceed length constraints,
leading to truncated and incomplete answers. Ad-
ditionally, some cases fail to complete the halluci-
nation detection, indicating a drop in instruction-
following performance. We also observe internal
logical contradictions where a model initially iden-
tifies a hallucination but ultimately concludes that
no such hallucination exists when giving the rea-
son for the judgment. Finally, models often fail
to recognize semantic equivalence, misidentify a
summary as a hallucination due to lexical changes
or omitted peripheral information, despite the core
summary remaining factually accurate.

6 Conclusion

We introduce LongNovel, a bilingual long-context
dataset for hallucination detection in novels, based
on human-annotated summaries. It comprises four
subsets ranging from 16k to 100k tokens. Our ex-
tensive experiments on LongNovel reveal that cur-
rent large language models still lack sufficient capa-
bility in long-context hallucination detection tasks.
We hope that LongNovel will provide useful in-
sights for future research in this field.

Limitations

Our study is limited to open-source models with
up to 32B parameters. Consequently, the general-
ization capabilities of large-scale models, such as
Llama-3.1-70B, have not yet been investigated. Fi-
nally, as LongNovel is a novel dataset, the applica-
bility of our findings to non-novel domains remains
to be further validated in future research.
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llama-factory: Plug & play sequence parallelism for
long post-training.

A LongNovel Dataset

The LongNovel benchmark is constructed from
publicly available literary works. We have manu-
ally reviewed the dataset to ensure it contains no
sensitive personally identifying information (PII)
of living individuals.

The dataset is compiled from publicly accessi-
ble web sources for non-commercial, academic re-
search purposes. The data is used strictly for train-
ing and evaluation, and no sensitive personal infor-
mation is involved.

We partition the Chinese subset of the dataset
into training, validation, and test sets. The de-
tailed composition and statistical distribution of
the dataset are presented in Table 7. The specific
book titles and their respective authors within this
Chinese corpus are summarized in Table 8. For
the English subset, the training, validation, and
test sets are partitioned in strict accordance with
the splits of the BookSum benchmark (Kryscinski
etal., 2022).

B Hallucination Type

To construct a comprehensive hallucination detec-
tion dataset, we categorize hallucinations observed
in novel summarization into eight distinct types
by referring to related research (Kryscinski et al.,
2020; Pagnoni et al., 2021; Orlovskiy et al., 2024;
Mishra et al., 2024; Chen et al., 2024a).

Entity Hallucination Entity Hallucination oc-
curs when a summary contains factual errors
regarding the entities mentioned in the source
text. This encompasses pronominal errors, subject-
object role reversals, and erroneous descriptions of
entities such as characters, organizations, or loca-
tions.

Numerical Hallucination Numerical Hallucina-
tion occurs when a summary introduces numeri-
cal data that is inconsistent with the source text.
This encompasses differences in quantities, ages,
or monetary values.

Relation Hallucination Relation Hallucination
occurs when a summary describes interpersonal re-
lationships that are inconsistent with the original
text. This encompasses misreporting established
relationships, such as familial or professional ties,

as well as fabricating non-existent relations that the
source material does not support.

Logical Inversion Logical Inversion occurs
when a summary conveys a meaning that is
logically opposite to the source text. This encom-
passes the conversion of affirmative statements
into negative ones and the conversion of negative
statements into affirmative ones.

Event Hallucination Event Hallucination oc-
curs when a summary describes an event that con-
tradicts the source text. This encompasses the re-
placement of core verbs, the alteration of event out-
comes, or the modification of action intensity and
manner.

Temporal Hallucination Temporal Hallucina-
tion occurs when the summary disrupts the chrono-
logical order of the narrative by inverting or scram-
bling the sequence of two or more events as they
occurred in the source text.

Causal Hallucination Causal Hallucination oc-
curs when a summary introduces causal relation-
ships that are inconsistent with or unsupported
by the source text. This encompasses false at-
tributions where unrelated events are logically
linked, causal reversals where cause and effect are
swapped, and reason substitutions where factual
outcomes are attributed to irrelevant origins.

Event Fabrication Event Fabrication occurs
when a summary introduces actions or states that
are unsupported by the source text. This encom-
passes characters’ actions not found in the original
text, the repetition of existing events, and the fabri-
cation of characters’ thoughts.

C Human annotation

C.1 Summary Annotation

We employ 16 annotators, all of whom are spe-
cializing in Chinese Language and Literature. Fol-
lowing the establishment of annotation rules, an-
notators conduct trial annotations. After review-
ing the trial results and providing specific feed-
back, we proceed to large-scale annotation, where
for each textual unit, one annotator drafts an ini-
tial summary that is subsequently revised by two
additional annotators to ensure accuracy and faith-
fulness to the source text. We ensure that all anno-
tators receive fair compensation and confirm that
the hourly rate is higher than the local legal mini-
mum wage. The payment calculation accounts for
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all active working hours, including both the trial
and main annotation phases.

C.2 Hallucination Annotation

The revision and annotation process was con-
ducted by two NLP researchers (one female, one
male). Following the NoCha framework (Karpin-
ska et al., 2024a), our methodology utilizes a mini-
mal pair approach, where each set consists of a hal-
lucinated summary and its non-hallucinated coun-
terpart. Under this framework, a score is awarded
only if both summaries within a single pair are
correctly identified. This criterion not only en-
sures high data quality but also allows annotators to
easily cross-verify the claims, effectively filtering
out ambiguous or overly subjective cases. Further-
more, no strict time constraints are imposed on the
annotators, allowing them sufficient time to thor-
oughly analyze each pair and further guaranteeing
the reliability of the annotations. After reading the
guidelines shown in Fig. 6, the annotators are re-
quired to identify the presence of hallucinations,
the specific hallucinated sentences, and provide
detailed explanations. For cases where disagree-
ments occur, the two annotators resolve the discrep-
ancies through discussion and revise the data ac-
cordingly to reach a final consensus.

We also analyze the inter-annotator agreement
(Cohen’s k) broken down by fine-grained halluci-
nation types. As shown in Table 9, the agreement
remains consistently high across various complex
categories (ranging from 0.820 for Temporal Hal-
lucination to 1.000 for Numerical, Relation, Event
Fabrication, and Causal Hallucinations). Note that
a single hallucinated summary may contain multi-
ple hallucination types; thus, category counts are
not mutually exclusive.

D RAG Framework

We design a Retrieval-Augmented Generation
(RAG) framework tailored for long-text align-
ment. Specifically, we partition the source docu-
ment D into N smaller blocks, denoted as D =
{Dy, D1, ...,Dn_1}, and the summary S into M
blocks, denoted as S = {So, S1,...,Sm-1}. We
employ the BGE-M3 model to project each sum-
mary block S; and document block D; into their
respective embedding vectors s; and d;. The co-
sine similarity between these embedding vectors is
calculated as:
S; - dl

Sim(s;, d;) = 2 S 2
m(s;, d) = 1o Tl @

Based on the similarity matrix, the process fol-
lows these steps:

1. Initialization: For the first summary block
So, the initial document anchor index is rou-
tinely set to ko = 0.

2. Dynamic Matching: For subsequent sum-
mary blocks S; (j = 1,..., M — 1), the se-
lection of the current anchor k; is rigidly con-
strained to maintain a chronological narrative
order (i.e., k; > k;j_1). We filter candidates
from the top-5 matches of \S; that satisfy this
condition. Preference is hierarchically given
to kj_1 + 1, followed by k;_1, and then the
minimum index among the remaining valid
right-side candidates. If no right-side candi-
dates exist, k; defaults to k;j_1.

3. Adaptive Window Construction: The bidi-
rectional expansion radius of the dynamic
context window is defined as Ry = [N /3] —
1. The window is constructed around k; and
aligned with the preceding boundary to en-
sure the right margin never regresses. Cru-
cially, the final window for S;_1 is forcefully
extended to cover the absolute last document
block D N—1-.

4. Two-Tier Review Mechanism: To prevent
false positives arising from missing context
due to localized retrieval windows, a two-tier
verification mechanism is introduced. Each
summary piece is first evaluated against its
dynamically constructed local context by a
Large Language Model for consistency scor-
ing (0-5 scale). If the local score drops to
< 2 (indicating significant hallucination), the
system immediately invokes a full-context re-
view by swapping the localized context with
the entire document D. If the full-context
score climbs above 2, the evaluation adopts
the revised score and resumes. Otherwise, if
the full-article score remains < 2, a hallucina-
tion is confirmed, and the evaluation for the
remaining summary blocks of the sample is
terminated early.

Our sliding-window RAG framework is imple-
mented with specific configurations to ensure pre-
cise alignment between the summary and the
source article. Specifically, we set the block size
to 3,500 characters for the source article and 75
characters for the summary segments. A summary

32491



is ultimately classified as non-hallucinated if and
only if every individual segment within it achieves
a consistency score greater than 2 within its respec-
tive retrieved window.

E Experimental Setup Details

E.1 Baseline Evaluation

We employ extrapolation strategies by configuring
vLLM initialization parameters. For the Qwen se-
ries and InternLM series, we configure the YaRN
interpolation method with a scaling factor of 4.0 to
enhance their long-context capabilities. For Llama-
3.1-8B-Instruct, we set the scaling factor to 8.0,
consistent with its original 8192 position embed-
dings. For the GLM-4-9B model, which supports
a 128K context window, we maintained its default
configurations.

E.2 Fine-tuning Experiment

We implement a full parameter fine-tuning inte-
grated with Sequence Parallelism by implement-
ing Ring-Attention (Liu et al., 2023a), using the
360-1lama-factory framework (Zou et al., 2025).
To optimize computational efficiency and mem-
ory usage, we employ Flash Attention 2 (Dao,
2024) and DeepSpeed ZeRO-3 Offload (Ren et al.,
2021) strategy. Regarding hyperparameter con-
figurations, a learning rate of Se-6 is applied us-
ing a cosine scheduler with zero warmup. All ex-
periments are conducted using a fixed seed of 42.
For fine-tuning on 16K sequences, we initially per-
formed a 100-step fine-tuning on 2K data before
proceeding to the full 16K fine-tuning. For evalua-
tions at 32K, 64K, and 100K scales, we conduct an
initial 100-step fine-tuning on 16k data before pro-
ceeding to the 32K scale. We set 2 epochs of train-
ing throughout each stage of the process, and select
the best-performing checkpoint on the validation
set as our final model. All experiments are con-
ducted on 8 NVIDIA H20 (96GB) GPUs. The fine-
tuning prompt is the same as the inference prompt,
which is detailed in the Appendix J.2.

F Full Results

As shown in Table 10 and Table 11, models ex-
hibit distinct biases during hallucination detec-
tion. Open-source models generally struggle with
detecting hallucinated instances. For example,
base models like InternLM2.5-20B, Minicheck-
7B, and GLM-4-9B-chat exhibit extremely limited

capabilities in detecting hallucinations across al-
most all context lengths. In contrast, commercial
models, such as Claude-4.5-Sonnet, DeepSeek-
v4-flash, and GPT-5.2-chat, demonstrate a much
stronger capability in successfully identifying hal-
lucinated labels.

Regarding prompt positioning, the placement of
the target summary significantly impacts evalua-
tion efficacy. When the target summary is posi-
tioned at the beginning (Prompt-B), models fail to
effectively integrate the summary with the exten-
sive long-article context, leading to a noticeable
decline in detection accuracy across most open-
source and commercial architectures. Conversely,
placing the target summary at the end enables su-
perior and more stable performance across models.

As illustrated in Fig. 3, there is a contrast in
detection difficulty across different hallucination
types. Event Hallucinations and Numerical Hal-
lucinations stand out as the most detectable cate-
gories; for instance, Claude-4.5-Sonnet achieves
its highest recall of 78.71% in Event Hallucina-
tion, while GPT-5.2-chat reaches a peak recall
of 82.81% in Numerical Hallucination. In con-
trast, Temporal Hallucinations and Causal Hallu-
cinations tend to be the most difficult to detect,
representing a significant challenge for all tested
models. Many models, such as InternLM2.5-7B
and Minicheck-7B, show recall rates of 0.00% for
both types, and even GPT-5.2-chat struggles signif-
icantly with a recall of only 36.25% in the temporal
category. These results indicate that while models
are proficient at flagging isolated errors in numer-
ical data or basic factual attributes, identifying in-
stances where the content exists but its chronolog-
ical order or causal relationships have been subtly
altered remains significantly more challenging for
current LLMs.

To calculate these recall rates, the model’s rea-
soning paths are analyzed to verify whether it cor-
rectly identifies the same issue described in the
ground truth. If the model and the ground truth
point to the same factual error or event, that hallu-
cination type is marked as a hit. It is important to
note that a single data point can contain multiple
types of hallucinations at once. This explains why
some models have high overall detection accuracy
but lower type-specific recall. A model might get a
correct detection score by finding just one error in
the data, whereas another model might be better at
identifying all the different types of hallucinations
present in that same data, leading to a higher recall
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for those categories.

G Ablation Study for RAG

To optimize the RAG performance, we conduct
experiments comparing different target summary
chunk sizes, as illustrated in Fig. 4. Rather than
strictly adhering to a rigid character limit, our
chunking mechanism dynamically preserves com-
plete sentence boundaries; if a succeeding sen-
tence begins with a pronoun, it is automatically
merged into the current chunk to preserve contex-
tual continuity. The experimental results reveal
distinct behavioral patterns across models. For
DeepSeek-v3, accuracy consistently scales up as
the chunk size increases from 50 to 150. This is pri-
marily because smaller chunks multiply the num-
ber of segments and model calls, causing individ-
ual judgment biases to accumulate heavily under
our conjunctive rule. Conversely, GPT-5.2-chat
exhibits a concave performance curve, peaking at
75 in the 64k context and 100 in the 100k con-
text. Benefiting from a higher baseline judgment
accuracy, GPT-5.2-chat is less vulnerable to error
accumulation in smaller chunks. However, when
the chunk size expands, it aggregates multiple dis-
parate factual claims into a single block, which
dilutes the localized focus of the RAG windows
and the strategic benefits of segmentation are ulti-
mately outweighed by the accumulation of errors,
leading to a decline in performance.

Furthermore, evaluating paired summary-article
blocks through our sliding-window framework
yields a significant reduction in token expendi-
ture compared to conducting hallucination detec-
tion over the entire article, as illustrated in Fig. 5.
Based on the Qwen3 tokenizer, our RAG strategy
successfully curtails the average input token count
per evaluation call—limiting it to approximately
36k—38k tokens for the 64k setting and around 59k
tokens for the 100k setting. By eliminating the
massive overhead of re-processing the full article
for every sub-step verification, this approach dra-
matically optimizes token consumption while en-
suring sufficient logical continuity for precise fac-
tual alignment.
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Figure 3: Recall performance of various LLMs across different hallucination types. The hallucination types are

abbreviated as follows: Evt: Event Hallucination, Ent: Entity Hallucination, Rel: Relation Hallucination, Num:

Numerical Hallucination, Tmp: Temporal Hallucination, Cau: Causal Hallucination, Log: Logical Inversion, and
Fab: Event Fabrication.
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Subset Total ZH EN Original ERHG MMA Hallu. Non-H.
Train_16k 2884 1230 1654 814 963 1107 1454 1430
Train_32k 2470 1091 1379 734 937 799 1292 1178
Valid_16k 200 100 100 60 40 100 100 100
Valid_32k 200 100 100 60 40 100 100 100
Test_16k 200 100 100 64 48 88 100 100
Test_32k 200 100 100 69 61 70 100 100
Test_64k 100 50 50 41 27 32 50 50
Test_100k 100 54 46 38 20 42 50 50

Table 7: Statistical distribution and composition of the LongNovel dataset across various subsets. ZH and EN
denote Chinese and English data; Original denotes concatenated and compressed human-written summaries; ERHG
denotes Entity-Referenced Hallucination Generation; MMA denotes Multi-Model Arbitration; Hallu. and Non-H.
represent the counts of hallucinated and non-hallucinated samples

Split Book Title Author
Bright Eyes in the Dark Er Dong Tu Zi
Destined Mo Shu Bai
Misty Rain Tower Yixi Yanyu

The Gentlemen of the City
‘We Love Each Other So Much (Chinese edition)

Jin Shisichai
Marcela Serrano

Little Confucian Immortal Seeking the Unknown  Youziyin
Turing’s Code Feitian Yexiang
Training Set Folding Beijing Hao Jingfang
I’'m Waiting for You in the Memory Xin Yiwu
Bu Yi Jian Feng Diuzi
The Chronicle of Qingxi: Volume 1 Hong Zhuxia
The Chronicle of Qingxi: Volume 2 Hong Zhuxia
The Chronicle of Qingxi: Volume 3 Hong Zhuxia
The Space-Time Painter Hai Ya
Once Gone Qingshan Huangzhong
Yuhong Ban Yu
Validation Set Let Me Look at You Xin Yiwu
I’'m Waiting for You in the Memory Xin Yiwu
My Garden Teng Ping
Bad Kids Zijin Chen
Exclusive Possession Ding Mo
Blood is Burning Bainian Ruge
Everyone is a Protagonist Except Me Cong Wen
Test Set The System Granted Me Longevity Zi Ling Feng Xue
Mysterious Lotus Casebook Teng Ping
Cicadas Sing the Setting Sun West Yu Luo Zhu Leng
Ge Lu Ming: Volume 1 Qin Huai
Ge Lu Ming: Volume 2 Qin Huai
The Creatures That We Are Peng Pai

Table 8: Detailed composition of the Chinese subset in the LongNovel dataset, listing the book titles and authors
across the training, validation, and test splits.
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Table 9: Breakdown of Cohen’s x by hallucination type during human validation. Note that category counts are
not mutually exclusive.

Hallucination Type Count Cohen’s
Entity Hallucination 44 0.954
Numerical Hallucination 22 1.000
Relation Hallucination 14 1.000
Event Hallucination 48 0914
Event Fabrication 37 1.000
Causal Hallucination 23 1.000
Logical Inversion 16 0.875
Temporal Hallucination 34 0.820
1100- —eo— DeepSeek-V3 (64k) 60000 - —— —l
—=— DeepSeek-V3 (100k) [
GPT (64k)
1000- —=— GPT (100k) "
“ 5 55000 -
T X
O 900- ﬁ 500001 —e— DeepSeek-V3 (64k)
g - —=— DeepSeek-V3 (100k)
] 2 GPT (64k)
3 800- c —=— GPT (100k)
o = 45000-
o
8 700 Z
40000-
600 -
‘ . ‘ . 35000~ : : :
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Figure 5: Comparison of model calls and input token consumptions on RAG performance of Deepseek-v3 and
GPT-5.
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S(16k) M(32k)

Model
Non-H Hallu BAcc. MCC. Non-H Hallu BAcc. MCC.
Open-Source Models
InternLM2.5-20B 1.000 0.090 0.545 0.217 0.960 0.050 0.505 0.024
—CoT 1.000 0.110 0.555 0.241 0.960 0.080 0.520 0.084
—Prompt-B 0.790 0.380 0.585 0.186 0.950 0.030 0.490 -0.051
Minicheck-7B 0.980 0.020 0.500 0.000 0.773 0.010 0.392 -0.335
GLM-4-9B-chat 0.860 0.150 0.505 0.014 0.900 0.120 0.510 0.059
—CoT 0.800 0.240 0.520 0.048 0.750 0.140 0.445 -0.139
—Prompt-B 0.510 0.310 0.410 -0.184 0.500 0.430 0.465 -0.070
Llama3.1-8B-instruct 0.410 0.640 0.525 0.052 0.103 0.050 0.077 -0.837
—CoT 0.447 0.390 0.418 -0.164 0.060 0.023 0.042 -0.917
—Prompt-B 0.840 0.180 0.510 0.027 0.060 0.040 0.050 -0.900
—SFT 0.970 0.460 0.715 0.508 0.980 0.103 0.542 0.173
Qwen3-8B 0.973 0.163 0.568 0.233 0.803 0.413 0.608 0.237
—CoT 0.950 0.123 0.537 0.131 0.677 0.460 0.568 0.140
—Prompt-B 0.970 0.120 0.545 0.171 0.670 0.420 0.545 0.093
—SFT 0.973 0.573 0.773 0.596 0.910 0.630 0.770 0.563
Qwen3-14B 0.980 0.197 0.588 0.285 0.817 0.380 0.598 0.219
—CoT 1.000 0.190 0.595 0.324 0.830 0.317 0.573 0.171
—Prompt-B 0.950 0.170 0.560 0.192 0.680 0.390 0.535 0.073
Qwen3-32B 0.983 0.197 0.590 0.292 0.850 0.300 0.575 0.180
—CoT 0.980 0.210 0.595 0.298 0.823 0.330 0.577 0.176
—Prompt-B 0.850 0.290 0.570 0.169 0.870 0.330 0.600 0.238
—SFT 0.950 0.600 0.775 0.587 0.960 0.630 0.795 0.625
Commercial Models
Claude-4.5-Sonnet 0.760 0.750 0.755 0.510 0.610 0.720 0.665 0.332
—CoT 0.720 0.840 0.780 0.564 0.640 0.790 0.715 0.435
—Prompt-B 0.430 0.750 0.590 0.190 0.440 0.660 0.590 0.190
DeepSeek-v3 0.930 0.580 0.755 0.544 0.950 0.520 0.735 0.521
—CoT 0.930 0.540 0.735 0.510 0.930 0.440 0.685 0.424
—Prompt-B 0.910 0.480 0.695 0.432 0.940 0.230 0.585 0.241
DeepSeek-r1 0.960 0.590 0.775 0.592 0.930 0.540 0.735 0.510
—CoT 0.860 0.560 0.710 0.440 0.960 0.400 0.680 0.435
—Prompt-B 0.920 0.500 0.710 0.463 0.930 0.250 0.590 0.245
DeepSeek-v4-flash 0.840 0.730 0.785 0.573 0.750 0.870 0.810 0.625
GPT-5.2-chat 0.800 0.770 0.785 0.570 0.800 0.740 0.770 0.541
—CoT 0.840 0.710 0.775 0.555 0.770 0.760 0.765 0.530
—Prompt-B 0.910 0.660 0.785 0.589 0.800 0.700 0.750 0.503

Voting Ensemble (DSV3/DSR/C) 0.940 0.630 0.785 0.600 0.940 0.550 0.745 0.532
Voting Ensemble (DSV4/GPT/C) 0.840 0.800 0.820 0.641 0.800 0.830 0.815 0.630

Table 10: Detailed performance statistics in 16k, 32k scales. Prompt-B indicates that the target summary is po-
sitioned at the Beginning, while the default setup uses Prompt-E, which positions the target summary at the End.
Voting Ensembles are abbreviation-coded as follows: (DSV3/DSR/C) denotes DeepSeek-v3, DeepSeek-rl, and
Claude-sonnet-4-5-20250929-v1; (DSV4/GPT/C) denotes DeepSeek-v4-flash, GPT-5.2-chat, and Claude-sonnet-
4-5-20250929-v1.
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L (64k) XL (100k)

Model

Non-hallu Hallu BAcc. MCC. Non-hallu Hallu BAcc. MCC.
Open-Source Models
InternLM2.5-20B 0.880 0.020 0.450 -0.196 0.960 0.000 0.480 -0.143
—CoT 0.960 0.040 0.500 0.000 0.980 0.000 0.490 -0.101
—Prompt-B 0.920 0.040 0.480 -0.084 0.780 0.080 0.430 -0.196
Minicheck-7B 0.820 0.020 0.420 -0.266 0.620 0.000 0.310 -0.484
GLM-4-9B-chat 1.000 0.000 0.500 0.000 1.000 0.000 0.500 0.000
—CoT 0.853 0.087 0.470 -0.094 0.980 0.040 0.510 0.059
—Prompt-B 0.500 0.300 0.400 -0.204 0.660 0.260 0.460 -0.087
Llama3.1-8B-instruct 0.000 0.000 0.000 -1.000 0.000 0.000 0.000 -1.000
—CoT 0.000 0.000 0.000 -1.000 0.000 0.000 0.000 -1.000
—Prompt-B 0.000 0.000 0.000 -1.000 0.000 0.000 0.000 -1.000
—SFT 0.260 0.160 0.210 -0.583 0.433 0.187 0.310 -0.583
Qwen3-8B 0.760 0.307 0.533 0.075 0.780 0.180 0.480 -0.050
—CoT 0.880 0.273 0.577 0.192 0.700 0.200 0.450 -0.115
—Prompt-B 0.840 0.380 0.610 0.248 0.680 0.500 0.590 0.183
—SFT 0.980 0.620 0.800 0.643 0.980 0.540 0.760 0.579
Qwen3-14B 0.773 0.320 0.547 0.105 0.700 0.333 0.517 0.036
—CoT 0.840 0.300 0.570 0.167 0.740 0.327 0.533 0.073
—Prompt-B 0.700 0.420 0.560 0.125 0.660 0.460 0.560 0.122
Qwen3-32B 0.920 0.273 0.597 0.253 0.840 0.320 0.580 0.187
—CoT 0.913 0.247 0.580 0.215 0.800 0.360 0.580 0.178
—Prompt-B 0.800 0.320 0.560 0.137 0.840 0.260 0.550 0.123
—SFT 0.960 0.540 0.750 0.551 0.940 0.500 0.720 0.490
Commercial Models

Claude-4.5-Sonnet 0.620 0.740 0.680 0.363 0.660 0.680 0.670 0.340
—CoT 0.640 0.700 0.670 0.341 0.700 0.800 0.750 0.503
—Prompt-B 0.240 0.560 0.400 -0.211 0.440 0.520 0.480 -0.040
DeepSeek-v3 0.980 0.380 0.680 0.450 0.980 0.360 0.670 0.433
—CoT 0.940 0.300 0.620 0.312 0.920 0.300 0.610 0.280
—Prompt-B 0.880 0.340 0.610 0.261 0.860 0.400 0.630 0.293
—RAG 0.160 0.860 0.510 0.068 0.080 0.920 0.500 -0.014
DeepSeek-r1 0.980 0.300 0.640 0.382 0.980 0.380 0.680 0.450
—CoT 0.980 0.240 0.610 0.327 0.980 0.360 0.670 0.433
—Prompt-B 0.880 0.260 0.570 0.178 0.860 0.300 0.580 0.193
DeepSeek-v4-flash 0.820 0.840 0.830 0.660 0.840 0.820 0.830 0.660
GPT-5.2-chat 0.820 0.800 0.810 0.620 0.700 0.780 0.740 0.482
—CoT 0.760 0.800 0.780 0.560 0.700 0.800 0.750 0.503
—Prompt-B 0.860 0.700 0.780 0.567 0.760 0.660 0.710 0.422
—RAG 0.800 0.860 0.830 0.661 0.680 0.820 0.750 0.500
Voting Ensemble (DSV3/DSR/C) 0.980 0.380 0.680 0.450 0.980 0.380 0.680 0.450
Voting Ensemble (DSV4/GPT/C) 0.820 0.840 0.830 0.660 0.800 0.840 0.820 0.641

Table 11: Detailed performance statistics in 64k, 100k scales. Prompt-B indicates that the target summary is
positioned at the Beginning, while the default setup uses Prompt-E, which positions the target summary at the End.
Voting Ensembles are abbreviation-coded as follows: (DSV3/DSR/C) denotes DeepSeek-v3, DeepSeek-rl, and
Claude-sonnet-4-5-20250929-v1; (DSV4/GPT/C) denotes DeepSeek-v4-flash, GPT-5.2-chat, and Claude-sonnet-
4-5-20250929-v1.
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H Hallucination Taxonomy and Case Examples

To assist readers in understanding our benchmark, this section provides concrete examples for both cross-
chapter hallucination verification and the hallucination categories defined in LONGNOVEL.
H.1 Cross-Chapter Consistency Case Study

Hallucinations are generated from long contexts spanning multiple chapters, requiring models to track
context across large distances rather than relying on local sentence-level matching.

(Case Study: Cross-Chapter Hallucination Verification )

Article:

“I no longer wish to be a Red Dust Immortal.” I knelt before my master’ s grave, and another three thousand years passed.
I heard a tremendous sound between heaven and earth and knew it was time to descend the mountain. I returned to the
place where I had once met the old monk, and there I encountered a young monk......

... (across multiple chapters) ...

Su Qin lay on the bed and opened his eyes. “I’m not dead?” he asked in disbelief, gently raising his right arm and turning
it before his eyes. He remembered getting drunk at a nightclub and staggering back to his hotel......

Hallucinated Summary:

Su Qin gradually realizes that he may be the only Red Dust Immortal in the world. Eventually, Su Qin kneels before
his master’s grave for three thousand years, comes to understand his true identity, and decides to give up the pursuit of
immortality and return to the mortal world.

Analysis:

This example requires cross-chapter verification because the hallucinated summary incorrectly attributes the first-person
narrator’s experiences, including kneeling before his master’s grave for three thousand years, to Su Qin, who is introduced
only in a later chapter. Detecting this error requires tracking narrative identity across distant chapters rather than verifying
a locally stated fact.

H.2 Fine-Grained Hallucination Categories Case Studies

Below, we present concrete examples illustrating distinct fine-grained hallucination categories found in
summary outputs.
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(Case 1: Entity Hallucination and Logical Inversion

Original Text:

Mrs. John Dashwood did not at all approve of what her husband intended to do for his sisters. To take three thousand
pounds from the fortune of their dear little boy would be impoverishing him to the most dreadful degree. ...... “Well, then,
let something be done for them; but that something need not be three thousand pounds,” she added. ...... “Five hundred
pounds would be a prodigious increase to their fortunes.” ...... “Indeed, to say the truth, I am convinced within myself
that your father had no idea of your giving them any money at all.”

This circumstance was a growing attachment between her eldest girl and the brother of Mrs. John Dashwood, a
gentleman-like and pleasing young man. ...... Edward Ferrars was the eldest son of a man who had died very rich. ...... He
loved her daughter, and Elinor returned the partiality.

Faithful Summary:

Though John promised to care for them, his wife Fanny persuaded him to give them nothing. While remaining temporarily
at Norland, Elinor attached herself to Fanny’s brother, Edward Ferrars. Fanny disapproved, desiring a wealthy match for
him.

Hallucinated Summary:

Though John promised to care for them, his wife Fanny persuaded him to provide for them generously. While remaining
temporarily at Norland, Elinor attached herself to Fanny’s brother, Robert Ferrars. Fanny disapproved, desiring a wealthy
match for him.

Analysis:

The hallucinated summary contains two distinct errors. First, it reverses the logical meaning by claiming that Fanny
persuaded John to provide generously, whereas the source explicitly states that she continuously discouraged him from
giving them money (Logical Inversion). Second, it replaces Edward Ferrars with Robert Ferrars, introducing an incorrect
entity (Entity Hallucination).

rCase 2: Numerical Hallucination

Original Text:

The Jiangnan Examination Hall was first established in the fourth year of the Qiandao era of the Song dynasty,
corresponding to the eighth year of the Common Era, and was then known as the Jiankang Prefecture Examination Hall.
In the early Ming dynasty, it was simply called the “Examination Hall” and served as a venue for both provincial
and metropolitan examinations. ...... Until the abolition of the imperial examination system in the late Qing dynasty,
the Nanjing Examination Hall remained the largest of its kind in the world. At its peak, it covered more than three
hundred thousand square meters, contained over twenty thousand examination cells, and accommodated more than
twenty thousand six hundred candidates. ...... The Mingyuan Tower in the Jiangnan Examination Hall was built in the
thirteenth year of the Jiajing era of the Ming dynasty and has been preserved for nearly five hundred years. It remains the
oldest surviving examination-hall structure in China.

Faithful Summary:
The Jiangnan Examination Hall was the largest imperial examination venue in China at the time, and during the Ming and
Qing dynasties, large numbers of successful examination candidates emerged from it.

Hallucinated Summary:

The examination hall was a venue for imperial examinations held in the capital and provincial capitals. Its Mingyuan
Tower is the oldest surviving examination-hall structure in China, and at its largest scale, the examination hall could
accommodate more than 26000 candidates.

Analysis:

The source explicitly states that the examination hall accommodated more than twenty thousand six hundred candi-
dates (> 20,600), whereas the hallucinated summary distorts this numerical detail to more than 26,000 (Numerical
Hallucination).

J
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(Case 3: Event Hallucination

Original Text:

“Dead! dead! dead!” Under the influence of any strongly disturbing force, Clare would occasionally walk in his sleep.
...... The spot was lonely, the river deep and wide enough to make such a purpose easy of accomplishment. He might
drown her if he would; it would be better than parting tomorrow to lead severed lives. ...... If they could both fall together
into the current now, their arms would be so tightly clasped together that they could not be saved. [...]

Faithful Summary:

Tess cannot determine Angel’s ultimate intention, but finally realizes that he is dreaming about the Sunday when he carried
her across the water with the other milkmaids. He carries her near the river, and she believes he may drown her. He walks
through the shallow areas of the river carrying her, but they reach the other side in safety. Angel carries her to the empty
stone coffin of an abbot, where he lays Tess and then falls asleep. Tess sits up in the coffin but does not awaken Angel, out
of fear that he may die if awakened while sleepwalking.

Hallucinated Summary:

On the night before their departure, Clare sleepwalks, carrying Tess to the river, where he nearly drowns her before she
awakens him. The next morning, they part in silence, each carrying the weight of their sorrow. Tess returns to her family,
who are shocked and disappointed by her return without her husband.

Analysis:

In the source, Clare safely carries Tess across the river without nearly drowning her. Furthermore, the summary fabricated
the event that she awakens him, whereas the original text explicitly highlights that Tess deliberately refrains from waking
him out of fear (Event Hallucination).
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I Case Studies on Detection Failures

I.1 Failure in Comprehensively Understanding

This case demonstrates that the model failed to comprehensively understand the text. Although the ar-
ticle explicitly states that the Emperor led 40,000 troops to suppress the rebellion in Le’an, while the
70,000 troops were sent to Cochin, the model fails to cross-reference these distinct numbers, leading to
an incorrect judgment.

(Case on Deepseek-v4 with 16k Dataset )

Article: ...... RIEEMLE N, \CAMRE FEE, FIEAW R, ISR IR, A E T,
AR B, AP, e TRk Kl “Hidn XAEE. AT BCoh KR, BT \n Bk
WEREE: “ L ?HEMNRER?Y XERABLHEEET. \n REESELL: “&. Ad0FARIILESH K
T, XERIESIPAAE R\ FEIE . \\n BRPHSR: “REEEEET?2W T 205D \n RIEAN O
A CbUT I TIEE : T IXON-EARFT R, BAEAETW ERAR I O B, BREEE M \n BT AH
1 H, EMEEFREREREREM, HINARE TR, BOVSHK TP, FAEENE, ZTEIMNE, 1l
BEERHEE ., T NS, B LR B — BTN R RE WA TN E 8], WoRa LA,
AAETER . \Wn =S, KREETHHMED I T IR, =0 B4R T IR . SKAmE: <pET!
RHEHERZG W EEHOETH, SASCKB TREY BRthil: “WEME B R, WA —2d
U, e T E Rt XPHEA AN\n DTCER IR, BB S-S HENDT, BT 7.7 \n RIEE
ETE: “MEeRE WE  TENEREXARNA T R E R IR SLEM M “REIITE,
IR S5 B R “MI” #h—h D, 458\ {817, \n KT SR E—IR, IR DR E. 8%, AMH2IR4 B
fF20n BT H B, T RERIGRZINT . ESRVINREBRBNRG, RIEEGHTKEZHERELE, B
B —FIRE AT R LT Z BT HVE R —a TP\ 4, FRE—FHET, BREFFFmE, ST &%
M. W JRIF—Z1, DU REWEIFEHE . WEREHER T R, S5 CHE [y s |
Fl—felcd s . ARIERE RH T LRI [ PR . ...

Summary: ...... IRNER YL AR SR LT3, BRBES SRBEA TR, AW AR ZEEEFEE. REREREL)T, P
BRI, WERE IR, ..

\Deepseek—v4: \’score\”: 5\n \’reason\”: \” fHEWEMRIA IR T IR SO F ST, AEMLI0. 7

J
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(English Version: Case on Deepseek-v4 with 16k Dataset B

Article: ...... Zhu Zhanji leaned over to look, \"The war has lasted for years, with corpses filling the banks of the Red River
and blood overflowing the caves of Lam Son. Why not end this mess, for the peace of the people and the survival of Jiaozhi,
to lay the foundation for eternal peace and devote all our efforts to the future.” He smiled and said: That is exactly\n the
meaning. Changing 'Jiaozhi’ to ’Annam’ would be even better.”\n Zhuxuan was overjoyed: *’Annam’? Really? You are
willing?” This meant agreeing to the restoration of Annam.\n Zhu Zhanji nodded with a smile: ”Yes. However, Liu Sheng
already set off the day before yesterday. I will have the Ministry of War hand this letter to the Conquering Barbarians
General\n Wang Tong.”\"\n Zhuxuan was stunned: “The Marquis of Anyuan has already left? How many troops did he
take?’\n Zhu Zhanji sighed: »70,000.” He paused and said: \”After fighting for these six or seven years, the court has
exhausted countless military rations and wealth,\n and Xia Yuanji has been complaining bitterly.”\n ...... On August 20 of
the first year of Xuande, Emperor Zhu Zhanji personally led the army to Le’an, Shandong to suppress the rebellion. As
usual, the Jinyiwei clustered in the center, surrounded by the Five Armies Battalion in the inner circle, the Three Thousand
Battalion in the outer circle, with the Shenji Battalion interspersed among them. The 40,000 troops marched majestically,
heading straight for\n Shandong. Rong Dong and Rong Xia, the two commanders the emperor usually kept close, were
nowhere to be seen. Yang Rong found it a bit strange but held back his questions.\n Speed is crucial in war. The great army
rushed for two days, passing through Hebei into Shandong, and arrived at Dezhou, Shandong on the morning of the third
day. Zhang Fu asked: ~’Your Majesty! Are we heading straight for Le’an? The Prince of Han issued his call to arms nearly
ten days ago; could he have already left Le’an?” Yang Rong also said: "If the Prince of Han leaves Le’an, there are two
possibilities: one is to occupy Jinan, the other is to head straight for Nanjing. Both places have quite a\n few of the Prince
of Han’s former subordinates. If he seizes the territory to confront the court, it will be quite troublesome.”\n Zhu Zhanji
smiled: “Minister Yang said ’if’, unfortunately the Prince of Han lacks such high capabilities. I predict he is definitely still
where he was.” Saying this, he ordered: “The army will march double-time, we must reach Le’an by tomorrow night!”
With a “crack,” he whipped his horse and took the lead\n to move out.\n Zhang Fu and Yang Rong glanced at each other,
and quickly spurred their horses to follow. Why was the emperor so confident?\n At the Yin hour of the fifth day, the 40,000
strong army arrived at the gates of Le’an. It was the darkest time just before dawn. Zhu Zhanji ordered Zhang Fu to set up
camp for the army, conspicuously pitching a line-shaped camp right in front of the city gates of Le’an. The one hundred
firearms of the Shenji Battalion\n were also lined up, with their barrels raised in unison, aiming straight at the Le’an city
tower.\n ...... At a quarter past the Chen hour, the 40,000 strong army withdrew to their camp to rest. The rebellion that
Zhu Gaoxu, the Prince of Han, had planned for twenty years, mimicking his father’s\n "Jingnan” campaign, ended like a
farce. Zhu Zhanji succeeded in putting down the rebellion in just a few days. ......

Summary: ...... Zhu Zhanji decided to personally lead an expedition to Le’an to suppress the rebellion. Zhuxuan’s request
to accompany him was denied, but the two discussed the restoration of Annam. Zhu Zhanji dispatched 70,000 troops,
successfully suppressed the rebellion, and Zhu Gaoxu, the Prince of Han, surrendered. ......

Deepseek-v4: \”score\”: 5,\n \’reason\”: \"The summary accurately reproduces the main plot of the original text, without
any hallucinations.\”

J
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1.2 Hallucination Correction for Faithful Sentences

This case is a non-hallucination example. However, the model erroneously identifies multiple faithful
sentences as hallucinations. The reasoning demonstrates a severe logical flaw, where the model claims to
correct these sentences, yet the corrected content it provides is literally identical to the original text.

(Case on GLM with 16k Dataset

Summary: ...... A man approaches Tess at Flintcomb-Ash while her companions watch. They fail to recognize him as
Alec, for he has abandoned his parson persona and shaved his beard, appearing again as a dandy. He tells Tess he has
quit preaching and demands she stop working there. Mocking her absent husband as a mythological personage, he insists
she leave him. Tess strikes Alec with her glove, drawing blood. He threatens that he will be her master again.\n\nAlec
continues visiting, offering to assist her family if she shows confidence in him. Tess refuses his help. Desperate, she writes
to Angel, pleading for his return and offering to live as his servant. The Clares receive this letter to forward, lamenting
Angel’ s marriage and blaming themselves. Meanwhile, Angel, aged by his absence, begins reconsidering his rejection of
Tess, recalling Izz Huett’ s praise of her love.\n\nLiza-Lu brings news that both parents are ill. Tess returns to Marlott to
find a neighbor caring for her mother. Her father, John, foolishly plans to ask antiquarians to fund his life as a historical
relic. Alec tracks Tess down, mocking her hope for Angel’ s return. He insists on helping her despite her protests. Upon
returning home, Tess discovers her father has died.......

GLM: \’reason\”: \”Event Hallucination, . changing ’striking Alec with her glove’ to ’striking Alec with her glove’;
Event Hallucination, changing 'threatening to be her master again’ to 'threatening that he will be her master again’; Event
Hallucination, changing ’offering to assist her family’ to ’insisting on helping her’; Event Hallucination, changing *writing
to Angel’ to 'writing to Angel, pleading for his return and offering to live as his servant’; Event Hallucination, changing
‘receiving the letter’ to 'receiving this letter to forward’; Event Hallucination, changing ’insisting on helping her despite
her protests’ to ’insisting on helping her despite her protests’; Event Hallucination, changing ’discovering her father has
died’ to ’discovering her father has died’,\”,\n \”score\”: 1,\n \’hallucination_types\”: [\"Entity Hallucination\”’]
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I.3 Limitations in Logical Reasoning

These cases show that the model fails to reason properly, leading to both false negatives and false positives
in hallucination detection. In the first case, the model overlooks entity-attribute bindings and fails to detect
that a character’s talent is wrongly attributed to another. In the second case, the model falsely claims a
hallucination exists by contradicting explicit textual facts regarding the characters’ backgrounds, leading
to an incorrect judgment.

(Case on Qwen3-32B with 64k Dataset )

Article: ...... CERNBRBRE. \n KARWEGZRWE K, RGREE UrypERY” e ran e, wmax

ARIK. W OD7yER]Y, JPoe 81, BIE. \n EAT DR Y &, BB 5 X 4 m 5 FiEs

1o \n PRI IR R A B RS SR S, B BT \n i BRI IR e, Sk \n Sl HUE F|

T, MEOLERAMEER, XBIRKERT, FHSATRX 25, \n ZFRAEEE: “HERIXHE,

BREE AT ARE L0 T o7 \n S BHEE ks P2 BRIEAGLE. \n FERAME: “XWE, ABTALER

PRIE—F% . WEREERI N AEIRE], BREERIE R IAA R \Wn S HESEN : “KIERMA?” \n “LEIKERHR

N7 \n ZERANMESABEA R R E—FRATG TAERER, I UREERW%, M iR 28

MALR, X TERBETER . ETRETREMM 2, BRIIASTH, WBESRAITE.” \n S &k <k

AT \n ...

Summary: = A DyPEma] R, v DA ) a8 2 & AN SE. ...

Qwen3-32B: \’score\”: 5,\n \"reason\": \” S EHE, TARMLIWEN”

Ground Truth: “reason™ ” SLRZ 58 : HEFR “H A Dryw@ERY MR, B SCHHZRRE T Bt
GIE.%]BEI; FERRE A% D RE TR R IE IR R PH, TR T R4 R . 7, “score™: 2, type”: [ SLAAL) 5]

J

(English Version: Case on Qwen3-32B with 64k Dataset )

Article: ...... ”Mrs. Li looked at Chen Ying.\n 'Finding things happens to be my specialty. My talent is [Psychometry].’
Gao Yang thought back carefully; indeed, there was such a talent.\n [Psychometry], serial number 81, Support type.\n Its
master can see what happened to an object in the past by touching it.\n Chen Ying returned the photo to Gao Yang: ’But I
must touch the actual object; photos are useless.”\n Gao Yang took back the photo and nodded.\n He had actually guessed
as much. If she could commune with spirits just by looking at a photo, this ability would be too overpowered, and its serial
number wouldn’t be so far back.\n Mrs. Li chimed in: ’As long as we find this car, Chen Ying can help.’\n Gao Yang looked
up:\n What does this mean? It seems there’s more to follow.\n Mrs. Li smiled: *The Baichuan Group can try to help you
find this car. If it can be found in a short time, Chen Ying’s psychometry will still be effective.”\n Gao Yang asked directly:
’What are the conditions?’\n *Captain Seven Shadows is a straightforward person.’\n Mrs. Li’s tone was unhurried: 'Let
me first define the scope of our work. Helping you find this car, and then having Chen Ying help you find clues about that
person through the car—that will be considered our job done. As for what you do next, we won’t interfere, nor are we
interested in knowing.’\n Gao Yang nodded: *That couldn’t be better.’\n ......

Summary: Gao Yang possesses the [Psychometry] talent, and can see past events by touching objects. .......

Qwen3-32B: \’score\”: 5,\n \"reason\”: \"Perfectly matches, without any hallucination.\”

Ground Truth: “reason”: “Entity Hallucination: The summary claims that ’Gao Yang possesses the [Communion with All
Things] talent”, but the original text clearly states that this talent belongs to Chen Ying, not Gao Yang; incorrectly assigning

ELET)

Chen Ying’s core ability to Gao Yang constitutes a critical setting error.”, ”score”: 2, "type”: [Entity Hallucination”]”

J
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(Case on Internl.M2.5-20B-chat with 32k Dataset

Article: ...... WZGEHRIR, TR A N e R 2 AR (PR, AL A TR, AR KRR A
e \nfy)E, = AAL—ERE, REAHAT AR AL, M B RN HE AL, R ST
TREMEE. KM E SRR, AEWEZR. \n BT, RO 2ZZEMIULEEHHR? 7 W “X
AR, THWETIRES, &, IBERMAKRRT, FEFATFET.” n “BAKT?” \n “CHEHWAZ—HIE
Wi, PARTBER RN ERTE, WA REWE T, ERATY B E ORI I —FE . AHEBRTEERIR T, #
R THAERBEK......

Summary: KEHHAI, THAE IR, S 5ERFRH AL, TR A LBk ok,
F R BRI L o ...

InternL.M2.5-20B-chat: \’score\”: 2,\n \"reason\": \” SZAZ] 45 A T30 HHA ML Z T, 1R g
R TR AR, HFHEIULBER %+ \”.\n \"hallucination_types\”: [\n” \” SZ{R L] 55\ "\n ]

Ground Truth: “reason”: ” 4§ %5 B —BOMA S5 TS CAE Y, A =4 INEMEEUR . DAE B MBS, X
VEIFRIA ™ R S RARTHO S, fE iR 835558 5 AR “HHUE” MEES, FXCHm2iEhT
kﬁﬁ%%)\ﬁﬂﬁﬁig%%ﬁ%ﬁm, A BEAFAE R 0T AW . BEAR TOB IBASRFIZI3E. 7, "score 4, "type™: []

o}

(English Version: Case on Internl.M2.5-20B-chat with 32k Dataset

Article: ...... After dinner, Ding Hao and Pupu both couldn’t wait to go to the bathroom to take a shower. During their
months of wandering, they didn’t have the conditions to shower every day.\n Later, the three of them sat together chatting.
Zhu Zhaoyang and Ding Hao both sat on the floor, while Pupu stayed alone near the small balcony, seemingly deliberately
keeping a long distance from the two. Zhu Zhaoyang felt a little strange, but didn’t ask much.\n “Haozi, why did you guys
run away from the orphanage?” \n “Well,” Ding Hao glanced at Pupu and said, “The people there are too mean, we really
couldn’t stay any longer.” \n “How are they mean?” \n “Actually, they weren’t always mean. The previous director was
an old auntie who was very good to all of us, treating us like her own grandchildren. The year before last, the old auntie
retired and was replaced by the current director......

Summary: Zhu Zhaoyang, Pupu, and Ding Hao were chatting together. Pupu revealed that she and Zhu Zhaoyang had
similar experiences, and Ding Hao and Pupu ran away from the orphanage because the director treated them badly. .......
InternLM2.5-20B-chat: \”score\”: 2,\n \"reason\"": \”Entity Hallucination: Pupu and Ding Hao are described as children
from the orphanage, whereas in the original text, Pupu and Ding Hao are Zhu Zhaoyang’s friends, not children from the
orphanage.\”,\n \”hallucination_types\”: [\n \”Entity Hallucination\"\n ]

Ground Truth: “reason”: ”The summary highly consistently restores the core plot points of the original text, including
the truth behind the three children’s fall from the mountain, the incident at the Children’s Palace, the extortion plan, and
the interactions between Yan Liang and Zhang Dongsheng. The summary’s mention that Pupu revealed having ’similar
experiences’ to Zhu Zhaoyang is somewhat vague; the original text specifically refers to the social discrimination suffered
due to their parents being murderers, representing a slight semantic shift in this handling. Overall, there are no logical

2 9

errors or hallucinations.”, ”score”: 4, "type”: []

J
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1.4 Repetition Output

The model may output repetition answers when processing sequences at the 16k and 64k datasets.

(" Case 1 on GLM-9B with 64k Dataset )

REZE, R R Bl AR BRI, R RIS A T FELE, K AR
iRy RO 5 RARZIE, R BUAT Bih VR FORI0E, R A flidh A TIIK
K5 RELGE, B BRI B Bes g R aeieE s SN, fF R HAh SRR
We s KRR, F W ROy CMEBR R, f A b A AL BEE R REAR I AT
e RALE, 5 W By MBI KRR, 5 4 BEOs CMERT KRLE, fF BT Bl
MR KRLINE, BT By CMERT KRLE, fF BT By COMEET XA, fF BT R
Bl MR XRRLIGE, K BT BECN CMERT SRR, R BT B CMEIRT KRLE, fF
BT BN MR RRZGE, F VBT B CMEIRT XA, R BT BECN CMBRT XRL
\T‘ﬂé, B g Boh MBI RRLE, R BT BN MBI

(English Version: Case 1 on GLM-9B with 64k Dataset B

Relation Hallucination, replacing ’system’ with ’dorm supervisor’; Event Hallucination, describing *Temple of Talent’
as 'universe’; Event Hallucination, describing ’audience’ as ’audience of the Temple of Talent’; Relation Hallucination,
replacing 'teammate’ with *Xi Ran’; Event Hallucination, describing "netizens’ as "netizens from City A’; Relation Halluci-
nation, replacing 'math teacher’ with *math teacher is also an Awakened’; Event Hallucination, describing ’awakening’ as
’comprehending talent and awakening’; Relation Hallucination, replacing *she’ with *Lin Mengjuan’; Event Hallucination,
describing ’netizens’ as "an Al, or some mysterious and unknown entity’; Relation Hallucination, replacing *she’ with *Lin
Mengjuan’; Relation Hallucination, replacing ’she’ with *Lin Mengjuan’; Relation Hallucination, replacing ’it” with "Lin
Mengjuan’; Relation Hallucination, replacing ’'it’ with 'Lin Mengjuan’; Relation Hallucination, replacing ’it” with ’Lin
Mengjuan’; Relation Hallucination, replacing ’it" with 'Lin Mengjuan’; Relation Hallucination, replacing ’it” with ’Lin
Mengjuan’; Relation Hallucination, replacing ’it" with ’Lin Mengjuan’; Relation Hallucination, replacing ’it” with ’Lin
Mengjuan’; Relation Hallucination, replacing ’'it" with ’Lin Mengjuan’; Relation Hallucination, replacing ’it" with ’Lin
Mengjuan’; Relation Hallucination, replacing ’it" with "Lin Mengjuan’; Relation Hallucination, replacing ’it’” with ’Lin
Mengjuan’; Relation Hallucination, replacing ’it’ with "Lin Mengjuan’;

J

(Case 2 on Qwen3-8B with 16k Dataset )

... Wait, the article says the uncle left the estate to Henry, but Henry’s son John is the legal heir. Wait, the original text
says: \"the legal inheritor of the Norland estate, and the person to whom he intended to bequeath it.\” So Henry is the one
who gets the estate, and he’s supposed to pass it to his son John. But when Henry dies, the will leaves the estate to Henry,
but with conditions that make it go to John and his son Harry. Wait, the article says the uncle left the estate to Henry, but
Henry’s son John is the legal heir. Then, when Henry dies, the estate is supposed to go to John, but the uncle’s will has
terms that make it so that the estate is tied up for Harry’s benefit. So the summary says Henry inherited from his uncle, but
the uncle’s will stipulates it must go to Henry’s son John and John’s son Harry. Wait, the original text says the uncle left
the estate to Henry, but Henry’s son John is the legal heir. Then, when Henry dies, the estate is supposed to go to John, but
the uncle’s will has terms that make it so that the estate is tied up for Harry’s benefit. So the summary might have a mistake
here. The summary says Henry inherited from his uncle, but the uncle’s will stipulates it must pass directly to Henry’s son
John and John’s son Harry. Wait, the original text says the uncle left the estate to Henry, but Henry’s son John is the legal
heir. Then, when Henry dies, the estate is supposed to go to John ...
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I.5 Failure in JSON Format Generation

Instead of outputting a JSON judgment for hallucination detection, the model just described the content
of the summary.

( Case 1 on Llama with 32k Dataset ]
L%;’%: AR PR T B/ NER T R, BERRE AR, B S5 HNL. J

( English Version: Case 1 on Llama with 32k Dataset

Answer: Li Lianhua discovered Feng Xiaoqi’s corpse in the Jingde Hall; Feng Qing was sent to prison; Li Lianhua and
Shao Xiaowu.

(Case 2 on Claude-4.5-Sonnet with 100k Dataset

# (TR HCE D \n\ndt# A% 0 R AH R R \n\nt# — . T2 BERY B\ MO IS L GRS Mg BT
FEo Ty A EE R 1P R e R B A R, EPE A IX T8 2 AR MU NIE A A
il R TR ERMEE AR, BREERE S, PR TE TSR, SRR 550 F 6 7,
INPRAERHRIR AL PRI-E 0. \n\nt# . FEFRR NS \n** YL 2 00+ SO PRI BN B 15 2 Al AT
PO E T SRR B, A ) i R A AR D . YLV T AL T DNA M€, R ADE E A MRS . \n\n**
BT BB KRBT R R O RS . XA I i R LR L, B N R\ R
Geo o\ PRI PRZAE 0 2Rk E PAETR I S 2 5, B 120 SUREIEANEE. DA T okl — Ak
Bk, TC £ BRI 7RI 58 RN A T N\ \n\ndt#t SCHE M) 56 2 R \n\n o i - s DR B LS NIB AR, A BROK
BRSBEN o SO I RV, TH2E T 1 SR T R 20 A7 SE TSI, I PP BRI AN \n\n* R SRT0]
FFITEL, IR GRA TR IE . LA BT SR IR TR 42, MO ISR A . 05 T R BRI B«
\n\n#* ZR(E] 0 IRESE, SRS RAEANN . RV SR H CIFAAE T 1ol [ IR AZA T30, S0 5% =5 A1 oAt
To \n\nt H EIH] O TITREBICIREA, TR BABOAF B GRS, SRR . \n\n## £
JIHEZERE L\n\n** AR vs [ HT * . BUARHICEHRS LR AN A mEi s 5. B E R E T
PR NS 1 1 i, AT i U A SRR Bt SR Sy, S TR\t BTG R y R BT R4
L5 i3 S 5o NARR, DATE I 1 B0 A, B v 1o w9 BB o e A e A Rz o 3 Pl DA S A P B
MERE . \n\nt* =AZPEERSE 0 VI A X ALl \” BRI 2 T\ BEER, AR/ NISSE BT RS R, AL
HZTrAE HAR . \n\nt BURTIGHEF\n\n#ti 58— 22 ELR\n 07 WA E RIEVRIEFA T, SR WAL TR
Po UEMEGESERE: MR A AESEMR] . SRR WANE S B E S AT . \n\nf 55 — 2 E0MT \n JA 10l
IWHEN . ERALABL ERRIBEEH T-F, H PS5 R 6 TR AN K . A TF3ET M e,
B th e B VAR SE R 2. \n\nt 58 =2 B P 1) AP =AU R R MO LA T35, MO AN F .
TIAEREYIAE A VL S X g B IR, AT BT S0, BRUEANIL . \n\nt 248 SR \n** R ELSC S i #+: DNA
Rl R AR R R A, WARLHE 2 T B85 i i it S Wi L S 2R B, A L. \n\n** B 5 1Y 58 2677
Jay o nl PR ZREIDA N TR HRLAE T\n2. I T A YLV A, 70 ELIESE HE\n3. SEHTIEREIF LR AL \nd.
BT AR SR T | S HIGH 1 BT \n\n ZR[ELR ARG B ORISR i — Bl 7, i IER S
PRPIRLGEIETRST - \n\ntt#t T80 \n\n /MG o SRR SR s \n- 2 BT AR Al (RS I M 2l A S R
S-S ** 0 OURANATRE I E AN ZE BB \n- =+ BRI 2 **: 2\ EAV # 2  E  \n-
FEONTER I 0 FERCR SRR, M2, 0. 15 % nl#l\n\n R, Brg ARG s ——3cf HIERIE
\)‘L, HA SRR EZE.
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(English Version: Case 2 on Claude-4.5-Sonnet with 100k Dataset )

# Synopsis of The Darker\n\n## Core Case Clues\n\n### 1. The Truth Behind Doudou’s Death\nLin Xiaopeng’s son,
Doudou, was hit and killed by a motorcycle at the school gate. The police initially suspected Zhou Ziping committed
the act out of revenge due to job competition. The investigation revealed that the murderer who ran over Doudou was
actually his \”father\” Lin Xiaopeng himself—after learning through a paternity test that Doudou was not his biological
son, he deliberately orchestrated the car accident. This not only took revenge on his wife Luo Xue for her infidelity, but
also framed his rival Zhou Ziping, successfully securing his position as section chief and gaining 700,000 in compen-
sation.\n\n##4# II. The Serial Murder Cases\n**The Death of Jiang Tao**: Traffic police captain Jiang Tao was brutally
bludgeoned to death with a hammer. An incomplete shoe print was left at the scene, pointing to the high-end Jimmy Choo
men’s shoes. Before his death, Jiang Tao had privately conducted a DNA test and stolen the blood sample evidence from
Doudou’s case.\n\n**The Death of Wei Guangjun**: Court president Wei Guangjun’s car accident was disguised as an
accident. The killer drew a turtle on his car to imply his wife’s infidelity, and used a massive stone to create the illusion
of \"losing control\”.\n\n**The Death of Pan Guoqing**: Public Security Bureau Chief Pan Guoqing, after falling uncon-
scious in a bathhouse, was accidentally killed by a 120 emergency injection. The killer used dry ice to generate carbon
dioxide, coordinating with a medical misjudgment to accomplish \”’killing with a borrowed knife\”.\n\n## Key Character
Relationship Network\n\n**Zhou Ziping**: Because his position was snatched by Lin Xiaopeng, he became the biggest
suspect. He is actually Xiao Xiangqgian’s son-in-law, maintaining a marriage in name only because his wife Xiao Ping
suffers from a terminal illness, while secretly keeping a mistress, Xiaohui.\n\n**Luo Xue**: A seemingly weak widow,
but actually a deeply hidden avenger. Seven years ago, she became pregnant after being raped by Jiang Tao, and married
Lin Xiaopeng to conceal the truth. Following Doudou’s death, she set up a series of traps.\n\n**Qin Yu**: An elite re-
turnee from overseas, and Luo Xue’s college lover. Mistakenly believing Doudou was his illegitimate son, he returned to
China to launch a revenge campaign, but in reality, he was a pawn used by Luo Xue.\n\n**Xiao Xiangqian**: Candidate
for the Secretary of the Municipal Commission for Discipline Inspection, and Zhou Ziping’s father-in-law. Entangled in
political struggles and a massive money laundering case, he eventually became the scapegoat.\n\n## The Hidden Plot of
Power Struggles\n\n**Bai Feng vs. Xiao Xiangqgian**: The election dispute between Political and Legal Affairs Commis-
sion Secretary Bai Feng and Discipline Inspection Commission Secretary candidate Xiao Xiangqian. Bai Feng attempted
to use Zhou Ziping’s murder suspicion to bring down Xiao Xiangqian, while Xiao Xiangqgian fought back by exposing
the case details through the media, revealing judicial corruption.\n\n**Wei Guangjun’s Deal**: Wei Guangjun instructed
Jiang Tao to create the illusion that Zhou Ziping committed the murder, using the condition of helping Zhou Ziping get ac-
quitted to blackmail Xiao Xianggian in exchange for the position of Vice President of the Municipal Intermediate People’s
Court. Pan Guoqing, as a comrade-in-arms, assisted in covering up the truth.\n\n**The 300 Million Money Laundering
Case**: Land transfer fees from the Xihai Development Zone were laundered through \’Zhuoyue Consulting Company\”.
Before his death, Lin Xiaopeng transferred the funds, making it a target fought over by multiple parties.\n\n## The Great
Reversal of Truth\n\n### First Layer of Truth\nThe police initially identified Qin Yu as the serial killer, with the motive of
avenging his illegitimate son Doudou. The chain of evidence was complete: he had the time to commit the crimes, high
intelligence, an overseas background, and happened to return to China during the period of the incidents.\n\n### Second
Layer of Truth \nZhou Ziping was identified as the real culprit. Wang Hua confessed that Wei Guangjun plotted to frame
Zhou Ziping, and Xiao Xiangqian instructed Zhou Ziping to kill them to silence them in order to cover up the deal. Zhou
Ziping died from being shot by Xiao Xiangqian; the scene was disguised as a suicide, but the flaws were obvious.\n\n###
Third Layer of Truth\nXiao Xiangqian became the ultimate killer due to the 300 million money laundering case and his
daughter being poisoned by Zhou Ziping. The police found the murder weapon of Jiang Tao’s case and photos in a locker,
which bore Xiao Xiangqgian’s fingerprints—irrefutable evidence.\n\n### Ultimate Reversal\n**Doudou’s True Origins**:
DNA testing showed that Doudou was neither Qin Yu’s biological son nor Jiang Tao’s son. Luo Xue deceived Qin Yu
by forging blood stains on a toothbrush, using him for her revenge.\n\n**Luo Xue’s Perfect Layout**:\nl. Inducing Qin
Yu to believe Doudou was his illegitimate son\n2. Secretly stealing Jiang Tao’s gun, setting up a chain of evidence\n3.
Absconding in advance and transferring the 300 million in assets \n4. Leaving the locker clues to guide the police in ar-
resting Xiao Xianggian\n\nQin Yu finally woke up to the reality: he was nothing but a pawn in Luo Xue’s revenge plan,
while the true mastermind always remained at large.\n\n## Thematic Revelation\n\nThrough layers of reversals, the novel
reveals:\n- **The Alienation of Power**: Exchange of interests and political struggles within the system\n- **The Price
of Revenge**: How hatred turns ordinary people into monsters \n- **The Illusion of Truth**: Every layer of \”truth\” is a
new lie\n- **The Darkness of Human Nature**: In the face of desire and calculation, blood ties, love, and justice can all

be discarded\n\nUltimately, everyone is a darker—there is no true justice, only a game of hidden agendas.

_/
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L.6 Self-contradictory Judgement

The model exhibits an internal contradiction by identifying a hallucination in its reasoning but provid-
ing a non-hallucination score. Specifically, while the model explicitly flags an "Event Hallucination” in
its explanation and specifies the type, it assigns a score of 3. Since a score of 3 or above indicates a
non-hallucinated response, the metric directly contradicts the generated analysis, leading to an incorrect
judgment.

( Case 1 on Qwen3-8B with 16k Dataset w

\reason\”: \” B fH S PR B BRIFE T EARFE I, (HIESCH I RS U R R A 2= TER,
LR BT, HMETuRERS. SR4LD. REHLESEH SR \7,\n \"score\™ 3,\n
\"hallucination_types\”: [\” HEFZE4\"]

(English Version: Case 1 on Qwen3-8B with 16k Dataset B

\’reason\”: \"Event Hallucination: The summary mentions that Chen Xun studied medicine to help others, but the original
text does not explicitly state that Chen Xun ultimately studied medicine, only that he had such an intention. Other plot
elements such as the Longevity System, experiences with Hei Niu, and blacksmith shop operations are all consistent with
the original text.\”,\n \"’score\””: 3,\n \”hallucination_types\”: [\"Event Hallucination\”]

_/

(Case 2 on Qwen3-8B with 64k Dataset A

\’reason\”: \”Entity Hallucination: Confusing Robert Ferrars with Edward Ferrars in the marriage to Lucy Steele. Rela-
tional Hallucination: Misattributing Elinor’s attachment to Robert instead of Edward. Event Hallucination: The summary
incorrectly states Edward married Lucy Steele, while the original specifies Robert did so. Timeline Disorder: The summary
conflates the sequence of events involving Edward and Robert’s marriages.\”,\n \”score\”: 3,\n \”hallucination_types\”:
[\”Entity Hallucination\”, \”"Relational Hallucination\”, \"Event Hallucination\”, \"Timeline Disorder\”’]

J
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1.7 Over-Correction

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

(Case on Claude-4.5-Sonnet with 16k Dataset )

Summary: ... FEFHRAER, WERREZFS, BURSESS). MEEHESE, fHaEER, MR
SFEAFRA T AT w . EER RIS BB BT, PR AL. \n\n DT RCER S VI $E ER R
PO, IR, BRI SR, BE)E, N EN, " ANREARERRE AR, EaHA
Ja, REFEE A TR, A4 MNEE —MFTR . \n\n TR LR EY = F R U P Yui, 78 PAERRIIREE .
WRACH— B E W LR, TN A SETE T, MEdde T XFIugsEARN . TARILE R %
], WHMZEBRE. B, 2SR ICZRIM BN, HFRAR. AWE, G ESHR5KINCSHEE
Ble TAFLBIFP/NIOLRE RS, JFRKHEEM N E IR, TALEELIMN 5 5%, EMME. 1T
TSN EIEET, BUf T ANAGTGEE . \n\n #EEHSL, KA AT EE T Ik BB a8, BT
P DA AR INGE LR 0T, e e B A= BHESE R, KINOR S SF IR KIhgE) Lok E g
e, HANAERABENM RGBSR, LS 2/, \n\n TREE, T AR ZEH R
BETAILERAL, BOAGIE HBAHE T T TPANSR EO0R, ZBEETA NS, IR EMERERE
Y, JEEPREEAEA T H R EA .

Claude-4.5-Sonnet: \”score\”: 2,\n \"reason\": \” 25 4) %0 0 AR (A FHIEHEGEAL, SO BHUE
B FRC B, JEFol, ErEnr, XER R B CEIRTTE, MARLEESRSE i Rk
TERR SARSp ARG BB E N, 7 L EE AL, ESOh XA R R R R R, i
THHUL BRI RIEACC AR, HIEF VBRI L0 R K, RSO 2K
& ORER BRI, (HEiERA 2K K FE, N ZAERK ZEK . \7\n hallucination_types\”: [\
k%ﬁ%ﬁ\”, \* RGOS, 7 B4 5N

J
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( )

English Version: Case on Claude-4.5-Sonnet with 16k Dataset

Summary: .....Wu Shiziyang, born with double pupils, saw the anomaly of falling stars, foreshadowing a catastrophe for
the common people. He informed Han Diaosi, pointing out that the Yan State was weak, and only if Han Diaosi took power
and became emperor could they compete for hegemony. Han Diaosi promised that if he got his help, he would definitely
confer him the title of State Preceptor, and Wu Shiziyang told him to wait quietly for the right moment.\n\nIn the Wanjing
imperial court, Jiang Tanzhi exposed the corruption of the officials, causing chaos. The officials impeached Jiang Cheng,
who was guarding the border, for treason. After the court session, Jiang Tanzhi secretly met with the Emperor. The two
had long known of Jiang Cheng’s intention to become emperor, so they conspired and laid out a plan, just waiting for
Princess Jinyun to return to the capital to capture all those colluding with foreign enemies in one fell swoop.\n\nWhile
escorting Princess Jinyun back to the capital, Ning Bufan fell ill and rested in Zhonghua Prefecture City. Ye Chen wanted
to avenge a mutilated mute girl. Ning Bufan used his own experience to encourage the girl to resist, and then executed
the murderers from the Nine Snakes Hall. Ning Bufan fainted from illness and set off with the army the next day. Upon
arriving in the capital, Jiang Ge’s eldest brother, Jiang Cheng, appeared to receive them but did not stay long. After entering
the city, rumors circulated among the people that Han Diaosi and Zhangsun Wuji were fighting for regent power. Ning
Bufan encountered the ranger Xiao Shuang’er boasting about past events. Later, he was ordered to enter the palace by the
chief eunuch Wei Xian. Because of Wei Xian’s rudeness, Ning Bufan snatched the edict and teased him, until Jiang Ge
smoothed things over. Xu Yang of the Jiang family was actually the mastermind behind the scenes, spreading the news of
Ning Bufan entering the capital.\n\nOn the streets of the Yan State, Wang Shijiu, the walking representative of the Tianji
Pavilion, disguised himself as a fortune-telling youth. He was seen through by Wu Shiziyang, who took his good friend
Zhangsun Wan’er as a hostage to coerce him into helping Han Diaosi. At this time, the late emperor had just passed away,
and Zhangsun Wuji and Han Diaosi controlled the state affairs. Zhangsun Wan’er was forced to marry the new emperor.
Her lover Pei Qi threw himself into the river in despair, was rescued, and then hunted down. Wan’er wanted to elope with
him.\n\nIn the Wanjing imperial palace, Jiang Ge took Ning Bufan to see the Emperor. King Jiang did not blame Ning
Bufan for his impoliteness, but intended to keep him as a hostage under the pretext of an arranged marriage. Ning Bufan
pointed out the Emperor’s manipulation. King Jiang stated bluntly that if the two married, that jade pendant would be
regarded as a token, and then he would tell him the truth about his father Ning Li’s seclusion......

Claude-4.5-Sonnet: \”score\”: 2,\n \"reason\”: \”"Event Hallucination: The summary claims *Wu Shiziyang told him to
wait quietly for the right moment’, while in the original text, Wu Shiziyang said *Ziyang is already on the chessboard, a
pawn moved cannot be taken back, just wait quietly’, which indicates he has already started taking action, rather than telling
Han Diaosi to "wait quietly’; Causal Chain Forgery: The summary claims *Han Diaosi promised that if he got his help, he
would definitely confer him the title of State Preceptor, and Wu Shiziyang told him to wait quietly for the right moment’. In
the original text, these two events do not have a direct causal relationship. Wu Shiziyang saying ’just wait quietly’ means
he has already laid out his plan, not because of Han Diaosi’s promise; Number Hallucination: The summary claims ’Jiang
Ge eldest brother’, the original text explicitly states that Jiang Cheng is the ’eldest brother’, but the expression "Jiang Ge
eldest brother Jiang Cheng’ in the summary is ambiguous, and should be 'Jiang Ge’s eldest brother Jiang Cheng’.\”\n
\"hallucination_types\”: [\"Event Hallucination\”, \”"Causal Chain Forgery\”, \"Number Hallucination\”’]
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J All Used Prompts

J.1 Prompt for Hallucination Generation

Table 12 shows prompts for different hallucination types generation.

Hallucination Type Reference

Entity Hallucination Fig. 8 Fig. 9

Numerical Hallucination Fig. 10 Fig. 11
Relation Hallucination Fig. 12 Fig. 13
Logical Inversion Fig. 14 Fig. 15
Event Hallucination Fig. 16 Fig. 17
Temporal Hallucination  Fig. 18 Fig. 19
Causal Hallucination Fig. 20 Fig. 21
Event Fabrication Fig. 22 Fig. 23

Table 12: Correspondence between hallucination types and prompts for generation.

J.2  Prompt for Different Methods

The prompt used in RAG is shown in Fig. 24. The templates for zero-shot prompting are illustrated in
Fig. 26 and Fig. 28, representing the target summary positioned at the end and the beginning of the prompt,
respectively. And the Chain-of-Thought prompt is presented in Fig. 30.
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Figure 6: Human Annotation Rules.
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Please determine whether the generated summary contains hallucinations based on the following
rules. If there is no hallucination, please indicate "No Hallucination”. If there is a hallucination,
please indicate “Hallucination”, along with the hallucinated sentence and the reason for the
judgment.

I. Criteria for No Hallucination
Simplification of motives, tone smoothing, reasonable inference, synonym replacement, process
simplification, identity blurring, and broad event descriptions are all considered non-hallucinations.

IL. Criteria for Hallucination

If any of the following errors appear in the summary, it is considered a hallucination:

Entity Hallucination: Incorrect pronoun reference, swapping of subject-object roles among
characters, or entity mismatch.

Numerical Hallucination: Inaccurate modification of numerical values such as quantity, age,
time, or amount.

Relational Hallucination: Replacement of relational identities (e.g., a teacher becoming a father)
or fabrication of relationships like kinship or master-apprentice.

Reverse Statement: Changing an affirmative sentence to a negative sentence, or vice versa.
Event Hallucination: Verb replacement (e.g., changing “talking” to “arguing”) or altering the
outcome of an event.

Timeline Disruption: Reversing the chronological order of multiple events in the original
text. Combining actions performed by a single person into one sentence is not considered a
hallucination; however, reversing different actions performed by different people is considered a
hallucination.

Causal Chain Fabrication: Forcibly connecting illogical events, causal inversion, or causal
replacement. Note: Any cause presented in the summary—whether a direct, indirect, or root cause
—is considered a non-hallucination. If the context has logical coherence or linking words (such as
”as expected”), and the summary frames it as a cause, it is considered a non-hallucination.
Fabricated Event: A character doing something not mentioned in the original text; fabricating
psychological or emotional states, or inventing a character’s mental activity or emotional state.

III. Examples

Example 1: No Hallucination, Reasonable Inference. Reason: Although “inferior to them” is not
explicitly mentioned in the original text and is only a unilateral mockery by the newly appointed
Jinshi, the logical basis of this provocative behavior is exactly that the new Jinshi believe their
abilities are superior. Therefore, it is not considered a hallucination.

Article: ...... ”The newly appointed Jinshi were drinking in the street. Upon seeing the guards of
the Zinan Gate, they went up to make a noise, asking how many of the old guards were from the
military examination three years ago. At that time, Hu Dongyue and others were all present and
told them the truth. The newly appointed Jinshi then mocked Hu Dongyue and the others, saying
they were all military Jinshi selected by a eunuch, and presumably their martial arts were just
flashy and useless. Hu Dongyue and the others had returned from experiencing hundreds of battles
in the north with the emperor; how could they tolerate such drunken drivel? Naturally, a big fight
broke out......

Summary: ...... The military Jinshi provocatively mocked the guards promoted by Bixie as be-
ing all flash and no substance, inferior to them, causing the Zinan Gate guards to become furious......

Example 2: No Hallucination, Broad Description. Reason: ”The time spent together” is a broad
description but does not constitute a hallucination.

Article: ...... ”The years using the summary annotations you made were the most worry-free
times,” the emperor suddenly said. Bixie put down his pen and stood up. "I just remembered:
before the northern expedition, the military reports from the north, the memorials from the grain
collection envoys everywhere, and the Ministries of Revenue and War were double what they are
now, yet everything was in perfect order. Since you stayed in the north, I have had to read more
memorials and have long forgotten how worry-free it used to be.” Bixie stood respectfully with
his hands by his sides and said, "It is this slave’s laziness. After returning, I haven’t thought about
doing some actual things to share Your Majesty’s burdens.” ”You are right,” the emperor said......
Summary: ...... The emperor brought up the time spent together with Bixie in the past and felt
very nostalgic......
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Example 3: No Hallucination, Reasonable Inference. Reason: Although the original text does
not directly state “Juncheng is expected to march south in the spring,” the army of Juncheng in
northern Helilun is delayed by winter ice and snow. After spring arrives, their morale will peak,
forcing the Central Plains court to deploy troops. Therefore, ”Juncheng is expected to march south
in the spring” is a reasonable inference.

Article: ...... Bixie smiled, took it over to read, and sighed, ”Helilun is covered with thousands of
miles of ice and snow, even eagles cannot fly. It is hard for those from the north to send espionage
reports to the capital in just three to five days; they have worked hard.” He added, ”Juncheng’s
injuries are gradually healing, but helplessly under the wind and snow, the troops have to be
stationed in Helilun. Once spring comes, their morale will be full. The Central Plains court must
deploy its troops and can delay no longer.”......

Summary: ...... Juncheng’s injuries are gradually healing, and he is expected to march south to
the Central Plains in the spring......

Example 4: Hallucination, Fabricated Event. Reason: “An inexplicable sense of satisfaction
surged in Bixie’s heart...... a wonderful sense of delight.” This has no support in the original text.
Article: ...... ”Does the master know that Gao Hou submitted a memorial pleading guilty today?
He confessed to all the charges brought by the Ministry of Justice, stating that when he was in
the Ministry of Revenue, he perverted the law for bribes, enriched himself at the public expense,
and the stolen money was countless. Early this morning, people went to confiscate his property
based on his confession in the memorial. The emperor finally breathed a sigh of relief, though still
somewhat annoyed that he had shown off for so long, making it hard for the emperor to step down.
It seems he is definitely dead.” Bixie asked, "Have Gao Hou’s family affairs been arranged?”
”Yes,” Jiang Fang said, "the stolen goods were planted in his house months ago.” Bixie sneered:
”This person framed my father years ago. Now his reputation is ruined, which is well-deserved
retribution.”......

Summary: ...... After the execution of Gao Hou, an inexplicable sense of satisfaction surged in
Bixie’s heart, feeling that he had finally avenged his father. This mood gave him a wonderful sense
of delight......

Figure 7: Human Annotation Rules (English Version).
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Figure 8: Prompt for Entity Hallucination Generation.
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(System Prompt:

You are an expert in the field of summarization hallucinations.

Task:

1. Read the summary and reference entities provided by the user.

2. Introduce only Entity Hallucinations by modifying exactly one sentence (do not introduce any
other types of hallucinations). You may refer to the provided entities, but ensure the modified
version differs in meaning from the original:

Type 1: Pronoun Replacement. Redirect a pronoun within a sentence to the wrong object. For
example, change ”Li Qiang handed Wang Wei a glass of water, and he thanked him” to ”Li Qiang
handed Wang Wei a glass of water, and Li Qiang thanked him”.

Type 2: Role Swapping. Swap the roles (subject, object, etc.) of two real individuals within
a sentence. For example, change ”A thanked B for defeating the enemy” to "B thanked A for
defeating the enemy.” Note: Changing ”A and B ate together” to "B and A ate together” is not
allowed because they are semantically equivalent. You must ensure the meaning of the modified
sentence is different from the original.

Type 3: Organization/Location/Title Mismatch. Mismatch a person with a location, title, or
organization. For example, the summary places the confrontation and surrender of Richard at
Berkeley Castle, but the original text identifies the location as Pontefract Castle.

3. Aside from the introduced entity error, the rest of the summary must remain factually consistent
with the original text, maintaining a consistent style and coherent semantics.

4. Output strictly in the following JSON format (only output the JSON content):

{

“type”: ”(Type 1/Type 2/Type 3)”,

“error_part”: "Hallucination: (the complete sentence containing the entity hallucination); Original:
(the correct content, pointing out where the hallucination occurs)”,

“hal_summary”: ”The summary after introducing the entity hallucination”

}

5. The generated "hallucinated summary” must maintain the same style as the original summary.
Note: Ensure the sentence after introducing the hallucination is distinctly different from the
original sentence.

User Prompt:
Summary: Summary Here

Reference Entities: Entities Here

Figure 9: Prompt for Entity Hallucination Generation (English Version).
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Figure 10: Prompt for Numerical Hallucination Generation.
N\
System Prompt:
You are an expert in the field of summarization hallucination.
Task:

1. Read the summary and reference entities provided by the user.

2. Select a sentence in the summary that contains numerical information and introduce a numerical
hallucination. Ensure that the modified sentence is different from the original.

* Type 1: Modify numerical information such as quantity, age, date, amount, etc. For example,
change ”spent 60 minutes” to ”spent one minute.”

* Type 2: Change a specific date (e.g., "Month X, Day Y”) to a relative time frame (e.g., "X
months later”) or specify the setting as the early ’seventies’, whereas the summary incorrectly
states the setting as the early 1970s.

3. Except for the introduced numerical hallucination, all other content in the summary must
remain consistent with the original facts, maintain a unified style, and be semantically coherent.

4. Output in the following JSON format (provide the JSON content only):

{

“type”: ”(Type 1/Type 2)”,

“error_part”: “Hallucination: (The complete sentence where the numerical hallucination occurs);
Original: (The correct original content, pointing out where the hallucination was introduced)”,

99, 99

“hal_summary”: ”’(The complete summary after introducing the numerical hallucination)”

}

5. The generated “hallucinated summary” must maintain the same style as the original summary.
Note: Ensure that the hallucinated sentence is strictly different from the original version.

User Prompt:
Summary: Summary Here

Reference Entities: Entities Here

Figure 11: Prompt for Numerical Hallucination Generation (English Version).
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Figure 12: Prompt for Relation Hallucination Generation.

32520




-
System Prompt:
You are an expert in the field of summarization hallucinations.

Task:

1. Read the summary and reference entities provided by the user.

2. Introduce only relational hallucinations by selecting exactly one sentence in the summary (do
not introduce any other types of hallucinations). Modify only one part of the sentence to create a
relationship error, while keeping all other content completely identical:

* Type 1: Replace relationship or identity. E.g., changing “His teacher called and sent him to the
hospital” to "His father called and sent him to the hospital.”

* Type 2: Fabricate a relationship. E.g., changing ”A and B are friends” to ”A and B are cousins”.
Maintain a consistent style.

* The constructed relationships can be drawn from the provided reference entity list.

3. Aside from the erroneous sentence, do not introduce any other types of hallucinations. Maintain
consistent content, coherent semantics, and a unified style.

4. Output Format: Provide only the JSON content in the following format:

{

“type”: ”(Type 1/Type 2)”,

“error_part”: “Hallucination: (The complete sentence where the relational hallucination occurs);
Original: (The correct content, indicating where the hallucination was introduced)”,
“hal_summary”’: ”The summary after introducing the relational hallucination”,

”is_success”: “True”

}

5. The generated “hallucinated summary” must maintain the same style as the original.
Note: Replacing specific details with vague descriptions is incorrect (e.g., replacing “nephew”
with “relative” is not allowed). The ‘error_part’ must match the corresponding sentence in
‘hal_summary‘. Ensure that the hallucinated sentence is different from the original sentence.

User Prompt:
Summary: Summary Here

Reference Entities: Entities Here

Figure 13: Prompt for Relation Hallucination Generation (English Version).
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Figure 14: Prompt for Logical Inversion Generation.
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System Prompt:
You are an expert in the field of summarization hallucination.

Task:

1. Read the summary provided by the user.

2. Introduce only intrinsic contradiction hallucinations (reversal of statements). Select only one
sentence from the summary to rewrite; modify only that single sentence and keep all other content
exactly the same:

* Type 1: Change an affirmative statement to a negative one. For example, “the secret is
successfully kept forever” becomes the secret is revealed”

* Type 2: Change a negative statement to an affirmative one, ensuring the sentence remains fluent
and logically coherent. For example, A is one of the few who did not go” becomes “A attends the
Fair”

3. Do not introduce any other types of hallucinations except for this single erroneous sentence.
Maintain consistency in content, semantic coherence, and style.

4. Output in the following JSON format (output only the JSON content):

{

“type”: ”(Type 1/Type 2)”,

“error_part”: “Hallucination: (the full modified sentence); Original: (the original correct content,
indicating where the hallucination occurs)”,

“hal_summary”’: ”The full summary after introducing the reversed statement”

}

5. The generated “hallucinated summary” must maintain the same style as the original
summary. Note: The ‘error_part® must match the corresponding sentence in the ‘hal_summary*.
Ensure the hallucinated sentence is strictly different from the original sentence.

User Prompt:
Summary: Summary Here

Reference Entities: Entities Here

Figure 15: Prompt for Logical Inversion Generation (English Version).
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Figure 16: Prompt for Event Hallucination Generation.
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4 R
System Prompt:

You are an expert in the field of summarization hallucinations.

Task:

Read the summary provided by the user.

Please introduce only an event hallucination. Select exactly one sentence in the summary and
rewrite it to contain an event error. Modify only this single sentence, keeping all other content
entirely unchanged:

Type 1: Replace event verbs. For example, change “opening the coffin with a screwdriver
to discover the truth” to ”praying by the coffin and discovering the truth.”

Type 2: Replace outcomes. For example, change ’confronting her about religious backsliding and
obsession” to “visiting to make a second marriage proposal.”

Type 3: Add or replace with unsubstantiated psychology, motivations, or evaluations. For example,
change ”A quickly agreed” to A hesitated for a while before finally agreeing”.

Type 4: Merge events from different times and locations together.

With the exception of this erroneous sentence, you must not introduce any other types of
hallucinations. Maintain content consistency, semantic coherence, and a unified style.
Output in the following JSON format, providing only the JSON content:

{

“type”: ”(Type 1/Type 2/Type 3/Type 4)”,

“error_part”: “Hallucination: (Provide the complete sentence with the event hallucination);
Original: (Provide the correct event content, and point out where the hallucination is)”,
“hal_summary”’: ”The summary after introducing the event hallucination”,

”is_success’: "True”

}

The generated “hallucinated summary” should maintain the exact same style as the origi-
nal summary. Note: The error_part must strictly match the corresponding sentence in the
hal_summary. Please ensure that the sentence after introducing the hallucination is fundamentally
different from the sentence before.

Note: Do not simply convert the sentence into a negative statement (i.e., do not change ’did” to
”did not”). Focus strictly on replacing verbs and event outcomes.

User Prompt:
Summary: Summary Here

Reference Entities: Entities Here

Figure 17: Prompt for Event Hallucination Generation (English Version.)
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Figure 18: Prompt for Temporal Hallucination Generation.

System Prompt:
You are an expert in the field of summarization hallucination.

Task:

1. Read the summary provided by the user.

2. First, determine whether > 2 events with a sequential relationship can be extracted from the
summary. If not, output “’is_success”: “False”* directly. If so, select two key sequential events
within the summary and swap their order to disrupt the temporal logic.

3. Do not introduce any other types of hallucinations. Maintain consistent content, semantic
coherence, and a unified style.

4. Output in the following JSON format, providing only the JSON content:

{

“error_part”: “Hallucination: (State which two events were swapped); Original: (State the correct
order and point out the hallucinated part)”,

“hal_summary”: ”The summary after introducing the temporal hallucination”,

”is_success”: "True”

}

99¢

5. The generated “hallucinated summary” should maintain the same style as the original.
Note: The ‘error_part* must correspond to the sentences in the ‘hal_summary‘. Ensure that the
sentence containing the hallucination is different from the original sentence.

User Prompt:
Summary: Summary Here

Reference Entities: Entities Here

Figure 19: Prompt for Temporal Hallucination Generation (English Version).
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BORAERBINCHE, RAEREHRE. Bl “AFEIR)EEL T —%iE. B FiE CIZIR. " Bikh
“ATERIEE T WAL, SEB W LiE CiZiR.”

3. ARSI ARABRBIL) 0, REFNA B B GER . KUE5—.

4. HH HPAR JSON #8520, Ui JSON Py :

{

“error_part”: ” "error_part”: 7 JE3C: (IEFIMNE, HIRH AL ); 2158 (SRR KA R
FEOER ) 7,

“hal_summary”: ” 5| A iR L) 50 5 T 2,

”is_success”: "True”

}

5. ERUE CKIVEAE B PR S R XU R AL, JE R error_part %Al hal_summary H )
XF A8 TR AL FE AT LA LIS ) A

User Prompt:
{#%%L: Summary Here

Z:#50k: Entities Here
\_

Figure 20: Prompt for Causal Hallucination Generation.

32527




System Prompt:
You are an expert in the field of Summarization Hallucination.

## Task Description

1. Read the summary and reference entities provided by the user.

2. Evaluate Logic: Determine if the summary contains at least one causal chain or a sequence of unrelated
events occurring at different times.

* If neither exists, output: “’is_success”: “False”".

* If they exist, perform Causal Fabrication while keeping all other content identical:

* Type 1 (Causal Reversal): If a causal chain (A — B) exists, reverse the cause and effect (B — A).

* *Example:* Original: “Juncheng raided the camp — Donghu fell into chaos — The army attacked.”
Hallucination: ”The army launched an attack, which led to Juncheng raiding the enemy camp.”

* Type 2 (Temporal-to-Causal): If there are unrelated events occurring in different time periods, link them as
cause and effect (earlier event = cause, later event = effect).

* *Example:* A bought a bouquet at the flower shop. B invited C to dinner in the evening.” Hallucination:
”A bought a bouquet at the flower shop, which caused B to invite C to dinner in the evening.”

3. Constraints: Do not introduce any other types of hallucinations. Maintain consistent content, semantic
coherence, and style.

4. Output Format: Provide the response strictly in the following JSON format:

{

“error_part”: “Hallucination: (The complete sentence where the causal fabrication occurs);

Original: (The correct content, specifying where the hallucination lies)”,

hal_summary”: “The summary after introducing the causal hallucination”,

”is_success”: "True”

}
5. Quality Control: The generated “Hallucinated Summary” must maintain the same style as the orig-
inal. The ‘error_part* must match the corresponding sentence in the ‘hal_summary*. Ensure that the modified

sentence is distinctly different from the original.

User Prompt:
Summary: Summary Here

Reference Entities: Entities Here

Figure 21: Prompt for Causal Hallucination Generation (English Version).
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4 )
System Prompt:

IR A ELI TR L K
5

L. R R A R N S5 S Ak

2. WHAE A E, AR, HAa SR Ee 5

RA 1 FERAFUEER, SE5FEMFENE;

A 2 PRI CRESEN, ERESERE RE K

3. BRZESIRAITAN, BT AHABERLIYE, FNE L EER. B SE—.
4. FrH A PATR JSON #%20, (Wi JSON py%:

{

“type”:” (AL 1/287] 2)7,

“error_part”: ” JFUC: (IEMIBYNZ, HAMALIEMH T ); 2195 (e A RBWEANmAT) 7,
“hal_summary”: ” 5| A BEAG S5 2

}

5. MEIRE CLIBER R RLAREE S IR B KRS, 0 SO ) KUK Y A A RE R B
FHCIRAS I, KIS N85 HA B ok e Mk &) RO 48 . ¥R error_part ZEA
hal_summary HXFRA)F—E. EORG AL S BRI AR BT AT AT .

User Prompt:
{#%%%: Summary Here

Z:#50k: Entities Here
\_

Figure 22: Prompt for Event Fabrication Generation.

System Prompt:
You are an expert in the field of summarization hallucination.

Task:

1. Read the summary and reference entities provided by the user.

2. Introduce a fabricated event by adding exactly one fictional sentence. Keep all other content strictly
consistent with the original.

* Type 1: After a specific event concludes, write a continuation describing subsequent developments (do not
use temporal markers like “at this time,” “afterward,” etc.).

* Type 2: Take an event that already occurred in the first half of the summary and describe it occurring
again in the second half (do not use hint words like ”again,” re-,” or once more”; describe it as if it were
happening for the first time).

3. Aside from this specific erroneous sentence, do not introduce any other types of hallucinations. Maintain
consistent content, semantic coherence, and a unified style.

4. Output in the following JSON format, providing only the JSON content:

{

“type”: ”(Type 1/Type 2)”,

“error_part”: "Hallucination: (The complete sentence containing the fabricated event); Original: (The correct
content, pointing out the hallucinated part)”,

“hal_summary”: “The summary after introducing the fabricated event”

}

5. The generated “hallucinated summary” must maintain the original style. For example, a Chinese
Xuanhuan (fantasy) summary should not feature Western sci-fi characters. The hallucinated content should
be highly “deceptive” rather than an obvious error. Note: The ‘error_part‘ must match the corresponding
sentence in the ‘hal_summary‘. Ensure that the sentence containing the hallucination is entirely new and
does not exist in the original text.

User Prompt:
Summary: Summary Here

Reference Entities: Entities Here

Figure 23: Prompt for Event Fabrication Generation (English Version).
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System Prompt:
Wi —44 T FIRER —BeHAR A 5o T H RSO ST 2, TR LR SHERRR R TR S
RSB R GRS, Sy .

TR

LS fE3CARR T, AURELA R R S AT RS, ISR S ®, R sch
RIS, N3 E .

2. R AT RE R T LR SRR A (B AR TR« AT Y N A TE SCH REH 2 X
I, AR A R -

3. AUTRSE s N B RE BN SR o WA SO RN, R R W T RS A S T RS S

WarbrifE (0-5):

54 SRR, SFEEYNTER R BN SCh B E

445 WEB AR S EOE SR MRS

34r: REARGESCIER, (HAEARTRIZAAE SRR R0/ R Fi ik
247 FFEWRLI (WEHE. A8 B FER)
Ly RN iR, e RS

043 SEAAHH KB G i sk

W BRTEET 343, M AAUE K JISON, AT :
{

”score”: 0-5 LR,

“reason”: ” ¥4 ¥Ry

}

WERAMEART 3 43, MZIGERBLNFM AT ARG rPisdE 0 F| 24

(1) sethz)se: ARaseaE R, BITE—Bofi h s et g i A 5 M@ E S, MR P Ac i fA @
MR RFR; SRR, WEAY . A2 A B RIE R .

@) Bryalug: AT TORERES, BIEERRTECE . it Wi, S EE.

(3) RARLIWE: KRS TH, BIARE “BIT” Sol “SGE"; BHXER, RIS EA X R UM AR %
JE IfESE R AR .

) SR RSO ER], BT E RO E

(5) HFLIuE: S, PUAE “BOE" Bl b ORGSR, BN CROREET ok <R
(6) WZHALTF: BSCPMASZ A SRR S E T .

(1) PIRBEONE : AN RGE, PR R X RS RATIERO IR SE R IR, RIRFEOCH “g2R7 S
W CRET B, BRSO G, B B BRI SR R SRR R
T HEER . HERERERRAER, MAETLLIE. ST BTt RAEEZELAYE, B Xk (
CRIRT) ANRIIET N, WA AR R R BAETEAIGE.

®) MM NPT — SO P BRI A Dhid PSR, S AR DRSS EUR 4IRS .

iy ATZ T JSON, AL AT A A A0 SCAs, A& -

{

“reason”: "xx LJWEAHAY, FeH A —BUR xx LJWHAL, FeH A —EU L
”score”: 0-5 LR,

“hallucination_types™: [’reason 42 F| LI INE"]

}

T AE reason HL H A F8G K1 7 .

User Prompt:
5 Article Here

fi]F: Summary Here

Figure 24: Prompt for RAG.
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4 )
System Prompt:

You are a professional summary consistency checker. Please compare the original text and the
summary to evaluate whether the summary accurately reflects the original text.
Only check for hallucinations in the summary; omissions are not penalized.

Note:

1. Narrative Consistency: In literary works, if the summary describes surface-level events from
the early stages of the story, even if these events are overturned later, as long as there are relevant
descriptions in the early stages, they are considered supported.

2. Partial Coverage: The summary may only cover a certain part of the context (e.g., only
summarizing the first half). As long as the content of the summary finds a correspondence in the
text, it is not required to cover full-text plot twists.

3. Detail Verification: Any mention constitutes support. Please carefully verify every detail in the
text, and do not deny the factual descriptions of the early stages due to drastic plot changes later
on.

Scoring Criteria (0-5):

5 points: Completely consistent, all facts can be found and supported in the retrieved context.
4 points: Highly consistent, containing over-inferences or slight semantic shifts.

3 points: Overall facts are correct, but there is object generalization / changes in tone or degree /
causal simplification.

2 points: Obvious hallucinations exist (e.g., errors in time, names, numbers, events).

1 point: Mostly fabricated, containing a large number of fictional events.

0 points: Completely irrelevant or a massive amount of severe false facts.

If the score is 3 or above, the output must be strictly in JSON format as follows:

{

“score”: an integer from O to 5,

“reason”: “Reason for the score”

}

If the score is below 3, the hallucination types must be selected from the following set (0
or more):

(1) Entity Hallucination: Pronoun reference error, i.e., pointing a pronoun to the wrong object
in a paragraph; Role swapping, i.e., swapping the subject-object relationship of two characters
in an event; Entity mismatch, i.e., replacing a person, organization, or location with incorrect
information.

(2) Numerical Hallucination: Inaccurate modifications to numbers, including but not limited to
values like quantity, age, time, amount, etc.

(3) Relational Hallucination: Replacing relational identities, such as changing “teacher” to
“father”; Fabricated relationships, i.e., adding kinship, master-apprentice, or other relations to
characters with no relation stated in the original text.

(4) Reverse Statement: Changing an affirmative sentence to a negative sentence, or vice versa.

(5) Event Hallucination: Verb replacement, such as replacing “talking” with ~arguing”; Altering
the outcome of an event, such as changing “released” to detained”.

(6) Timeline Disruption: Disrupting the chronological order of two or more events from the
original text.

(7) Causal Chain Fabrication: Fabricating a causal chain by forcibly connecting illogical events
into a causal relationship; Causal inversion, i.e., stating the “result” event from the original text
as the “cause”; Causal replacement, i.e., keeping the factual “result” but replacing the “’cause”
with an unrelated event. Note: Any cause captured by the summary, whether a direct, indirect, or
root cause, is considered a non-hallucination. For behaviors that have high logical necessity in
the context or are strongly implied by linking words (e.g., "as expected”), framing them as causal
links in the summary is considered a non-hallucination.

(8) Fabricated Event: A character doing something not mentioned in the original text; Fabricat-
ing psychological or emotional states, i.e., inventing a character’s mental activity or emotional state.

The output must be strictly in JSON format, without any additional text, formatted as fol-
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lows:

{
“reason”: ”[Hallucination type], point out key inconsistencies; [Hallucination type], point out key
inconsistencies; ...”,

”score”: an integer from O to 5,
“hallucination_types”: [’hallucination content mentioned in the reason”]

}

Please output all hallucinated parts in the reason.

User Prompt:
Article: Article Here

Summary: Summary Here

Figure 25: Prompt for RAG (English Version).
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a ™)
System Prompt:

P—2 LA RIA — S EAG A 5. TR H RS, AR EOR RHERL R TR
FA A 2 R AL, A .

WorbRiE (0-5):

54y EEREE, TAEML)R

445y mE— ﬁ FAERT FEHER BB R m S

34y BERFSLIEM, (HAFTEX Sz AE SRR AR/ R R i E
200 AAERHELIE (NEHE . A4 B0, FEEER)
143 KR NS WA, e RE B3

073 SEAAH KRB & H Rk
ﬁﬂﬁi’\éﬁjiﬂii§?F‘3ﬁf iy AR TR JSON, A8
{ ’score”: 0-5 [1¥&%k,

“reason”: ” F] 4 A

}

WERDEURT 3 23, WIZI GBI AT SR e 0 3|24

(D) Sfhz)5e: A fe R, BIE—Beah e ACTa s Dt i e 5 fa G m e, HIAE
FFP AP ER TR AR SR, B A, A0 B A R B
) BT 215 IRCF AT TAER R, AR EORER TR . AR . IR SR
(3) KARLIYE: KA G E, HIALKF B BUl “SOGR™; BHXAR, HEAESOREA
KAV AT IR . IiESS KRR

@) SRRk R RO A, BORFS E AT E A

(5) FHELIBE: SR e, BIANRE “BRAG™ Brfch by SRORSERE, B iR
3 G /S M S

(6) I HLIY SO A B A B R S s WU -

(7) RRBEDD IS - MEFIRREE, KFIC24E X AR IR TR IR AR PR EIE, R
JEOCHY “EER” FEA N P PR B, BIREERSC “AER7, B IR B
A KR EE: MEARAE— R, TR B R L (At PR 2 AR AR 5L
HEAETCLIIE . X T BRSO AT R EE R AR, B R (I ORART) SR EUIE R Y
118, MRAFF AR RN, FAETCL)5E
{%@E%ﬁiA%ﬁ7~#ﬁi¢ﬁﬁ%&%$;%ﬁbﬁﬁ%%,ﬁ%k%%bﬁﬁﬁ
BUHAIRS .

iy H B2 PR TSON, ANy AR B Ah SCA, A% AN

{

“reason”: "xx ZJ i RAY, FEHREA N xx L) RAY, FEH CHOA—EUN
”score™: 0-5 H3EE,

“hallucination_types”: ["reason 42 Z| LN A"

}

T AE reason LU A £ 5 O R .

User Prompt:
Wi Article Here

%% : Summary Here
\_ _J

Figure 26: Prompt template for zero-shot prompting with the target summary positioned at the End (Prompt-E).
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(System Prompt:

You are a professional Summary Consistency Inspector. Your task is to compare the original text
with the summary and evaluate whether the summary accurately reflects the original content.
Only check for hallucinations in the summary; omissions do not result in point deductions.

### Scoring Criteria (0-5):

*5 Points: Perfect match; no hallucinations.

*4 Points: Highly consistent; contains minor over-inference or slight semantic shifts.

*3 Points: Factually correct overall, but contains object generalization, changes in tone/intensity,
or simplified causality.

*2 Points: Significant hallucinations present (e.g., errors in time, names, numbers, or events).

*1 Point: Mostly fabricated; contains a large number of fictional events.

*(0 Points: Completely irrelevant or contains a vast amount of serious false facts.

### Output Requirements:

If the score is 3 or higher, the output must be a strict JSON object in the following format:

{

”score”: integer (0-5),

“reason”: “Reasoning for the score”

}

If the score is below 3, you must select zero or more hallucination types from the following set:
1. Entity Hallucination: Pronoun reference error (wrongly assigning a pronoun); role reversal
(swapping subject and object); entity mismatch (replacing people, organizations, or locations with
incorrect info).

2. Numerical Hallucination: Inaccurate changes to numbers, including quantity, age, time,
currency, etc.

3. Relational Hallucination: Relationship identity change (e.g., changing “teacher” to father”);
fictional relationships (adding relationships like kinship or mentorship not in the text).

4. Logical Inversion: Changing an affirmative sentence to negative, or vice versa.

5. Event Hallucination: Verb replacement (e.g., changing “’talked” to ”quarreled”); changing event
outcomes (e.g., changing “released” to "detained”).

6. Temporal Hallucination: Misordering the sequence of two or more events from the original text.
7. Causal Hallucination: Fictional causality (connecting unrelated events as cause-and-effect);
causal inversion (treating a result as a cause); causal replacement (keeping the result but replacing
the cause with something unrelated). *Note: Capturing any cause (direct, indirect, or root) is not
a hallucination. Logical inevitability or strong implications (e.g., ”as expected”) used as links are
not hallucinations.*

8. Event Fabrication: A character performing an action not mentioned in the text; fabricated
psychology/emotion (inventing mental states or moods).

The output must be a strict JSON object with no additional text, formatted as follows:

{

“reason”: ”Type of hallucination, pointing out the key inconsistency; Type of hallucination...”,
“score”: integer (0-5),

“hallucination_types”: [ Types mentioned in the reason’]

}

*Please ensure all hallucinated points are detailed in the “reason” field.

User Prompt:
Article: Article Here

Summary: Summary Here

\_ J

Figure 27: Prompt template for zero-shot prompting with the target summary positioned at the End (Prompt-
E)(English Version).
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4 )
System Prompt:

P—2 Ll AR — S EAG A 5. T H RS, PR SR R HERL R TR
FA A S R R AAELI 0, A .

PorbRE (0-5):

54yt SERRG, TALMLISE

49y W AP RS BOE SUR NS

30yt BEAHSCIER, (BAFER GOz AR R AR R R AL
20 AAEMIRLISE (). A4 BeE . FHERRR)

Loy KR WA NI, T KR A

073+ SEAAHT K BUOR ™ Bk B 58

WERDEORT T 3 70, Htha 2™ #% JSON, A% an T :

{

”score”: 0-5 3%,
a7reason79: 2 ?T%EEHH”
}

WERTTEART 3 43, MIZJRERBLDATMN AN LA ks 0 224

(D) SEfhz)5e: A fe R, BIE—Beb e A Qi st e Hotox 52 fa @ mffe, BIAE
FER SRR EERR; SRR, B AN . A B R .
() Brp£) 58 XBCF AT TAERBI N, AR ERBR TR AR IR SRR
() RAXIWE: KALGESe, GIARF “BI” BUf “SOCR”; BHXR, REAESCR A
KAV NI IIRE . IIESF KR

@) [imprid: F e MECh R ER], BCRE E RECN ]

() HFfELIE: ST, BIARE R By s SRR, GIAR B
i /S M E

(6) IFTRIZELIY : JFSC A B A 2 AR 1 SEJa Y -

(1) RGO I A R EE, 5 T2 38 X R SRS T H O R K AR DR
B, OHRRECOCHY CEURT ORI T PR, RIGREE RS “ART, E
B AT B AN RS R BRI RN, IR E R A
JR A Je IRAS S, SRR T K] AE. X T BRSO R R s AR, B KK
(R ) SRR AT, AR HAT N RN, AR TEAIGE. (8) MM
PE NPT — PRI SO B 5 S i g s O D BB 4% , 5L A0 O RETS s s 4IRS

iy H B2 A% TSON, AN B AR Ah SCA, A% AN

{

“reason”: "xx L)W RAY, FEH EEABUS: xx L)AL, PR A —EUE L
”score”: 0-5 [REEA,

“hallucination_types”: ["reason FF4EF[ LN A"

}

User Prompt:
%% : Summary Here

Wi Article Here
\_ J

Figure 28: Prompt template for zero-shot prompting with the target summary positioned at the Beginning (Prompt-
B).
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N
System Prompt:

You are a professional Summary Consistency Inspector. Your task is to compare the original text
with the summary and evaluate whether the summary accurately reflects the original content.
Only check for hallucinations in the summary; omissions do not result in point deductions.

### Scoring Criteria (0-5):

*5 Points: Perfect match; no hallucinations.

*4 Points: Highly consistent; contains minor over-inference or slight semantic shifts.

*3 Points: Factually correct overall, but contains object generalization, changes in tone/intensity,
or simplified causality.

*2 Points: Significant hallucinations present (e.g., errors in time, names, numbers, or events).

*1 Point: Mostly fabricated; contains a large number of fictional events.

*(0 Points: Completely irrelevant or contains a vast amount of serious false facts.

### Output Requirements:

If the score is 3 or higher, the output must be a strict JSON object in the following for-
mat:

{

“score”: integer (0-5),

“reason”: “Reasoning for the score”

}

If the score is below 3, you must select zero or more hallucination types from the following set:

1. Entity Hallucination: Pronoun reference error (wrongly assigning a pronoun); role reversal
(swapping subject and object); entity mismatch (replacing people, organizations, or locations with
incorrect info).

2. Numerical Hallucination: Inaccurate changes to numbers, including quantity, age, time,
currency, etc.

3. Relational Hallucination: Relationship identity change (e.g., changing “teacher” to father”);
fictional relationships (adding relationships like kinship or mentorship not in the text).

4. Logical Inversion: Changing an affirmative sentence to negative, or vice versa.

5. Event Hallucination: Verb replacement (e.g., changing “’talked” to ”quarreled”); changing event
outcomes (e.g., changing “released” to “detained”).

6. Temporal Hallucination: Misordering the sequence of two or more events from the original text.
7. Causal Hallucination: Fictional causality (connecting unrelated events as cause-and-effect);
causal inversion (treating a result as a cause); causal replacement (keeping the result but replacing
the cause with something unrelated). *Note: Capturing any cause (direct, indirect, or root) is not
a hallucination. Logical inevitability or strong implications (e.g., ”as expected”) used as links are
not hallucinations.*

8. Event Fabrication: A character performing an action not mentioned in the text; fabricated
psychology/emotion (inventing mental states or moods).

The output must be a strict JSON object with no additional text, formatted as follows:

{

“reason”: ~’Type of hallucination, pointing out the key inconsistency; Type of hallucination...”,
”score”: integer (0-5),

“hallucination_types”: ["Types mentioned in the reason”]

}

*Please ensure all hallucinated points are detailed in the ’reason” field.

User Prompt:

Summary: Summary Here

Article: Article Here

\_ J

Figure 29: Prompt template for zero-shot prompting with the target summary positioned at the Beginning (Prompt-
B) (English Version).
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System Prompt:
W —2 LA — B A 5y X H R SCSHREE, PPAHR SR A TR R TR S
SRR E R BRI, WA

RS A — 2 A AT AR, 2 R json A ]

PorbRE (0-5):

54yt SERRG, TALMLISE

49y W AP RS BOE SUR NS

30yt REAHSCIER, (BAFER Gz AR R AR R R AL
20 AAEMIRLISE (). A4 BeE . FHERRR)

Loy KR WA NI, TP KR A

073+ SEAAHT B R ™ Bk B 58

WERSBORT T 3 70, ftha 2™ #% JSON, A% an T :

{

”score”: 0-5 3%,
a7reason79: 2 ?T%EEHH”
}

WEREURT 3 43, WIZIBEERUMATMPA T EEA ik 0 B 24

(D) etk s AGFE AR, BIE—BOlh R A ARt 1 Ao 5 f B, RITE
FER SRR EERR; SRR, B AN . A B R .
() BT LI R IAT TAMESR S, SRR T o . AR IR AR
(3) KARLITE: XAGEH, IO “<BI” SUR “SCR”; BHXER, HEHESORERE
KAV AR R . IS % &

o () RIEBRA: K E MO E ], SRR E O E .

(S) FELITE: S, GIANRE “RIG” By “pub”s SRR, B “woRt
WO B

(6) I RALY RSO A~ sl AN R A B SE G W

(7) RRBEDhIE - MERIRREE, IO 4 8 R TR IR K R PUREIE, A0
JEOCHY “GE” SRSy IR PR, BIREFSE PR, R T B
AR F . R MR, OB R R R 2 AR AR A
HFAETCLITE . X LN SO BAT R B2 AR AR, B OCIR] (I SRR SR AN R
10, SRS AR R, FARTCL) 5
{%@QﬁﬁiA%ﬁT*#Ei*ﬁﬁ%&%$;%ﬁﬁﬁﬁ%%,ﬁﬁk%ﬁbﬁﬁﬂ
E“%Eé ) ‘/m\o

iy th A UZ A% JSON, ARNZEH AR &SN SCA, #8040

{

“reason”: "xx ZJWE R, FEHH KRB —FON; xx LAY, FR i ORBEA—EU L
”score™: 0-5 [,

“hallucination_types™: ["reason 142 F| [ 2] 5 N 2571

}

T TE reason HL AT LIS .

User Prompt:
5 Article Here

%25 : Summary Here
\_ J

Figure 30: Prompt template for Chain-of-Thought prompting, designed to elicit step-by-step reasoning.
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System Prompt:

You are a professional Summary Consistency Inspector. Your task is to compare the original text
with the summary and evaluate whether the summary accurately reflects the original content.

Only check for hallucinations in the summary; omissions do not result in point deductions.
Please provide your analysis process step-by-step before outputting the final answer.

### Scoring Criteria (0-5):

*5 Points: Perfect match; no hallucinations.

*4 Points: Highly consistent; contains minor over-inference or slight semantic shifts.

*3 Points: Factually correct overall, but contains object generalization, changes in tone/intensity,
or simplified causality.

*2 Points: Significant hallucinations present (e.g., errors in time, names, numbers, or events).
*1 Point: Mostly fabricated; contains a large number of fictional events.

*(0 Points: Completely irrelevant or contains a vast amount of serious false facts.

### Output Requirements:

If the score is 3 or higher, the output must be a strict JSON object in the following format:

{

“score”: integer (0-5),

“reason”: “Reasoning for the score”

}

If the score is below 3, you must select zero or more hallucination types from the following
set: 1. Entity Hallucination: Pronoun reference error (wrongly assigning a pronoun); role reversal
(swapping subject and object); entity mismatch (replacing people, organizations, or locations with
incorrect info).

2. Numerical Hallucination: Inaccurate changes to numbers, including quantity, age, time,
currency, etc.

3. Relational Hallucination: Relationship identity change (e.g., changing “teacher” to father”);
fictional relationships (adding relationships like kinship or mentorship not in the text).

4. Logical Inversion: Changing an affirmative sentence to negative, or vice versa.

5. Event Hallucination: Verb replacement (e.g., changing "talked” to ’quarreled”); changing event
outcomes (e.g., changing “released” to “detained”).

6. Temporal Hallucination: Misordering the sequence of two or more events from the original text.
7. Causal Hallucination: Fictional causality (connecting unrelated events as cause-and-effect);
causal inversion (treating a result as a cause); causal replacement (keeping the result but replacing
the cause with something unrelated). *Note: Capturing any cause (direct, indirect, or root) is not
a hallucination. Logical inevitability or strong implications (e.g., ”as expected”) used as links are
not hallucinations.*

8. Event Fabrication: A character performing an action not mentioned in the text; fabricated
psychology/emotion (inventing mental states or moods).

The output must be a strict JSON object with no additional text, formatted as follows:

{

“reason”: “Type of hallucination, pointing out the key inconsistency; Type of hallucination...”,
”score”: integer (0-5),

“hallucination_types”: [’ Types mentioned in the reason”]

}

*Please ensure all hallucinated points are detailed in the “reason” field.

User Prompt:

Summary: Summary Here

Article: Article Here

\_ J

Figure 31: Prompt template for Chain-of-Thought prompting, designed to elicit step-by-step reasoning (English
Version).
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