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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 Chi-
nese novel benchmark for hallucination detec-
tion. This benchmark is constructed from 29
books, ranging from 2k to 100k tokens. We de-
sign 8 hallucination types and employ a combi-
nation 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 contents 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., 2024b; 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
et al.,, 2025; Pal et al., 2023). Novel summa-
rization is well-suited for researching hallucina-
tions in long-context summarization because it
requires inferring implicit information from dia-
logues and events, which is more complex than
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processing the explicit data found in news or aca-
demic papers (Karpinska et al., 2024a; Kryscin-
ski et al., 2022; Kim and Kim, 2025). While
traditional metrics like ROUGE (Lin, 2004) and
BERTScore (Zhang et al., 2020) are limited to lex-
ical or semantic similarity, other NLI-based ap-
proaches such as SummaC (Laban et al., 2022) and
AlignScore (Zha et al., 2023) often fail to detect
long-context hallucinations due to their on short
input windows. Consequently, there is an urgent
need for more precise evaluation 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, constructing a long-text,
multi-scale hallucination detection dataset will fa-
cilitate the identification of more reliable evalua-
tion 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
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
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Summ. Auto. Diff.
Benchmark Hallue,. °% Label Len.
Nocha (2024a) X v X X
StorySumm (2024) 4 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.
Gen.’, and ‘Diff. Len.” mean whether it is a summariza-
tion hallucination detection dataset, whether it reaches
up to 100K tokens, whether the hallucinated data is
generated through automated methods, and whether
it encompasses different levels of length, respectively.
LCHD (Liu et al., 2025) refers to the long-context hal-
lucination detection dataset.

detection in long-context novel summarization.
Based on a corpus of 29 books, we construct
five long context scenarios: S(2k~4k), M(16k),
L(32k), XL(64k), and XXL(100K), totaling 650
samples in the test set. Building on these scenarios,
eight hallucination types have been designed. Each
summary includes: whether the summary contains
hallucinations, hallucination types, identified hal-
lucinated sentences, the corrected content, and the
reasons for identifying the hallucinations. Notably,
we use human-written summaries as ground truth
to guide the LLLM generation to ensure data reliabil-
ity. The framework of our benchmark is illustrated
in Fig. 1.

Considering data authenticity and a balanced
distribution of hallucination types, we use two
complementary methods to construct the bench-
mark. One method is Multi-Model Arbitration, us-
ing Qwen2.5-7B-instruct (Yang et al., 2024) for
summary generation and cross-model verification
for data labeling, which captures more authentic
hallucinations found in LLM outputs. Another
is Entity-Referenced Hallucination Construction,
where we perturb the human-written summary by
extracting entities and use LLMs to craft halluci-
nations based on eight specific prompts, ensuring a
balanced distribution across all hallucination types.
Finally, to ensure data reliability, we conduct hu-
man revision of the test set. The advantages of
ours compared with previous long-context novel/-
book benchmarks are listed in Table 1. We evaluate
several state-of-the-art models and conduct experi-
ments using different methods on LongNovel. The
results show that LongNovel serves as a challeng-

ing benchmark for current models. Overall, our

contributions are as follows:

* We introduce LongNovel, a multi-scale Chinese
benchmark for hallucination detection in long-
context novel summarization across five levels of
length, containing eight hallucination types.

* We implement a construction approach that
combines Multi-Model Arbitration with Entity-
Referenced Hallucination Construction. 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., 2024a; 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
et al., 2025). Pham et al. (2025) extract summaries
or outlines from original book content, thereby in-
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
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Figure 1: The framework of LongNovel.
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Figure 2: Distribution of hallucination types across different context lengths.

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. Additionally, QA-based methods (Deutsch
et al., 2021; Scialom et al., 2021) verify informa-
tional faithfulness by measuring the answer con-
sistency between source texts and generated sum-
maries.

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
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
et al., 2023).

3 Longnovel Construction

3.1 Data Collection

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 = {uy,ua, ..., u,}



is segmented into a series of textual units (chapters
or paragraphs), where the length of each unit w;
ranges from 2k to 4k tokens. We employ 16 annota-
tors. For each textual unit, one annotator drafts an
initial summary, which is then revised by two other
annotators to ensure accuracy and faithfulness to
the source text. Ultimately, each unit u; is paired
with a corresponding human-written summary, de-
noted as s;. For each unit, we also generate a sum-
mary using the Qwen 2.5-7B model (Yang et al.,
2024). These model-generated summaries may
contain hallucinations.

3.2 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 A). 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 to label summaries
generated by Qwen2.5-7B-instruct (Yang et al.,
2024). In this process, GPT-40 (OpenAl, 2024)
and Claude 3 Opus (Anthropic, 2024) first con-
duct independent evaluations. Specifically, they
determine whether the output is a hallucinated sum-
mary h;, which contains inconsistencies, or a non-
hallucinated summary g;, which remains faithful to
the original source. If their outputs match, the re-
sult is accepted. Otherwise, Gemini-2.5-Pro (Co-
manici et al., 2025) serves as the arbitrator to re-
solve the inconsistency.

Entity-Referenced Hallucination Generation.
We first extract entities such as names, organiza-
tions, and numbers from the human-written sum-
mary s;. Then, with the extracted entities as ref-
erences, GPT-4o0 is employed to rewrite s; into a
corresponding hallucinated summary h; based on
eight prompts, each corresponding to a specific hal-
lucination type, as shown in Appendix I.1. Simul-
taneously, GPT-40 generates a non-hallucinated
summary g; to enhance data diversity.

In the construction of our dataset, sum-
maries without hallucinations are labeled as
non-hallucinated summaries. For hallucinated

samples, we provide the hallucination type, the
hallucinated sentence, the corrected version, and
the reason for the judgment.

3.3 Length Extension

To evaluate the model’s performance across vari-
ous lengths, we use Qwen3 (Yang et al.) tokenizer
to process textual units and categorize the dataset
into five ranges: 2k, 16k, 32k, 64k, and 100k.
Assuming the target length requires k consec-
utive textual units, let the input context be X =
[tt, Ugt1, .- uprp—1]. Each unit u; corresponds
to three summary versions: a human-written sum-
mary s;, a non-hallucinated version g; generated
by GPT-40, and a hallucinated version h;. We
construct Y}D((Q and ergg as the hallucination-free
and hallucinated summary sequences for X respec-
tively by replacing the j-th textual unit’s summary:

Y(]) = [St, .

pos S 8j—1, R, Sy Stpk—1]
eréz, = [s¢,- - 1 85—15955 Sj+15 - - oy St4k—1]

The hallucination types and the annotations of
the hallucinated sentences in the negative samples
are identical to those in h;.

3.4 Human Revision

To guarantee the reliability of the benchmark, an
annotator reviews the entire test set with assis-
tance from Gemini-2.5-Pro to identify potential
hallucinations and corrects them if necessary. To
ensure the quality, two annotators validate 186
summaries from the test set. The inter-annotator
agreement reaches 0.946 for the binary classifica-
tion of whether a summary contains hallucinations,
demonstrating the high quality of the final bench-
mark. More details w.r.t. human revision are
shown in Appendix C.

3.5 Dataset Statistics

The benchmark consists of 8,104 samples, split
into a training set of 7,454 samples and a test set of
650 samples. Table 2 shows the statistics of Long-
Novel. The token sequence length of the test set is
detailed in Table 3.

To evaluate model performance across different
error types, we analyze the distribution of hallu-
cination categories within the test set. As illus-
trated in Fig. 2, the distribution of hallucination
types remains relatively balanced across various

https://github.com/openai/tiktoken
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Context Train Test

Length Hallu. Non-H. Total Hallu. Non-H. Total
S 1,511 1,107 2,618 75 75 150
M 1,147 1,010 2,157 75 75 150
L 1,379 1,300 2,679 75 75 150
XL - - - 50 50 100
XXL - - - 50 50 100
Total 7,454 650

Table 2: Statistics of LongNovel. Hallu. and

Non-H. represent the counts of hallucinated and non-
hallucinated samples. Ratio indicates the ratio of the
source article length to the summary length.

100 4
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Figure 3: Proportional distribution of hallucination po-
sitions (beginning, middle, and end) within the input
context. Blue, red, and yellow represent the beginning,
middle, and end, respectively.

text lengths. Furthermore, we examine the rela-
tive position of hallucinations within the input con-
text. As shown in Fig. 3, hallucinations in the test
set are uniformly distributed across the beginning,
middle, and end segments of the text. This uniform
distribution is critical for long-context evaluation
as it compels the model to process the entire con-
text comprehensively rather than relying on posi-
tional shortcuts, such as the lost-in-the-middle phe-
nomenon (Liu et al., 2024), where models tend to
focus only on the beginning and end of a document.

4 Experiments

4.1 Baselines

We evaluate several state-of-the-art models with
strong Chinese language capabilities on the bench-
mark. The Open-Source Models include the In-
ternLM series (Cai et al.) (InternL.M2.5-20B-chat,
Intern.M3-8B-instruct), GLM-4-9B (GLM et al.,
2024), Llama3.1-8B (Grattafiori et al., 2024), and
the Qwen3 series (Yang et al.) (8B, 14B, and 32B).
For Commercial Models, we include the GPT
series (GPT-4.1 and GPT-5), Claude-4-sonnet,

the DeepSeek series (DeepSeek-v3 (DeepSeek-Al
et al.), DeepSeek-r1 (DeepSeek-Al et al., 2025)),
and Gemini-2.5-Flash (Comanici et al., 2025).

4.2 Experimental Setup

We employ vLLM (Kwon et al., 2023) for the infer-
ence of open-source models across all benchmarks.
For the 32k, 64k, and 100k tests, we implement
YaRN (Peng et al., 2024) scaling, expanding the
context length from 32k to 128k. For commercial
APIs, the temperature is set to 0 to ensure consis-
tent outputs. To guarantee the reliability of our re-
sults, each experiment for the open-source models
is repeated at least three times. Details are in Ap-
pendix E.1.

4.3 Evaluation Metrics

We evaluate performance using binary accuracy
for both hallucinated and non-hallucinated classes.
Specifically, we compute the Average Accuracy
(Acc.), defined as the arithmetic mean of the
accuracies achieved on hallucinated and non-
hallucinated instances, to provide a balanced mea-
sure of classification performance. In addition to
Average Accuracy, we employ the Matthews Cor-
relation 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 LLMs,
along with a prompt defining the criteria that
guide the model in distinguishing between hallu-
cinated and non-hallucinated summaries. We de-
fine two prompt types: target summary at the Be-
ginning (Prompt-B) and target summary at the End
(Prompt-E), as shown in Appendix 1.2.

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 1.2.



Model S (n=150) M (n=150) L (n=150) XL (n=100) XXL (n=100)

Min Mean Max Min Mean Max Min Mean Max Min  Mean Max Min  Mean Max
InternLM-3  2.21 348 476 13.15 1741 2042 3348 3599 40.12 66.81 7024 7141 97.25 107.66 111.33
GLM-4 1.99 3.06 426 12.13 1528 17.53 29.09 3144 3452 60.11 6228 64.12 8948 9634  98.78
Qwen-3 2.01 3.15 434 1276 1567 17.99 29.63 3238 3549 6299 64.85 66.21 9431 100.44 102.68
GPT-40 352 535 7.16 2099 26.22 30.02 53.75 58.01 6392 10529 116.53 124.05 15499 170.02 175.64

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

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.

Retrieval-Augmented Generation (RAG). In
RAG-based hallucination detection, a common ap-
proach is to retrieve the most similar chunks from
the source article to serve as evidence supporting
each sentence in the summary. However, a signif-
icant limitation of this method is that the retrieved
segments may lack temporal coherence, failing to
preserve the corresponding chronological changes
of events. For instance, if a summary sentence de-
scribes an early-stage event but is matched with
text chunks from a later stage, models may fail to
identify whether there is a hallucination due to the
misalignment.

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 is verified as con-
sistent with its respective document window. We
set the block size to 5,500 characters for the source
article and 150 characters for the summary. More
details are shown in Appendix D and Appendix G.

5 Experimental Results and Analysis

5.1 Main Results

We calculate Accuracy and MCC. across various
context lengths for both open-source and commer-
cial models, and the detailed performance statistics
are presented in Table 4. Full results are shown in
Appendix F. Negative MCC. values such as Llama-

3.1-8B-instruct result from formatting failures, pri-
marily repetitive outputs, that prevent valid JSON
generation. We treat such instances as incorrect
predictions. From the results, we can draw the fol-
lowing conclusions:

(1) Performance exhibits a downward trend as
context length increases. Almost all models show
a significantly higher average accuracy at 2k con-
text compared to 100k. For instance, InternLM2.5-
20B drops from 68.67% at 2k to 49.33% at 32k. At
the 64k and 100k stages, some negative Matthews
Correlation Coefficient scores shows the decline in
instruction-following capability. Models produce
repetitive outputs or generate novel summaries in-
stead of answering the questions in JSON format,
as detailed in Appendix H.4 and Appendix H.5.

(2) Chain-of-Thought prompts enhance halluci-
nation detection accuracy in short-context scenar-
ios. However, this performance gain diminishes
in 64k and 100k context and even leads to a re-
duction in accuracy. For example, DeepSeek-v3
raises from 58.00% to 74.67% at 2k but drops from
51.00% to 44.00% at 100k. This indicates that rea-
soning steps help resolve hallucinations in short-
context scenarios.

(3) In the 2k to 100k range, the SFT models
achieve average accuracy significantly higher than
both the base and CoT versions, reaching 60.00%
at 100k compared to only 53.00% for the base
version. This demonstrates that specialized fine-
tuning of open-source models for length extrapo-
lation is an effective strategy for hallucinations de-
tection in long-context tasks.

(4) RAG strategy shows limitation in 64k con-
text and although its performance scales slightly
better at 100k, where GPT-4.1 with RAG achieves
aMCC. of 0.2521, outperforming its base and CoT
counterparts, it still fails to match the overall per-
formance of SFT at both scales. This may be be-
cause dividing summaries into smaller chunks in-
creases the number of decisions the model must
gives, leading to the accumulation of errors from
individual judgments.



Model S (2k ~ 4k) M (16Kk) L (32k) XL (64Kk) XXL (100K)
Acc. MCC. Acc. MCC. Acc. MCC. Acc. MCC. Acc. MCC.
Open-Source Models
InternLM2.5-20B 68.67 0.3734 60.67 0.2287 49.33 -0.0142 49.00 -0.1005 44.00 -0.1267
InternLM3-8B-instruct 60.67 0.3282 50.00 0.0000 49.33 -0.0819 51.00 0.1005 51.00 0.1005
GLM-4-9B 55.33 0.1833 50.89 0.0934 49.56 -0.0546 50.00 0.0000 50.00 0.0000
Llama3.1-8B-instruct  45.56 -0.1041 40.89 -0.1831 3.33 -0.9341 0.00 -1.0000 0.00 -1.0000
SFT 73.56 0.4965 59.11 0.1824 50.00 0.0000 12.00 -0.7829 0.00 -1.0000
—RAG - - - - - - 50.00 0.0000 50.00 0.0000
Qwen3-8B 65.78 0.3164 61.56 0.2907 48.89 -0.0228 53.00 0.0673 53.00 0.0693
CoT 68.44 03698 60.89 02597 57.11 0.1456 5433 0.0971 52.67 0.0540
—SFT 77.33 0.5516 6556 0.3137 66.00 0.3333 61.00 0.2368 60.00 0.3077
—RAG - - - - - - 50.00 0.0000 50.00 0.0000
Qwen3-14B 64.22 03216 5533 0.1183 5422 0.1189 45.67 -0.1696 52.67 0.0456
CoT 66.00 0.3563 6222 02564 56.00 0.1497 53.00 0.0638 46.67 -0.0737
Qwen3-32B 69.11 04217 67.11 03423 49.11 -0.0220 53.00 0.0645 54.00 0.1153
CoT 74.89 0.5245 6444 0.2891 51.78 0.0420 43.00 -0.1430 54.67 0.0971
—RAG - - - - - - 50.00 0.0000 50.00 0.0000
Commercial Models

DeepSeek-v3 58.00 0.2949 50.00 0.0000 48.00 -0.0426 50.00 0.0000 51.00 0.0459
CoT 74.67 04998 60.67 0.2343 5733 0.1909 57.00 0.1960 44.00 -0.1286
DeepSeek-r1 63.33 0.3922 52.00 0.0711 48.67 -0.0278 52.00 0.1429 51.00 0.0349
CoT 74.00 0.4874 64.00 0.2905 53.33 0.0923 48.00 -0.0737 45.00 -0.1400
Gemini-2.5-Flash 70.67 0.4455 50.67 0.0371 50.67 0.0819 47.00 -0.1176 49.00 -0.021
CoT 68.67 04002 50.67 0.0476 50.67 0.0819 49.00 -0.1005 49.00 -0.1005
Claude-4-sonnet 59.33 03024 61.33 0.2584 54.00 0.0849 54.00 0.0937 50.00 0.0000
CoT 80.67 0.6160 64.67 0.3580 49.33 -0.0281 52.00 0.0436 51.00 0.0266
—RAG - - - - - - 50.00 0.0000 56.00 0.1562
GPT-4.1 79.33 0.5867 62.67 0.2541 52.67 0.0533 53.00 0.0765 51.00 0.1005
—CoT 81.33 0.6614 64.67 0.3764 56.00 0.2133 51.00 0.1005 51.00 0.1005
——RAG - - - - - - 51.00 0.1005 59.00 0.2521
GPT-5 67.33 0.38060 68.00 0.3766 61.33 0.2287 59.00 0.1845 51.00 0.0220
—~CoT 69.33 04219 64.00 0.2985 54.67 0.0936 54.00 0.0873 44.00 -0.1209
—RAG - - - - - - 50.00 0.0000 57.00 0.2081

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

second-best is underline.

5.2 Analysis and Case Study

Which Hallucination Types are Easier to De-
tect? As shown in Figure 4, Event Fabrication
stands out as the most detectable hallucination
type for many models. For instance, Qwen3-8B-
SFT achieves its highest recall of 0.74 in this
category. Temporal Hallucinations are tend to
be the most difficult to detect. Many models,
such as InternLM3-8B-instruct and GLM-4-9B-
chat, show recall rates near 0.00 for these types.
This indicates that content completely absent from
the source text is relatively easy to detect. How-
ever, when the content exist in the source but the

chronological order of events is altered, it becomes
significantly more challenging to identify.

Which Hallucination Positions are Easier to De-
tect? To mitigate the potential influence of hal-
lucination types on position-based performance,
we selected four hallucination types (Numerical
Hallucination, Logical inversion, Event Hallucina-
tion and Entity Hallucination) with median Recall
scores based on the results in Fig. 6. We then cal-
culate the hallucination detection recall at different
positions (Beginning, Middle, and End) in various
context lengths (2k, 16k, 32k, 64k, and 100k), as
illustrated in Fig. 5.
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Figure 4: Recall performance of various LLMs

across different hallucination types. Note that mod-
els are abbreviated as follows: Ml1: Claude-4-
sonnet, M2: DeepSeek-rl, M3: DeepSeek-v3, M4:
GLM-4-9B-chat, M5: GPT-4.1, M6: GPT-5, M7:
Gemini-2.5-Flash, M8: InternLM?2.5-20B-chat, M9:
InternLM3-8B-instruct, M10: Llama3.1-8B-instruct,
MIl11: Qwen3-14B, M12: Qwen3-32B, M13: Qwen3-
8B, M14: Llama3.1-8B-instruct-SFT, M15: Qwen3-
8B-SFT. The hallucination types are abbreviated as
follows: EVE_HAL: Event Hallucination, REL_HAL.:
Relation Hallucination, LOG_INV: Logical Inversion,
CAU_HAL: Causal Hallucination, ENT_HAL: Entity
Hallucination, NUM_HAL: Numerical Hallucination,
TEM_HAL: Temporal Hallucination, and EVE_FAB:
Event Fabrication.

Hallucinations in the middle position yield the
lowest recall at 2k, 64k, and 100k lengths. At the
16k scale, the recall for the middle also remains sig-
nificantly lower than that of the beginning. While
this pattern exhibits some fluctuations across dif-
ferent scales, for instance, at 32k, the middle re-
call (0.165) is slightly higher than that of the end
(0.142), the overall results confirm that the halluci-
nations at the beginning of the context are the most
detectable.

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

First, models may fail to comprehensively pro-
cess or may misread both the source text and its cor-
responding summary, directly resulting in wrong
detection outcomes. Second, in some cases, the
model identifies a hallucination yet produces a cor-
rection that is identical to the original sentence.
However, most of these cases are faithful and do
not need corrections. Third, a deficiency in rea-

Beginning
Middle
End

0.6-
0.5-
= 04-
g
2o03-
0.2-
0.1-
0.0 |

2k 16k 32k 64k 100k
Context Length

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

types.

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 Chinese long-context
dataset for hallucination detection in novels, based
on human-annotated summaries. It comprises five
subsets ranging from 2k to 100k tokens, totaling
650 human-revised samples. Our extensive exper-
iments on LongNovel reveal that current large lan-
guage models still lack sufficient capability in long-
context hallucination detection tasks. We hope that
LongNovel will provide useful insights for future
research in this field.

Limitations

While the LongNovel dataset ensures plot coher-
ence through concatenated sequences, the con-
struction of negative samples for hallucination de-
tection is primarily constrained within a 2k to 4k
token range, which may impose a ceiling on the
model’s performance. Furthermore, our study is



limited to open-source models with up to 32B pa-
rameters. Consequently, the generalization capa-
bilities of large-scale models, such as Qwen2.5-
72B and Llama-3.1-70B, have not yet been in-
vestigated. Finally, as LongNovel is a Chinese-
language dataset, the applicability of our findings
to cross-lingual tasks and non-novel domains re-
mains to be further validated in future research.
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A 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).

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.
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Numerical Hallucination Numerical Hallucina-
tion occurs when a summary introduces numerical
data that is inconsistent with the source text. This
encompasses difference in quantities, ages, or mon-
etary 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.

B LongNovel Dataset

The LongNovel benchmark is constructed from
publicly available literary works. We have manu-
ally reviewed the dataset to ensure it contains no


https://aclanthology.org/2025.findings-acl.421/
https://aclanthology.org/2025.findings-acl.421/
https://aclanthology.org/2025.findings-acl.421/
https://aclanthology.org/2025.findings-acl.421/
https://aclanthology.org/2025.findings-acl.421/
https://doi.org/10.18653/V1/2023.ACL-LONG.634
https://doi.org/10.18653/V1/2023.ACL-LONG.634
https://doi.org/10.18653/V1/2023.ACL-LONG.634
https://doi.org/10.18653/v1/2025.findings-acl.264
https://doi.org/10.18653/v1/2025.findings-acl.264
https://doi.org/10.18653/v1/2025.findings-acl.264
https://doi.org/10.18653/v1/2025.findings-acl.264
https://doi.org/10.18653/v1/2025.findings-acl.264
https://openreview.net/forum?id=SkeHuCVFDr
https://openreview.net/forum?id=SkeHuCVFDr
https://openreview.net/forum?id=SkeHuCVFDr
https://arxiv.org/abs/2505.22296
https://arxiv.org/abs/2505.22296
https://arxiv.org/abs/2505.22296
https://arxiv.org/abs/2505.22296
https://arxiv.org/abs/2505.22296

Ranking of Hallucination Detection Rate

Event Fabrication
Relation Hallucination
Numerical Hallucination
Logical Inversion

Event Hallucination
Entity Hallucination
Causal Hallucination

Temporal Hallucination

I T T T T T T T T
0.00 005 010 0.15 0.20 0.25 0.30 0.35 0.40
Average Recall

Figure 6: Average recall score of hallucination types.

sensitive personally identifying information (PII)
of living individuals.

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
all active working hours, including both the trial
and main annotation phases.

C.2 Hallucination Annotation

The revision process is conducted by two authors
of this study (one female and one male), who are
researchers specializing in Natural Language Pro-
cessing. Following the NoCha annotation frame-
work (Karpinska et al., 2024a), they are provided
with minimal pairs of summaries with and with-
out hallucinations. After reading the guidelines
shown in Fig. 9, the annotators are required to iden-
tify the presence of hallucinations, the specific hal-
Iucinated sentences, and provide detailed explana-
tions.

D RAG framework

To enhance the precision of hallucination detec-
tion and minimize interference from irrelevant con-
text, we design a RAG framework. The prompt is

13

shown in Appendix 1.2. Specifically, we split the
document D and the summary S into smaller seg-
ments. The document is partitioned into /N blocks
D = {Dy,D1,...,Dn_1}, and the summary is
divided into M blocks & = {Sp, S1,...,Snm—1}
We employ the BGE-M3 model to project each
summary block S; and document block D; into
their embedding vectors s; and d; and then com-
pute the cosine similarity between the embedding

vectors
Sj . di

v 1

ey
The alignment and windowing process follows
these steps:

1. Initialization: For the first summary block
So, we set the initial document index kg
0 and define the initial window as W, =
{0, 1,2}, which provides the model with the
first three document blocks.

. Dynamic Matching: Forj =1,...,M — 1,
we retrieve the set C; containing indices of the
top K = 5 document blocks with the high-
est similarity to .S;. Since the single highest-
ranking match does not always correspond to
the correct article, we retrieve the top K = 5
document blocks for each S; instead of just
the top one. Let k;_1 be the index of the doc-
ument block aligned with S;_1. We calculate
the distance A; = i — kj_q for Vi € C;.
If there exists an ¢ € C; such that A; €
{0, %1, £2}, we set k; to the index with the
highest similarity within this constraint; oth-
erwise, we set k; = k; 1 + 1.

. Window Construction: The context window
size Wiize is determined dynamically:

Wsize = {

where the window is centered at kj.

5 if Ay €{0,1}

7 otherwise

2

We set the block size to 5,500 characters for the
source article and 150 characters for the summary.

E Experimental Setup Details

E.1 Baseline Evaluation

We employ extrapolation strategies by configuring
vLLM initialization parameters. For the Qwen se-
ries and InternL.M series, we configured 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 config-
urations, a learning rate of 5e-6 is applied using
a cosine scheduler with zero warmup. All experi-
ments maintain under a fixed seed of 42. For fine-
tuning on 16K sequences, we initially performed a
100-step fine-tuning on 2K data before proceeding
to the full 16K fine-tuning. For evaluations at 32K,
64K, and 100K scales, we conduct an initial 100-
step fine-tuning on 16k data before proceeding to
32k scale. We set 2 epochs of training throughout
each stage of the process. 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 1.2.

F Full Results

As shown in Table 5 and Table 6, models exhibit
distinct biases during hallucination detection. For
instance, Gemini-2.5-Flash achieves high accuracy
on hallucination instances but low accuracy on non-
hallucination instances, indicating a bias toward
predicting hallucinations. Conversely, GLM-4-
9B-chat and InternLM3-8B-instruct demonstrate
an opposite tendency toward non-hallucinated la-
bels. This suggests differences in the internal deci-
sion thresholds used by different models to identify
hallucinations.

When the target summary is positioned at the
beginning (Prompt-B), models fail to integrate the
summary with the long article context, leading to
the decline in the detection accuracy. And placing
the target summary at the end performs better for
most models.

We calculated the recall rates across different
categories of hallucinations, as shown in Fig. 6.
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Figure 7: Comparison of different article chunk sizes
on RAG performance of GPT-4.1 and GPT-5.
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Figure 8: Comparison of different summary chunk sizes
on RAG performance of GPT-4.1 and GPT-5.

Event Fabrication is the most identifiable halluci-
nation type, achieving the highest average recall.
Conversely, Temporal Hallucination presents the
greatest challenge, yielding the lowest recall rate.

G Ablation Study for RAG

To optimize the RAG performance, we conduct
experiments comparing five article chunk sizes
across two models at 64k and 100k scales, as il-
lustrated in Fig. 7. When the size falls below this
threshold, effectiveness decreases because the seg-
ments fail to provide sufficient context to cover the
content required for the summary blocks.

Furthermore, as shown in Fig. 8, we conduct
tests by varying the summary block size while
keeping the source article chunk size fixed at 5,500
and identify 150 characters as the optimal configu-
ration.



S (2k ~ 4k) M (16k) L (32k)

Model

Hallu. Non-H. Acc. MCC. Hallu. Non-H. Acc. MCC. Hallu. Non-H. Acc. MCC.
Open-Source Models
InternLM2.5-20B 68.00 69.33 68.67 03734 78.67 42.67 60.67 0.2287 66.67 32.00 49.33 -0.0142
InternLM3-8B-instruct 22.67 98.67 60.67 0.3282 0.00 100.0 50.00 0.0000 0.00 98.67 49.33 -0.0819
GLM-4-9B 14.67 96.00 5533 0.1833 1.78 100.0 50.89 0.0934 0.00 99.11 49.56 -0.0546
Llama3.1-8B-instruct  71.56 19.56 45.56 -0.1041 45.78 36.00 40.89 -0.1831 1.33 5.33  3.33 -0.9341
SFT 5778 89.33 73.56 0.4965 56.89 61.33 59.11 0.1824 0.00 100.00 50.00 0.0000
Qwen3-8B 6222 6933 65.78 03164 31.11 92.00 61.56 0.2907 43.11 54.67 48.89 -0.0228
——CoT 64.89 72.00 68.44 0.3698 33.78 88.00 60.89 0.2597 48.00 66.22 57.11 0.1456
—SFT 70.67 84.00 77.33 0.5516 59.11 72.00 65.56 0.3137 52.00 80.00 66.00 0.3333
Qwen3-14B 87.56 40.89 64.22 03216 76.89 33.78 5533 0.1183 89.33 19.11 54.22 0.1189
CoT 88.00 44.00 66.00 0.3563 77.33 47.11 6222 0.2564 8578 26.22 56.00 0.1497
Qwen3-32B 90.22 48.00 69.11 04217 66.67 67.56 67.11 0.3423 79.56 18.67 49.11 -0.0220
——CoT 90.67 59.11 74.89 0.5245 63.11 65.78 64.44 0.2891 76.89 26.67 51.78 0.0420
Commercial Models

Claude-4-sonnet 98.67 20.00 59.33 0.3024 85.33 37.33 61.33 0.2584 37.33 70.67 54.00 0.0849
CoT 85.33 76.00 80.67 0.6160 36.00 93.33 64.67 0.3580 5.33 93.33 49.33 -0.0281
DeepSeek-v3 100.00 16.00 58.00 0.2949 89.33 10.67 50.00 0.0000 30.67 65.33 48.00 -0.0426
CoT 82.67 66.67 74.67 0.4998 81.33 40.00 60.67 0.2343 2533 89.33 57.33 0.1909
DeepSeek-rl 100.00 26.67 63.33 0.3922 93.33 10.67 52.00 0.0711 34.67 62.67 48.67 -0.0278
CoT 82.67 6533 74.00 0.4874 77.33 50.67 64.00 0.2905 26.67 81.08 53.33 0.0923
Gemini-2.5-Flash 89.33 52.00 70.67 0.4455 97.33 4.00 50.67 0.0371 100.00 1.33 50.67 0.0819
CoT 86.67 50.67 68.67 0.4002 98.67 2.67 50.67 0.0476 100.00 1.33 50.67 0.0819
GPT-4.1 80.00 78.67 79.33 0.5867 58.67 66.67 62.67 02541 52.00 53.33 52.67 0.0533
——CoT 65.33 97.33 81.33 0.6614 3333 96.00 64.67 0.3764 14.67 97.33 56.00 0.2133
GPT-5 89.33 4533 67.33 0.3860 82.67 53.33 68.00 0.3766 68.00 54.67 61.33 0.2287
—CoT 89.33 49.33 69.33 04219 8133 46.67 64.00 0.2985 58.67 50.67 54.67 0.0936

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

Model
Hallu. Non-H. Acc. MCC. Hallu. Non-H. Acc. MCC.
Open-Source Models
InternLM2.5-20B 98.00 0.00 49.00 -0.1005 28.00 60.00 44.00 -0.1267
InternLM3-8B-instruct ~ 2.00 100.00 51.00 0.1005 2.00 100.00 51.00 0.1005
GLM-4-9B-chat 0.00 100.00 50.00 0.0000 0.00 100.00  50.00 0.0000
Llama3.1-8B-instruct 0.00 0.00 0.00 -1.0000  0.00 0.00 0.00 -1.0000
—SFT 0.00 28.00 14.00 -0.7500  0.00 0.00 0.00 -1.0000
—RAG 100.00 0.00 50.00 0.0000 100.00 0.00 50.00 0.0000
——RAG* 100.00 0.00 50.00 0.0000 100.00 0.00 50.00 0.0000
Qwen3-8B 30.67 75.33  53.00 0.0673  28.00 78.00 53.00 0.0693
CoT 32.00 76.67 5433 0.0971 44.67 60.67 52.67 0.0540
—SFT 36.00 87.33 61.67 0.2720 22.00 96.00 59.00 0.2676
——RAG 100.00 0.00 50.00 0.0000 100.00 0.00 50.00 0.0000
——RAG* 100.00 0.00 50.00 0.0000 100.00 0.00 50.00  0.0000
Qwen3-14B 58.67 2533 4200 -0.1696 76.00 28.00 52.00 0.0456
CoT 71.33 34.67 53.00 0.0638 67.33 26.00 46.67 -0.0737
Qwen3-32B 72.00 34,00 53.00 0.0645 18.00 90.00 54.00 0.1153
CoT 54.00 32.00 43.00 -0.1430 41.33 68.00 54.67 0.0971
——RAG 100.00 0.00 50.00 0.0000 100.00 0.00 50.00 0.0000
——RAG* 100.00 0.00 50.00 0.0000 100.00 0.00 50.00 0.0000
Commercial Models

Claude-4-sonnet 28.00 80.00 54.00 0.0937 82.00 30.00 56.00 0.0000
CoT 32.00 72.00 52.00 0.0436 18.00 84.00 51.00 0.0266
—RAG 100.00 0.00 50.00 0.0000 100.00 0.00 50.00 0.0000
——RAG* 4.00 32.00 18.00 -0.6667 28.00 78.00 53.00 0.0693
DeepSeek-v3 2.00 98.00  50.00 0.0000 6.00 96.00 51.00 0.0459
CoT 22.00 92.00 57.00 0.1960 26.00 62.00 44.00 -0.1286
DeepSeek-rl 4.00 100.00 52.00 0.1429 10.00 92.00 51.00 0.0349
CoT 6.00 90.00 48.00 -0.0737 10.00 80.00 45.00 -0.1400
Gemini-2.5-Flash 90.00 4.00 47.00 -0.1176  64.00 34.00 49.00 -0.0210
CoT 98.00 0.00 49.00 -0.1005 98.00 0.00 49.00 -0.1005

GPT-4.1 22.00 84.00 53.00 0.0765 2.00 100.00 51.00 0.1005
GPT-4.1* 100.00 0.00 50.00 0.0000 100.00 0.00 50.00 0.0000
—~CoT 2.00 100.00 51.00 0.1005 2.00 100.00 51.00 0.1005
——RAG 100.00 2.00 51.00 0.1005 94.00 24.00 59.00 0.2521
—RAG* 100.00 0.00 50.00 0.0000 88.00 10.00 49.00 -0.032

GPT-5 70.00 48.00 59.00 0.1845 30.00 72.00 51.00 0.022
GPT-5% 46.00 48.00 47.00 -0.0600 4.00 84.00 44.00 -0.2000
—~CoT 74.00 34.00 54.00 0.0873 50.00 38.00 44.00 -0.1209
——RAG 100.00 0.00 50.00 0.0000 94.00 20.00 57.00 0.2081
——RAG* 100.00 0.00 50.00 0.0000 100.00 2.00 51.00 0.1005

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

H.1 Failure in Comprehensively Understanding

This case is a non-hallucination example, which demonstrates that the model failed to comprehensively
understand the text. Although the article initially mentions a double bounty being rejected, the bounty
was later increased to triple and subsequently accepted. The model only captures the initial offer of double
bounty, leading to an incorrect judgment.

(Case on Gemini-2.5-Flash with 16k Dataset A

Article: ...... WERITE RGN S I PR E & EHC TR, F—rdat@h = RS T KHHE, #ahiE: <5
SRARAE D B RIRSRITIR ! TR AT RGNS 7 \n REFI 440X TR AHEE T . \n BT,
JESRAAE AT . \n X HHE M E R BOGEE A T . \n = IEXEIREHE: =6, IRARET R0, &
TERIBRITRI A FHE.” T A U

Summary: ... AT TN, HEHTFRKEW, BVELIERNE SRS, B ERIRLERESE, =IEX
NF......

Gemini2.5-Flash: \"hallucinated_sentence\”: \” A8 A ITI5- &35 KM, B2 T KRR, SNEEIENEEHE,
T IENGREERE, IRV R 7, Vcorrected_content\”: \” HEABEFT AR H MG, (E2 T REM, BN %A
ZIE RS L, TS I RSERE, Z1ERUY T . V7, reason\™: 7 R SC R B0 “IRAVRMAE! Y, Tilke
k*%ﬂ’ﬁ% CEREET, AR, BT HEOLI AR . V7

J

H.2 Hallucination Correction for Faithful Sentences

This case is a non-hallucination example. However, the model identify a sentence as hallucination and
the correction is identical to the original one. The reasoning shows that the model mistook a character’s
name in the summary for a different character.

(Case on Qwen3-14B with 64k Dataset )

Article: ...... A TR R R EERRICAGE, UK, SMRWZEPE N EE, hREaE SR, X0
TR E MW, s SRl it 7 B L8 00, P2 R S —ile , XTI /KTH T BB s o
WO EM . TN F2 =00 F 9%, ORSFERAEX SR, Sl —F....

Summary: ...... T 2 =R AL o ARG B 5 5 R A B 2 I, P iR — T
Qwen3-14B: \"hallucinated_sentence\™: \” i 7 Ji 5 1] B 2% -5 B i At BHAA L 2 Bk .\, \"corrected_content\”: \”
A PR Y] B % 5 i A At B BE Bk . \7, \Ureason\”: \° JRSCES 44 B F) TR MBI Z BIAY— S840y, 27
ARTE B, BIRRERE) i PR R B ARTOAEE, M EAT R i B Bl WU . JRICE 46 F
&ﬁlgﬁ\tﬂfﬂ’ TR B SRR R A, (BRSBTS R B R B, \7

_/

H.3 Limitations in Logical Reasoning

This case shows that the model fails to reason by overlooking the context where "North” (He LiLun) is
gathering strength, logically implying a southward advance toward the ”Central Plains” (Zhong Yuan)
mentioned in the text.

(Case on GPT-5 with 2k Dataset A

Article: ...... FEREGE, B kBT, MEA, “PTHABKSITH, SR, MEAMATIL A =T H (3R
BIRT, T XGE, “YHGHEETE, TRXNSEZ T ED AR RS, BTIRE, R8I,
HPREEE R, REEFET. 7 ...

Summary: ...... WA A, BitESR T ...

GPT-5: \"hallucinated_sentence\”: \” ¥ (15U A, HiitEZRm TR, \7, \"corrected_content\”: \” ¥ i #1153
BWrA, (HEXNE DB EAR; REAFRTEI S AIEE, TEEH SRR, KRR ULS a5
PR R V7, Vreason\”: \7 JFESCH P “ME 2 FED SN BN, B THE, E2MN8AWE, PEEER
\E\, AREFHE T, PRI “TTEBRE TR, XTI M A5 45 W .
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H.4 Repetition Output

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

(Case on Llama 3.1-8B with 64k Dataset )

AEMS LS5 T T A% T, SHREREREMREREREREMEMEMRENSMSMEMNEMREMRSR
ERERERERZREREMEMNEREREMEREMNZREMEMEMNEMNZREMSMEMERER
R RERERZRERSMEMNEREREMSMERNERNEREMSMERNEREREMSREMREZR
R R R R E R RN RS RN RERENENZ S RERZRE y

\

(Case on Llama 3.1-8B with 100k Dataset

HHL 2 HED A S O HET. SO 10, 11 120 13, 3 14 ## 15, ## 16, ## 17. ## 18. ## 10.
## 20, ## 21, ## 22, ## 23, ## 24, 25, #HF 25, #HE 12, HE 13, 1 14, ## 15, ## 16. #4# 17. ## 18. ## 19. ## 20. ## 21.
H#H# 22, ## 23, ## 24, ## 25, 4 12, ## 13, #H# 14, # 15, 16, ## 17, ## 18, ## 19, ## 20. ## 21. ## 22. ## 23. ## 24.

##25. ## 12, ## 13. ## 14. ## 15. ## 16.
\_ J

~\

(Case on Deepseek-v3 with 100k Dataset

MRS B E SO EE, BAFXHE BT, IR AAAEL) S AR R 0R T 55 BERA rh i S, 531
VG B EGE . WU TR TENT, HOCUYRT S HE LTSRN A HE A 2] 50, \n\nt AL \n
L BRI EREOC, AR EAAEL A S ESCRFFI NS, X BT Z ARG AT 55 U E LT 58
P PR RVEA T \n\nl. o R RER BN TR AR T SIESOREE 0 \n - BUCHEIE T
AJLHEA BRI < FAEMADGEIEN" (5 49 FoARRE), HXPAL 2 LML, MR R P e
W PN B AR A2 T By, HESE ERSC EOCR T A A S A2 ) LAIEE
JUe \n - BRTT, AHZEYL TR LR, RSO TR LBEA G R IR S AL (28 LA
L), WX — AR B 258 (ARSI FERAE . \n\n2. ** f2ig 4 = lETF” 561
R MR BIBFIER R R W TR R BRI £ L SECSORME 0 \n - JFUCHE : HRILE S
\ﬂ(%5ﬁﬁaﬁ%%%ﬁ

H.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 on Claude-4-sonnet with 64k Dataset )

R A KT WAL I A A I8 G DI S i 2. g R SE 3. B, DY DURAIZZ R IT, i
B AR, WA . S, BOAS SAAD K. \n\nt* R AMAITETL: ....\n- BLE AR XA
AL 52 R \n\n S SR BOE AR M BRSSO TR S PN IR A S L R RN PR A TR
i AE.

J

H.6 Self-contradictory Judgement

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

( Case on Deepseek-r1 with 16k Dataset w

\’has_hallucination\”: \” #54]%\”, \"hallucinated_sentence\”: \” [ i\, 758 1R A—332 IR A
W, HE B, 7, Vcorrected_content\”: \” filii& i\, RAHFFEREIREEAAN—FLZHMIHAW, HEARK. V7,
V"reason\”: \” AR SR S IR SC—8, Togld, [EABRFRE T, A FRIE L) HE. \7
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H.7 Over-Correction

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

(Case on Gemini-2.5-Flash with 16k Dataset )

Article: ...... WHEE., BRI PR ERE, RTOSEPEE T FAE: “T/NFHNE, W2 S5 REFET 5
B, HARLSE, BAZES.” \n 2.7 RTANGEE....

Summary: ... BEFSE R T R4S, RN EAE IR SRR R B v ge, RS RenyULRs, AR EENE
L1

Gemini-2.5-Flash: \"hallucinated_sentence\”: \” 8455 7 =175, UEMHMBAEAETEL S5 L EmmR, HE
SR, BARE BEEFEM. \”, "corrected_content\”: \” FEARE I TR +75, VEMH A A FEYT - 54
PIEHEEAERT, RAFRTHLSE, BAEZS. 7, Vreason\™: \” JLSCHRERS UL : “T7SEVNC, S SMRAESRET L4
Bt . HARRIHLSEL, BA S .Y B CEFEAXT Brh <& AEnhoe”, BRI, (2 CEMEAXT
kﬁé’iﬁﬁ?ﬁﬁi‘fﬂ M “EAMZE” WEIE . XETahiae, Bl TRCWRBfmERE. 7

I All Used Prompts

I.1 Prompt for Hallucination Generation

Table 7 shows prompts for different hallucination types generation.

Hallucination Type Reference

Entity Hallucination Fig. 10
Numerical Hallucination Fig. 11
Relation Hallucination Fig. 12

Logical Inversion Fig. 13
Event Hallucination Fig. 14
Temporal Hallucination  Fig. 15
Causal Hallucination Fig. 16
Event Fabrication Fig. 17

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

I.2 Prompt for Different Methods

The prompt used in RAG is shown in Fig. 18. The templates for zero-shot prompting are illustrated in
Fig. 19 and Fig. 20, 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. 21.
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(" N
TR AR LU0 R 0 A R R AR L. AR TELRE, W E LIS, WA KI5
FEEHLI, DA I/ 7R B

— . JERJWHE b dfE
SPLRIAL . THOFNT . AREERT. SRR I RERIfL . SO SRR TER, DA
bR T LI

o AR b

L PIA T AE—RTR, PENALIE:

Sz s, MOFREXREM., SRR,

Boeralis: Boe. R mE. SEEEEUE N R T

RF]LVU: KRB E (MBINAEE) sURIRE . IIESXR.

SRR : s AIBCH R E A, BRI E RO E ] .

PRI EIE (ARIEAE D) SR EE R .

IR el - L E SO A FE R A SRR I . — D AU S5 A e — )i P AN
Z)0, QRN Y N E A R T, BAEL) .

PURBEON RS - SRATIERE TR AR . ORI R B e . VR R e — R, To
WHERER ., (RS SRARE , FREAETLLI. M1 BT SO A ZEE, 85 Kk
(SRR, MRIAREHAE R, FAETCLIE .
ggﬁﬁiA%MT*#EX$&%&&%$;%%bﬂﬁ%%,E%A%%bﬁﬁ%ﬁ
IEE ‘/llx\o

=, mhi

Bl 1: Joz)oE, SPHERT, N BAR CONANMAT OGRS, U TR 5T
W, ELE APPSR SO R R AR RE %, PR LT
B S PRt AR BIZI, TR, AR, AT, 20
e Il SN D E b DS R NS S U S T i o (N L B B DR N P
ANEE AR R, Rt 2R RRAAE. WI3h A S AR EAT B AT
R, WF AR A S S, HARE AT T

%g: ...... B AT PR SR R AR A R AR AE R S5 RE , A nff], 2T 14T

BT 2: Joz)hE, FERTEZIEN: CHALIRDE” ATz, HAET LI,

Lwis AR BUTIRMOA TSR, R DRI S 2RI . REA T2, ulhii
Dok, “BAMGERR: JURZHT, AUTMFER. AHADREE . PRI T E A B
w2 h—E, WRAIFAEN. AREEdtl, SRIRERITZ2 T, FuT e
gt REIEFIRAL, GH: SR, DR R RS R B SR F )
Moo “URULRIAEE 7 RAIH......

Wk ..... AR SR SR, g

BIT 30 4T3, GO, B BRSO AR HRFIESRE R, B
LB A A Tk T, TP L ORI T, SR AU 2, DA
WIMF AT T 2 AN

S o BERCESE, B RESE T, TGH, WA T, SRR K, KA1
N=F AR B, i 7. SGH, “BIMhiie, ARG FED
SRAE, B TR, ERMATBONE, TRE S, AT ..

e o BRI, BB T

Bil1-4: G5, MAFE, A RO B B A B R —
o SIS S

R e CETHERNE, WIES K E TR, RERIrEE R SRR — MR EAN T, BR
H OFE P R STMEATIE , AMALEE, WEFCNITHA, & 5 At i+ BBk, &
PR, BHEENT 0T, DEERAERMERZ N, 1ERW ARG . BHRIXMIL
FET 7 REARI: R G T AT Sl IR R R H
REARVR SRIE : “ I NFAEREEIRLE, S BMA R, R VARNRIY." ...

Weik: ... FEAL DR 2 J5 , REAR OB — B2 B L S, A5 A DTSRI T
Lo EFORELEALRE] — R A k...

J

Figure 9: Human Annotation Rules.
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4 N
System Prompt:

TR — A ELI IR LK
15

L. FE3EH PRI BN 225 Sk

2. WAL GIASERLT S, AUBS—b ) (A5 AML]6E) , ATASHRRAL Sk, H
e VE A F AT 4 1T ) AN [] -

FKA 1 AR, A AR AR AR S, a0 R EAR MUK, Mg
" ol ARG FAR MUK, FIRIEREG. 7, “PREE TR, ROABZSEE
T BUR Wb TR, BOMIER R T.”

KR 2: EE, RSN ATE—A P ERS 0 (FiE. =i55%), 06 A
B B R TEON” MU “B BT A R TEONY. R, FIE, AR B —EIZIRY Ml
“B I A —RIZI” AT AR, BRI RSN, B PR S U A TR E ek
R A ASAH A

K3 HBUABRSHIL: A T4 . RS AR, W 2B ET S
“EEZTET, SR CNHIEA” BAE CWEEM .

3. BRI SEARE R OASL , HARTH LN A5 I S s —2, WG —, 18 ED .
4. Frth A PATT JSON A%, Wit JSON Py%:

{

“type”:”(RAY 1/28 81 2/2674 3)”,

“hal_summary”: ” 5 A SHRE IRZ )05 A 2L,

“error_part”: ” SEREI A AR SLAREE IR LT ST ),

”is_success”: "True” }

5. AR “LI B AR RSB RS NS . TR error_part ZEA hal_summary H1)
XA —B. TEILRT AL AR5 AL i) A A

User Prompt:
%% : Summary Here

S F50HR . Entities Here
\_

Figure 10: Prompt for Entity Hallucination Generation.

rSystem Prompt:

Fi*@%ﬁ%%%ﬁ%?%o

F55:

L. FE3EHH PR AR BN 225 SR

2. HOEHIWE A LR, B, B, £FSRFEER, WREE, HiEHH
{7is_success”: “False”}; M, (NFERE P EH—m S HBFEEMAT, 5IABFEL)W:
BNl s A g Er . AR BN SEERTEER. i CJRERe T =4S R”
MO PR T A H A SR

3. BRI IAMECFLI ASE , HARTH BN A 5 I SR s —3, WG —, 18 EDE .
4. it A PATE JSON %X, iUk JSON P72 :

{

“hal_summary”: ”(5 ] AFCF L5 5 R 22,

“error_part”: ” SEREING & AR BT R L) A )T

”is_success’: "True”

}
5. RS “XIBEREED AR S R RS ANAS . YR error_part %A hal_summary H1f)
KA T—80 T AL G A TG AL AT AHE .

User Prompt:
%% : Summary Here

Z:2 5L Entities Here
\_

Figure 11: Prompt for Numerical Hallucination Generation.
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System Prompt:

ﬁi*@%?@ﬁ%ﬁ%?%o

F55:

L. FE3EH PRI BN 225 SR

2. NG I AR R L), TEfEAGEh—4), # TR RERNNSE, UES—m 71, Hil
WA R e —EC

FKAL 1 WK H 0, 0 AT RIS R AR R B Bl M SR T HLTE
0 A 5 e

K2 BHXRR, W “EFTREWNTT BN “RE T REOIT7 . XA LU EER
MHIH. S, P BN, M. . BAESE . HETERIESE—.

3. BRI IRA AN, AEEI AL, RRENE L EGER. RUES—.

4. Hy i PR JSON 48K, Uit JSON py%s:

{

“type”:"(RAY 1/2674 2/251 3),

“hal_summary”: ” 5| A K R RL) WG 2,

error_part”: ” SEEENG Y & AR K R IRL WA,

”is_success”: "True”

}

5. AR “KIWETEED AR S EAH B RS A . TR TR N AR R N @ AN IE
W, Bl 7 Al “SERY AN . error_part A hal_summary H X R )
—E, WHRERE | AL IS ARG AL T A) AN ] o

User Prompt:
%% Summary Here

S22 5L Entities Here

Figure 12: Prompt for Relation Hallucination Generation.

System Prompt:

ﬁi*%%?ﬁﬁ%ﬁ%%%o

T55:

L. R PR A 225 S A

2. HEI AR IBRA LI, ERMEAGE ), T XRRERNNE, UEk—dm+,
At N AR R 22

A1 B E SO E R, W CEFEGOT RS AN EATUR B IR T SO AT
TIRBE B ROTEREIBIR, “AKTF ALY MUk “ABTEILY, %Y ET”
FA 2 S E SO R, BEEEIEAEN, BEETT G W WAL, FEif
WA R E—8HME . MUl “iren T, e S BoE E—EHME

3. BRZAERAFAN, ARG AHMBRLNE, RN E 8L ESGER . KIS —.

4. B HPAR JSON #%3X, i JSON Py%5:

{

“type”: (A 1287 27255 3)7,

“hal_summary”: ” 5| A 5] FRIAZ )00 5 4 2,

“error_part”: ” SEREING H K AR I In) BRI X AT,

”is_success’: "True”

}
5. RS “XIBEREED AR S R RS AAS . R error_part %A hal_summary H1)
KA T—80 ARG AL G0 A TG AL AT ASHTE

User Prompt:
%% : Summary Here

S 5L . Entities Here
\_

Figure 13: Prompt for Logical Inversion Generation.
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System Prompt:

TR — A ELI IR LK
15

L PR A S Sk

235G AFLIE, FEREAAGE 4], #TRAERNNE, Uy, HiAth
WA RS20

A1 B ORahiE (an “Fb” SOk BT, CYUEFEE R R TR SO Ml
SEELEF PR T )

?ﬂ;&?ﬁ% G/ (T T o = K R T v . T B T = A= R X (i
SRINE R ”);

A 30 ININE SRR OB shAL. RS (0 “EERERT R T Ol “E )
WMB T — B, REFRET).

3. BRI A AN, AEEIAHAMSERLINE, RIFNAE . 15 GER. RS —.

4. i HPAE JSON A8, Ui JSON Py%s:

{

“type”: (A 1287 2/25 51 3)7,

“hal_summary”: ” 5| A SR IRZ) 00 2,

“error_part”: ” SEHENG H K AR SRR LT A,

”is_success”: “True”

}

5. LIV MRS R RS AAE . {1 error_part ZF hal_summary H1[]
A8 ARG AL AR | ALISE Rl i A AN AR A

User Prompt:
%25 : Summary Here

27 5L . Entities Here
\

Figure 14: Prompt for Event Hallucination Generation.

System Prompt:

PRZ— A L) e ) & K

55

L. BB PP B IR S S0k .

2. HSEHIWr summary H2 HRESR UL 22 N EAEIE KRR EOE, WARECR, H#EH L
{7is_success”: “False”}; G, TEAHE BB M1 ¢ S FF e e 58 JE WY, IRk () 222
Lo

3. ARSI A ML), PREFAE B B GER . KEs—.

4. Fith A PAT JSON %3, kit JSON Py%%:

{

“hal_summary”: ” 5| A B} E) 4]0 )5 RHEE,

“error_part”: ” SEELNG H B[R] £k LT w0 A

”is_success”: "True”

}

5. AR L) ERHEEY AREE S R A NS . YERL: error_part ZEA] hal_summary Hr
XA B TEIRORT I AL A RS AL B A A A

User Prompt:
%% Summary Here

254K Entities Here

Figure 15: Prompt for Temporal Hallucination Generation.
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System Prompt:

IR — A ELI IR L K
5

L. A R LA R N S Sk

2. BEHIW summary RS REIREUL B — A H IR B EAE. WRKA, HEEH L (Tis_success™:
“False”}; WA, MEEEATGEE. siF R AR WISl H R 2 R S0 R SR8
B/ B s R R R BRI R BIE 3, BRI R B0E OB S A, R BAET
TR, IR R IR E A R FIERIEE AT DAY . BSEH E AR L
BRI

3. NRSIAEABRBL) N, REFNAE B EGER . KUESE—.

4. Fr A PAR JSON #%58, (Wi JSON py%s:

{

“hal_summary”: ” 5| AZE{EF L5 )GH R,

“error_part™: ” SEEEMY H & AR AR SR LI RY )T,

”is_success”: ”True”

}

5. AR “KIWARE” AR SRR ERWEAAS . R error_part ELA hal_summary X} R AT T
—E, WG AL R AT ARG AL A T A E

NGIE

L MR SR, & X JESCHR R Rg RS Fi g, (AR AR K R BT RS A
Tz, WABEEREEN . 2158 “ZE)PEien, SRR E AR

2. RRENE, EX: JFARA - BRZHEE, G B - A, BT B3 HMEELE > Rk
WL — REFRRNR. 15 “RERESLR, SEBIREELT.”

3. AR, & PREEGEREM, B R BN ok E R, Bl RS0 BT AHE S
WA, AWERL. )9 BFNERERGER, RAENHEAIRL.

User Prompt:
%% : Summary Here

225 521K Entities Here

J
Figure 16: Prompt for Causal Hallucination Generation.
-
System Prompt: )
IR —A T ELI I LK
15

L RS PR R R S 2 Sk,

2. WG RS, AR )3, H AR a3

B GRiE SR P AN T AFFE G N A AR GIE A, R ER SR b s B 2
TR BRALA LR 3, RIBAF ST RS (R B “Bbmt” SEmta)iaIs ) ;

FH 20 8 summary BRI O KA FEM, HEEISEERE—K (IR “HK. “HE
B C30 BRI, HIEUEE R A

BA3: PSRN AP EAREE OB SIS . (kB s SEafa)iaiE)

3. B IR TAN, AETIAHANETRIL b, RIFNAE B 1B SGER . NS —.

4. Hr A PAT JSON #%20, (Wi JSON %

{

“type”:”(RAL 1/288) 2/253 3)”,

“hal_summary”: ” 5| A A FAFL) 5 fE R B,
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Figure 17: Prompt for Event Fabrication Generation.
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Figure 18: Prompt for RAG.
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Figure 19: Prompt template for zero-shot prompting with the target summary positioned at the End (Prompt-E).



Figure 20: Prompt template for zero-shot prompting with the target summary positioned at the Beginning (Prompt-

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