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Abstract

Large language models (LLMs) can generate
fluent text, but the quality of generated content
crucially depends on its consistency with the
given input. This aspect is commonly referred
to as faithfulness, which concerns whether the
output is properly grounded in the input con-
text. A major challenge related to faithfulness is
that generated content may include information
not supported by the input or may contradict it.
This phenomenon is often referred to as halluci-
nation, and increasing attention has been paid to
automatic hallucination detection, which deter-
mines whether an LLM’s output is hallucinated.
To evaluate the performance of hallucination
detection systems, researchers use evaluation
datasets with labels indicating the presence or
absence of hallucinations. While such datasets
have been developed for English and Chinese,
Japanese evaluation resources for hallucination
detection remain limited.

Therefore, we constructed a Japanese evalua-
tion dataset for hallucination detection in sum-
marization by manually annotating sentence-
level faithfulness labels in LLM-generated sum-
maries of Japanese documents. We annotate
390 summaries (1,938 sentences) generated by
three LLMs with sentence-level multi-label an-
notations for faithfulness with respect to the
input document.

Beyond binary labels, our dataset includes fine-
grained hallucination and faithfulness error
types. The taxonomy extends a prior classi-
fication scheme and captures distinct patterns
of model errors, enabling both binary hallu-
cination detection and fine-grained error-type
analysis of Japanese LLM summarization.

1 Introduction

In recent years, large language models (LLMs)
have been applied to a wide range of natural lan-
guage processing tasks such as question answering,
document summarization, and machine translation.
Meanwhile, hallucination, in which the generated

text is not supported by or contradicts the given in-
put (i.e., the provided context), has become a major
challenge (Huang et al., 2025; Ji et al., 2023a).

To address this issue, we focus on hallucinations
in non-open-ended generation tasks such as open-
book QA (where the model is required to answer
questions based explicitly on a given reference doc-
ument), document summarization, and machine
translation, where consistency with the given in-
put (e.g., the provided context, document, or source
text) is essential. In this work, we evaluate genera-
tion quality from the perspective of faithfulness (Li
et al., 2022), which concerns consistency between
the output and the given input. Within this frame-
work, we focus on hallucinations, defined as cases
where the output introduces content that is not sup-
ported by the input or contradicts it. Table 1 pro-
vides concrete examples of such hallucinations in
document summarization. We explicitly distinguish
this setting from factuality errors with respect to
external world knowledge. Hereafter, we use the
term hallucination to refer to context inconsistency.

Automatic hallucination detection aims to de-
termine whether LLM outputs contain such hallu-
cinations, using the generated text and/or model-
derived signals. This line of work has been actively
explored, and various approaches have been pro-
posed (Es et al., 2024; Manakul et al., 2023; Sun
et al., 2025).

To evaluate hallucination detection systems, re-
searchers apply detectors to labeled texts and mea-
sure agreement with the labels; such collections
are released as benchmark datasets for hallucina-
tion evaluation (Zhang et al., 2023; Lattimer et al.,
2023). For English, datasets have been developed
that cover not only open-book QA but also tasks
such as document summarization and data-to-text
generation (Niu et al., 2024). For Chinese, a dataset
has been constructed in which hallucinations in
LLM outputs for open-book QA are manually an-
notated, including both their presence and types (Ji
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et al., 2024). However, for Japanese, hallucination
evaluation datasets remain insufficient, making it
difficult to propose and evaluate hallucination detec-
tion methods for Japanese or to assess cross-lingual
transfer of existing approaches.

In addition, some Japanese resources are con-
structed using automatically generated halluci-
nation examples (Iwamoto and Shimada, 2024).
While useful for large-scale construction, such
datasets may not fully reflect the characteristics of
hallucinations produced by actual LLMs. This lim-
itation motivates the need for manually annotated
datasets based on real LLM outputs.

Building on this background, this study con-
structs a dataset for evaluating faithfulness in
Japanese document summarization, enabling hal-
lucination detection and fine-grained error analy-
sis. We annotated the outputs of three LLMs with
sentence-level faithfulness labels, including hallu-
cination categories and paraphrase-related errors.
The hallucination taxonomy used in this study is an
extension of the categorization proposed by Maynez
etal. (2020), which classifies types of hallucinations
based on how models make errors in summarization
tasks.

During preliminary investigations, we found re-
curring faithfulness issues that did not fit into the
original intrinsic/extrinsic hallucination taxonomy
for summarization proposed by Maynez et al.. We
hypothesize that these issues become more visible
with modern LL.Ms and longer, more abstractive
summaries, where paraphrasing is more prevalent.
Accordingly, we extend the taxonomy by adding
a new category for paraphrase-related faithfulness
errors. We then formally define the annotation task
and evaluation settings.

Task and evaluation settings. Given a source
document D and an LLM-generated summary .S,
we split S into a sequence of sentences {s1, ..., Sn }
and annotate each sentence s; with faithfulness la-
bels drawn from our label taxonomy, based on its
consistency with D). Our dataset supports (i) binary
hallucination detection, (ii) binary faithfulness de-
tection (faithful vs. any non-faithful label), and
(iii) fine-grained sentence-level error analysis (see
Section 3 for the label definitions).
The contributions of this study are as follows:

1. We extend the intrinsic/extrinsic hallucination
taxonomy for summarization by introducing
Paraphrase Error, a non-hallucination faithful-
ness label, which frequently appears in modern

LLM outputs.

2. We construct a dataset with sentence-level,
fine-grained faithfulness labels for evaluat-
ing hallucination detection methods targeting
Japanese document summarization.

3. We analyze hallucination patterns across mul-
tiple LLMs on the same inputs, showing that
hallucination occurrence is largely indepen-
dent across models and highlighting strong
model-specific effects.

2 Related Work
2.1 Hallucination in LLMs

The term hallucination originates in psychology, re-
ferring to perceiving something that does not exist.
In LLM research, it describes outputs containing
false or unfounded information. However, the defi-
nition and taxonomy of hallucination vary across
studies, and the criteria for what constitutes hallu-
cination vary depending on the target task (Zhang
et al., 2023; Xiao and Wang, 2021; Ji et al., 2023b).

In this study, we adopt the taxonomy proposed by
Huang et al. (2025). According to their framework,
phenomena referred to as hallucination in LLM
outputs can be divided into factuality hallucination
and faithfulness hallucination.

Factuality hallucination refers to cases in which
an LLM generates content that does not align with
real-world facts. Examples include outputting fac-
tually incorrect information or fabricating entities
or events that do not exist in reality. Accordingly,
whether an output is a factuality hallucination is
determined by comparing it against external real-
world facts.

Faithfulness hallucination refers to cases in
which an LLM generates content that deviates from
the input text, violates the given instructions, or con-
tains logical inconsistencies within the generated
text. Among these, the phenomenon in which the
model generates information that diverges from the
input it is expected to be grounded in is categorized
in Huang et al. (2025) as context inconsistency, a
subcategory of faithfulness hallucination.

This study focuses on context inconsistency
within the broader category of faithfulness halluci-
nation. Accordingly, the dataset constructed in this
work is annotated solely from the perspective of
faithfulness hallucination, and does not include an-
notations concerning factuality hallucination. For
clarity, throughout Section 3 and beyond, the term
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Source Document

Generated Summary

Explanation

NARSADW B & ZIEE 3 N4 REAE
FTEIFL, BRIGERLZ, .. L4 RAZAR
OB E R X 4172, (When Lewis refused, the
woman followed them home and called the police.
Lewis was then questioned by the police.)

WA RZADF
FIEZ 2 &5, ZIEIHEE
[l &4, BERIOEIR S 117z, (When
Lewis left a sandwich shop with the
children, he was questioned by a
woman and reported to the police.)

ik %> R4 v Intrinsic hallucination.

The person who conducted
the questioning was not the
woman; the factual rela-
tions in the source docu-

ment are altered.

IS T TESEELELS L\kfot st NE%RE
DITZ %)071753 TFHISHEZ AL ZRALTEE 11
AN BT DFET L7 ¥\ 5, (After exchanging
gunfire with an officer working at the club, the suspect
took hostages and barricaded himself inside. Around
5 a.m., an armed confrontation with 11 police officers
occurred, resulting in his death.)

FA4 + 27T T CTESEAARAE
L. 50 ARLEDSEL, 53 AH3Ef5
L7z (A mass shooting occurred
at a nightclub, and over 50 people
were killed and 53 injured.)

Extrinsic hallucination.
The summary introduces
information that is not
present in the source.

RERR DR RIS R T2, 5{6.75) 25401
TELEEBEZRS AN D 2 L Lz, (It
was suggested that Pakistan may lose the preferential
treatment it has received from the United States if it
does not change its stance.)

@JJE: E2HD S AR D

% 25 U 7=, (It was warned that
the preferential treatment might be
revoked.)

Paraphrase error.
The meaning shifts due to
paraphrasing.

Table 1: Sentence-level examples of faithfulness labels used in this study. Each generated summary sentence is
annotated independently with respect to the source document. Note that Paraphrase Error indicates a faithfulness

issue that does not constitute hallucination.

hallucination refers specifically to context incon-
sistency.

2.2 Hallucination Detection Datasets

Several existing datasets have been proposed for
evaluating hallucination or context inconsistency
detection. These datasets are typically constructed
through manual annotation, which has been shown
to be inherently challenging for faithfulness as-
sessment due to its subjective and fine-grained na-
ture (Durmus et al., 2020). This section reviews
representative datasets in English and Japanese,
and clarifies how they differ from the dataset con-
structed in this work. Unlike many prior datasets
that assume a single label per sentence or span, our
annotations allow multiple faithfulness issues to be
assigned to a single sentence.

RAGTruth (Niu et al., 2024) is an English dataset
covering open-book QA, document summarization,
and data-to-text generation, in which hallucination
spans are manually annotated with fine-grained la-
bels capturing contradictory and unsupported con-
tent. While RAGTruth provides detailed span-level
annotations, its label design focuses on error sever-
ity and type, which differs from the perspective
adopted in our study.

ANAH (Ji et al., 2024) is a dataset for the Gener-
ative Question Answering (GQA) task in English
and Chinese, annotated at the sentence level. It
employs a semi-automatic annotation pipeline in
which GPT-4 assigns initial labels that are subse-

quently reviewed by human annotators, and addi-
tionally provides reference fragments and suggested
corrections for each annotation.

For Japanese summarization, Iwamoto and
Shimada (2024) construct a dataset for factual
inconsistency detection by automatically gen-
erating inconsistent summaries using methods
such as FactCC (Kryscinski et al., 2020) and
SumFC (Zhang et al., 2021). The resulting dataset
mainly consists of synthetic inconsistencies and
is designed for training detection models. In con-
trast, our study builds a manually annotated dataset
of LLM-generated summaries produced in a stan-
dard summarization setting, which is well suited
for evaluating hallucination detection methods that
leverage information available during the genera-
tion process, including internal model states (Chen
et al., 2024; Ren et al., 2023).

In addition to automatically constructed datasets,
JHARS (Kamei et al., 2025) is a manually annotated
Japanese dataset for generative question answering.
Each sentence is labeled by multiple annotators
as having no hallucination, intrinsic hallucination,
or extrinsic hallucination, provided that sufficient
agreement is achieved. While JHARS targets GQA
and contains a limited number of hallucination in-
stances, our dataset focuses on document summa-
rization and includes a larger set of hallucination
examples, enabling a more detailed analysis of hal-
lucination phenomena in summarization.
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3 Dataset Construction

In this study, we adopt a framework for analyzing
faithfulness errors in summaries, focusing on hal-
lucinations and classifying them based on how the
generation model makes errors. Specifically, we
build upon the taxonomy proposed by Maynez et al.
(2020) for evaluating hallucinations in abstractive
summarization (Intrinsic / Extrinsic hallucination),
and extend it by introducing an additional category,
Paraphrase Error. Together with Faithful, which
represents sentences without issues, we refer to
these four labels collectively as faithfulness labels.
Although Paraphrase Error is not a hallucination,
it represents sentences that are problematic from
the perspective of faithfulness, and such errors fre-
quently appear in LLM-generated summaries. A
notable feature of the taxonomy by Maynez et al.
(2020) is that hallucination is not simply treated
as “output inconsistent with the input,” but rather
categorized based on how the model makes errors.

3.1 Faithfulness Labels

In this study, we categorize each sentence in the
output into one of the following four labels based
on faithfulness. Each sentence may receive multiple
labels when multiple faithfulness issues co-occur.
Table 1 provides concrete examples corresponding
to each label.

Intrinsic hallucination refers to errors in which
the output is constructed using expressions that
appear in the input, but the relationships among
those expressions are incorrectly described, result-
ing in semantic inconsistency with the input. Such
errors are often observed in the form of incor-
rect relationships or reversed temporal order. In
the example in Table 1, the target sentence states
that “a woman conducted a police questioning.”
Although the source document contains the ex-
pressions “woman” and “police questioning,” the
source text describes that the police conducted the
questioning. Thus, intrinsic hallucination involves
the use of expressions that appear in the source
document, but with incorrect interpretation or de-
scription of their roles or relationships.

Extrinsic hallucination refers to errors in which
the model inserts information that does not exist in
the input. Such errors arise when the model gener-
ates content that cannot be inferred from the input,
based on knowledge or patterns learned during train-
ing. In the example in Table 1, the target sentence
states that “more than 50 people were killed and

53 were injured,” but no such information, or any-
thing that could imply it, is present in the source
document.

Paraphrase Error refers to inappropriate para-
phrasing that does not constitute hallucination but
is problematic from the perspective of faithfulness.
Our preliminary analysis revealed that LLMs of-
ten paraphrase words or phrases in ways that subtly
alter the meaning. Such semantic shifts through
paraphrasing are explicitly mentioned in Maynez
et al. (2020) as not being hallucinations, since they
neither contradict the input directly nor introduce
new unsupported information. However, because
paraphrasing can result in a discrepancy between
the meaning understood from the output and the
meaning obtainable from the input, these cases are
considered unfaithful outputs. Therefore, we treat
Paraphrase Error as an independent faithfulness la-
bel, distinct from hallucination.

Faithful denotes outputs that do not contain any
of the aforementioned errors and are consistent with
the input from the perspective of faithfulness. This
label is also assigned to sentences that are unre-
lated to the summary content itself, such as generic
statements like “Here is the summary,” which some-
times appear in LLM outputs. !

Throughout this paper, Paraphrase Error is
treated as a faithfulness issue but not as halluci-
nation. Accordingly, depending on the evaluation
setting, Paraphrase Error can be excluded from hal-
lucination detection or included when broader faith-
fulness issues are of interest.

3.2 Dataset for Document Summarization

As the data source, we used the Japanese portion
of XL-Sum,? a multilingual summarization dataset
constructed from BBC News? articles.

In the standard construction of XL-Sum, the first
paragraph of each news article is treated as the target
summary, and the remaining paragraphs are treated
as the source document to be summarized. This
structure sometimes results in unnatural source doc-
uments or cases in which the target summary con-
tains information not present in the source, which
can artificially increase apparent hallucination rates
when faithfulness is assessed against the source. To

'Only two sentences in the entire dataset consist of generic,
content-independent statements (e.g., “Here is the summary”),
and one sentence contains a degenerate repetition (an uninten-
tionally repeated phrase).

*https://github.com/csebuetnlp/x1-sum

Shttps://www.bbc.com/japanese
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mitigate this artifact, we reconstructed the source
document by concatenating the headline and the
full article body.*

In the Japanese subset used in this study, the
source documents and target summaries contain ap-
proximately 1,700 and 150 characters, respectively.

3.3 Generation of Data for Annotation

3.3.1 Summary Generation

In this study, summaries were generated using the
following three LLMs. The first is GPT-4o (gpt-4o-
2024-11-20°), a black-box model provided by Ope-
nAl and accessible via API. The second is Swallow
(Llama-3.1-Swallow-8B-Instruct-v0.2° 7), a white-
box model obtained by continued pretraining of
Llama on Japanese data. The third is LLM-jp (Ilm-
jp-3-13b-instruct®), a white-box model pretrained
primarily on Japanese, English, and source code.

All models were given the same source document
and prompt, and generation was performed using
greedy decoding. This choice is motivated by down-
stream hallucination detection tasks that require a
reproducible generation process. Accordingly, we
adopt greedy decoding, which yields deterministic
generation behavior.

This procedure yielded three target summaries
for each source document. The exact prompts used
for generation are provided in Appendix A.

3.3.2 Filtering the Generated Responses

Previous work reports that only a small fraction of
summaries produced by current LLMs in English
contain hallucinations (Vectara, 2024). A prelimi-
nary investigation under our Japanese summariza-
tion setting similarly showed that hallucinations oc-
cur only in a small portion of generated summaries.
To ensure that the dataset contains a sufficient num-
ber of hallucination cases, we used GPT-40 to iden-
tify and extract only those target summaries that
were likely to contain hallucinations and subjected

*As a result, our use of XL-Sum differs from the standard
practice of treating it as a train—test dataset. Additionally, the
target documents originating from XL-Sum are not used as
references in this study.

https://platform.openai.com/docs/models/
gpt-4o

https://huggingface.co/tokyotech-11m/
Llama-3.1-Swallow-8B-Instruct-v0.2

7 At the time of our experiments, larger LLaMA 3.1 Swal-
low models were evaluated on Japanese language benchmarks
and reported competitive results(Swallow LLM Project, 2024).
The 8B model represents a smaller and more accessible variant
within the same model family.

$https://huggingface.co/11m-jp/
1lm-jp-3-13b-instruct

them to annotation. The prompt used for this ex-
traction is listed in Appendix A.

Specifically, for each source document, if at least
one of the three generated summaries was judged to
contain an error from the perspective of faithfulness,
all three summaries were included as annotation tar-
gets. To avoid bias toward any particular model, we
performed random sampling to balance the number
of erroneous outputs contributed by each model.

Through this procedure, we collected a total of
390 summary outputs from the three models for 130
source documents. When split into sentences, this
resulted in 1,938 sentences subject to annotation.

It should be noted that this filtering step is intro-
duced solely to construct a benchmark suitable for
evaluating hallucination detection systems, rather
than to estimate the natural frequency of hallucina-
tions in LLM-generated summaries. The filtering is
recall-oriented, and all final labels are determined
by human annotators based on the source docu-
ments.

3.3.3 Annotation Procedure

We built an annotation system using doccano’, as

shown in Appendix Figure 4. Annotations were
conducted through the pipeline illustrated in Fig-
ure 1, following the steps below:

1. First, annotators read the news article corre-
sponding to each source document on a web-
site using a browser.

2. Next, annotators read the three summaries gen-
erated by the LLMs as displayed in doccano.
The order of summaries is randomly shuffied
in doccano so that annotators cannot identify
which system produced which summary.

3. Annotators then compare the source content
with each generated summary and identify de-
scriptions that are inappropriate from the per-
spective of faithfulness. For each such prob-
lematic segment, they assign a “Reason” label
(an auxiliary annotation label) to mark the tex-
tual span that supports their judgment. Note
that at this stage, annotators only enumerate all
inappropriate descriptions; they do not assign
the final faithfulness labels.

4. Finally, for each sentence containing an inap-
propriate description, annotators determine
which of the faithfulness labels defined in

*https://github.com/doccano/doccano
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(@Understand the content of
the target document

(DUnderstand the content of
the source document

(ldentify sentences inappropriate
from the perspective of faithfulness

Intrinsic
hallucination

FBICIE, AV 7HNVZTHM..

Ointrinsic hallucination

* Extrinsic hallucination

+ Paraphrase error

@Assign labels to the
inappropriate sentences

Figure 1: Annotation pipeline for sentence-level faithfulness assessment. Annotators assign one or more faithfulness
labels to each sentence in a multi-label manner (with auxiliary “Reason” spans to mark supporting evidence).

this study best represents the type of error.
Sentences judged not to contain inappropri-
ate descriptions are assigned the Faithful label.
Since some sentences contain multiple types
of errors, annotation is conducted in a multi-
label format.

Of the 390 generated summaries, 270 were an-
notated under a setting that included a second-pass
review (verification), while 120 were annotated
independently by each annotator without review
(non-verification) to assess the baseline level of
inter-annotator agreement.

3.3.4 Verification of Annotations

In the verification setting, annotators first conducted
independent annotations. Then, for each target sen-
tence, they were shown the distribution of labels as-
signed by all annotators, allowing them to reflect on
differences between their own decisions and those
of others. This step was introduced because pre-
liminary experiments revealed ambiguous cases in
distinguishing hallucination from Paraphrase Er-
ror. We expected that providing annotators the op-
portunity to align their interpretations would help
improve label consistency.

During the review stage, annotators were explic-
itly told that they did not need to adjust their labels
merely to reach full agreement. This ensures that
sentences with diverging labels can be interpreted
as cases in which the categorization is inherently
ambiguous or cases where the labels defined in this
study may not fully capture the nature of the error.

3.3.5 Annotation Results

Annotations were performed by six native Japanese-
speaking university and graduate students. Since

annotators can assign one or more of the four faith-
fulness labels to each sentence, the annotation re-
sults can be aggregated into counts such as: Faith-
ful: 4 annotators, Intrinsic hallucination: 2 annota-
tors where counts are computed independently for
each label because annotators may assign multiple
labels to a sentence. For evaluation convenience,
we additionally derive a single sentence-level la-
bel by aggregating the multi-annotator, multi-label
annotations, using the following rules:'”

» If at least two annotators assigned a non-
faithful label (i.e., a label other than Faithful),
and a majority among them selected the same
label, that label is adopted.

* If only one annotator assigned a non-faithful
label, the sentence is marked as Unresolved
and no label is assigned.

¢ If multiple annotators assigned non-faithful
labels but no label achieved a majority, the
sentence is marked as Unresolved and no label
is assigned.

* If all annotators judged the sentence to contain
no error, the sentence is assigned the Faithful
label.

The threshold of two annotators was chosen in
consideration of the difficulty of faithfulness judg-
ments, which tend to be prone to oversight. Ap-
plying these rules resulted in 1,750 out of 1,938
sentences receiving a label.

Among the 188 sentences without a label, 149
cases involved only a single annotator identifying

1The publicly released dataset includes all annotations from
the six annotators.
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Total cases
70 BN Majority agreement

2 3 4 5
Number of Votes

Figure 2: Distribution of sentences by the number of
annotators who assigned at least one non-faithful label
to a sentence.

Intrinsic Extrinsic Paraphrase Faithful

GPT-40 43 21 30 483
Swallow 68 17 11 490
LLM-jp 40 25 3 539

Table 2: Distribution of faithfulness labels at the
sentence-level. Counts are label occurrences (a sentence
may contribute to multiple labels).

an error, and 39 cases involved disagreement among
annotators such that no majority label emerged. Fig-
ure 2 presents a histogram showing the distribution
of the number of annotators who assigned a non-
faithful label, as well as the number of sentences
that remained unlabeled due to disagreement.

4 Dataset Analysis

This section analyzes the dataset at both the sen-
tence and summary levels, characterizing faithful-
ness issues and hallucination phenomena captured
by our labels.

Key takeaway. Across different models, hallu-
cination occurrence for the same input document
exhibits near-zero mutual information, indicating
little shared tendency to hallucinate on specific in-
puts. This suggests that hallucination generation
may be influenced more by model-specific charac-
teristics than by input difficulty, highlighting the
importance of evaluating hallucination detection
methods across diverse models.

4.1 Sentence-Level Faithfulness Labels

Table 2 shows the sentence-level distribution of
faithfulness labels for each model. Since our an-
notations allow multiple faithfulness labels to be
assigned to a single sentence, we report label fre-

Hallucinated Paraphrased Faithful

GPT-40 56 18 43
Swallow 56 3 71
LLM-jp 45 1 84

Table 3: Distribution of faithfulness labels at the
summary-level. (Each output is categorized as Halluci-
nated, Paraphrased, or Faithful based on sentence-level
labels.)

o

'g Model

g 40 B GPT-40

g 30 mm Swallow
I . LLM-jp

G20

g 10

£

>

=2 0

1 2 3+
Hallucinated sentence count

Figure 3: Distribution of the number of hallucinated
sentences (Intrinsic or Extrinsic) in each generated sum-
mary output labeled as Hallucinated (i.e., containing at
least one Intrinsic or Extrinsic sentence).

quencies by counting each annotated label indepen-
dently when aggregating the statistics.

From Table 2, we observe that Swallow most
frequently produces hallucinations (Intrinsic + Ex-
trinsic), while GPT-40 and LLM-jp exhibit similar
tendencies in terms of hallucination generation. We
also find that the proportion of Paraphrase Error is
higher in GPT-40 than in the other models.

A manual inspection of generated summaries
suggests that GPT-40 produces a larger amount of
paraphrasing than Swallow and LLM-jp. Since ex-
tensive paraphrasing typically reduces bigram over-
lap with the source document, we employ ROUGE-
2 Recall to quantify the degree of content reuse. As
shown by the ROUGE-2 Recall scores (0.611 for
GPT-40 vs. 0.871/0.843 for Swallow and LLM-jp,
respectively)!!, GPT-4o reuses fewer bigrams from
the source document. This quantitative result is
consistent with the higher rate of Paraphrase Error
observed for GPT-4o.

4.2 Summary-Level Faithfulness Labels

Table 3 shows the distribution of faithfulness la-
bels at the summary (output) level for each model.
Based on the sentence-level labels, we classify each

""ROUGE-2 Recall is computed after morphological anal-
ysis using MeCab (version 0.996) with the IPA dictionary
(IPADIC, version 102, UTF-8).
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Model pair Mutual information Verified Non-Verified
GPT-40 x Swallow 0.002 Faithfulness decision 0.51 0.39
Swallow x LLM-jp 0.015 Label-type 0.45 0.33
GPT-40 x LLM-jp 0.006

Table 4: Mutual information between model pairs regard-
ing whether their summaries are labeled Hallucinated
(i.e., containing at least one Intrinsic or Extrinsic sen-
tence) for the same input document.

output as Hallucinated (contains any Intrinsic/Ex-
trinsic), Paraphrased (contains only Paraphrase Er-
ror among non-faithful sentences), or Faithful (all
sentences are Faithful).

Figure 3 shows the distribution of hallucinated
sentence counts within outputs labeled as Hallu-
cinated. Most such outputs contain only a single
hallucinated sentence, although in some cases mul-
tiple hallucinated sentences appear within the same
output. Previous work (Varshney et al., 2023) re-
ports chain-like hallucination phenomena, in which
hallucinations, once initiated, trigger subsequent
hallucinations. In our dataset, the number of hallu-
cinated sentences per summary varies across mod-
els, and in particular, the proportion of summaries
containing two or more hallucinated sentences is
lower for GPT-40 than for the other two models.
This observation suggests that the occurrence of
chain-like hallucinations may be associated with
model capability.

Table 4 reports the mutual information between
pairs of models with respect to whether their out-
puts for the same input document were labeled Hal-
lucinated. A mutual information of zero indicates
statistical independence between the two outputs.
Across all three model pairs, the mutual information
values were close to zero, suggesting that hallucina-
tion occurrence is independent across models. This
result implies that hallucination generation may be
influenced more by model-specific characteristics
than by input difficulty factors such as topic or com-
plexity.

4.3 Inter-Annotator Agreement

Table 5 reports Fleiss’ kappa coefficients for inter-
annotator agreement in our study under both the
verification and non-verification settings. We report
two types of agreement scores: faithfulness deci-
sion agreement, which reflects binary classification
of whether a sentence is faithful or not, and label-
type agreement, which reflects agreement on the

Table 5: Inter-annotator agreement measured by Fleiss’
kappa. Faithfulness decision agreement is based on
a binary classification (Faithful vs. any non-Faithful).
Agreement is computed over six annotators.

Label pair / Triple Count
Intrinsic—Extrinsic 5
Extrinsic—Paraphrase 6
Intrinsic—Paraphrase 14
Tie across three labels 14

Table 6: Distribution of annotation disagreement cases,
showing label count patterns assigned by six annotators
for sentences that remained Unresolved.

four-way classification of the specific label assigned
to each sentence.

Faithfulness decision agreement. While verified
agreement is moderate (0.51), Fleiss’ kappa in the
non-verified setting falls below 0.4. These scores
are lower than those reported in prior work (Pagnoni
etal.,2021) (Fleiss’ kappa = 0.58), which annotates
summary outputs from the perspective of faithful-
ness. This may reflect differences in annotation
setup (e.g., the absence of annotator screening),
as well as differences in the properties of the an-
notation targets, such as the nature of the source
documents and the characteristics of summaries
generated by decoder-only LLMs.

Label-type agreement. Fleiss’ kappa values are
even lower, indicating that maintaining consistent
judgments becomes increasingly difficult as the an-
notation task requires finer-grained label distinc-
tions. This highlights the challenge of fine-grained
faithfulness labeling; we discuss representative un-
resolved cases in Limitations.

4.4 Qualitative Analysis of Annotation
Disagreements

Table 6 presents the label count patterns assigned by
the six annotators for cases in which no final label
could be determined due to disagreement. Below,
we provide a qualitative analysis of cases where
multiple annotators assigned at least one label other
than Faithful.
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Source Document

Generated Summary

Labels

7 AV D OFHERBEAR-Z X (v 7 R) .. Kz
HE (NASA) OFHAITE 2 NeRE L FHifin (71— F5a
Y1 DB B L e 7 AV AEND 5 7 AV N5
WCIRCZODIE, RAR—RA ¥ % FAOFARITEHEZ 9 R
HIELTLBRD Z 2 272 %, ... (U.S. space development company
SpaceX successfully launched the Crew Dragon spacecraft, carrying
two astronauts from the National Aeronautics and Space Adminis-
tration (NASA). It marks the first time that Americans have traveled
into space from within the United States since the termination of the
Space Shuttle program nine years ago. )

e A= X OF NFHMHHT
b BT oDl RIHTT, 94
ADITT XY I ANHFEH SRS
ADZ IR ET, (LItis the
first crewed spacecraft launch by
SpaceX, and for the first time in
nine years, Americans will go into
space.)

(a)
Non-verified
Intrinsic: 2
Extrinsic: 2
Paraphrase: 1
Faithful: 1

HEBEEOE ST CRGER L LTV TV 2 7 RODEDFES
V= x VAT 4 7 TEEIZRD . RERY 4 v & — T
(V=4 R=)) T& PEOFENPL Y FAD LTEHEEICR -
TW5%, ... (The story of a seven-year-old boy working as a delivery
worker in Qingdao, a city in eastern China, has gone viral on social
media. ... On Weibo, the Chinese version of Twitter, the story has

o HFERRY 4 v 2 — TG T,
DEDFES LY FAD LTEEE
1272 > TWb, ... (..On WeChat,
the Chinese version of Twitter,the
story has become a trending topic.)

(b)

Verified
Intrinsic: 0
Extrinsic: 2
Paraphrase: 2
Faithful: 2

become a trending topic.)

Table 7: Examples of cases with annotator disagreement.

Cases that do not fit any of the defined labels.
In example (a) of Table 7, the source document
states that “it will be the first time in nine years that
an American launches into space from within the
United States,” whereas the target sentence states,
“it will be the first time in nine years that an Amer-
ican launches into space,” without the restriction
“from within the United States.” As a result, the
meaning conveyed by the source and target differs,
making the output problematic from the perspective
of faithfulness.

Errors of this kind, where a restrictive expression
in the source is omitted in the target, resulting in
a shift in meaning, do not fall under any of the
faithfulness labels defined in this study. Because
annotators attempted to map such cases into one
of the provided categories, disagreement naturally
arose.

Cases that are difficult to determine as Extrinsic
or Paraphrase. In example (b) of Table 7, the
social media platform in question is referred to as
“WeChat (f#5)” in the target sentence, while the
source document mentions “Weibo (f#1#).” In real-
ity, “Weibo” is often described as a Twitter-like mi-
croblogging platform in China, whereas “WeChat”
is a distinct communication platform resembling
LINE; thus, the two refer to different services.

If an annotator is unfamiliar with “Weibo,” they
may incorrectly interpret “WeChat” as a paraphrase
and classify the case as a Paraphrase Error. How-
ever, annotators aware of the difference between the
two platforms may judge that the model introduced
information not present in the source and classify

it as Extrinsic. These cases illustrate how the dis-
tinction between Paraphrase Error and Extrinsic
hallucination can depend on an annotator’s prior
knowledge.

5 Conclusion

In this study, we constructed a benchmark dataset
for hallucination detection in Japanese summariza-
tion, providing sentence-level annotations of multi-
ple LLM outputs with four faithfulness labels: In-
trinsic, Extrinsic, Paraphrase Error, or Faithful.

Our analysis at the output level revealed that GPT-
40 exhibits a lower hallucination rate compared to
the other models. At the same time, it tends to pro-
duce more paraphrased, i.e., more abstractive, sum-
maries. Cross-model comparisons showed that hal-
lucinations were largely independent across models,
suggesting that factors other than input difficulty
(e.g., model-specific characteristics) may contribute
to hallucination generation.

For future work, we plan to refine the annotation
framework based on the insights obtained in this
study and benchmark existing and newly proposed
hallucination detection methods on the dataset.

Limitations

Our study has several limitations. First, the anal-
ysis is limited to three LLMs, and the observed
patterns may not generalize to all models. Second,
the finding that hallucination occurrence appears
largely independent across models should be in-
terpreted in light of the input setting used in this
study. Our dataset is based on news articles, which
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are relatively well-structured and factually consis-
tent; different tendencies may emerge for noisier
inputs, other domains, or languages. Finally, evalu-
ations of hallucination detection methods that rely
on internal model states are currently limited to
open-source models, as API-based models such as
GPT-40 do not provide access to internal generation
information.
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A Prompts used for summary generation
and data extraction

Tables 8 and 9 show the prompts used for summary
generation and data extraction. Each table displays
the actual Japanese prompts used and their English
translations.

B Annotation Ul

Figure 4 shows the annotation workflow. The
source document is displayed and referenced in a
browser, while the target document is viewed in
doccano for annotation. If the source document
contains photographs, the annotator can view them.

Although the actual source document input to
the model is a plain text string, the web articles
contain structured layout and images that help an-
notators better understand the content. We therefore
expected that reading the original news page would
lead to improved content comprehension.
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ROXEEZBENLTLZE W0,
{article}

Summarize the following document.
{article}

Table 8: Prompt used for summary generation.

TR EZ2ENPTEONEICEETH L2050 M LT 23w, ERNPEETH S ik, BENONEDTT
DXEWX L > TEMIOLNTVE I Z2ERLE T, TOXEIIKTIHAER, TOXETHERSATVRVAR

REDPEZENRTVRVEWVWS ZETT,
JEDCE | {input_text}
T {generated_summary}

BETH 2050 OHHZRERICHHAL, REICEETHHEE Yes) 2. Z25 TRWEEIR Noy ZH

FLTLIZEW,

Determine whether the summary provided below is faithful to the original document. A faithful summary means its content
is supported by the original document. It does not contain content that contradicts the original document or content not

stated in the original document.
Original document:{input_text}
Summary:{generated_summary}

Explain step-by-step why it is faithful or not. Finally, output “Yes” if faithful, or “No” if not.

Table 9: Prompt used to extract summaries potentially containing hallucinations.

Uz AXTOEAMRN WS X+
% bbc.com/japanese/46982919 % EXS
20194178248

EEPHRARIREICHD ., BN & RBRERONIIE BRI TR XL5T23H, FROTPY « /71 RER#
& (35) NEEABANOMEEZER Ulce KFIK « MY TRRBERBILEELI 74 FRETEARAL LTE
RIBERBLL, ThERFT=IFR « YKy OKRAEVS. . KEE Tz,

I 74 RERBRIEEEH AR TABOXIELNIC. BHLEORBFTER T RXATIHNERESNBET) H
KEEEL. BFERFHNS EEAMBEL LTEROTRIEZERICES 85, LEB LT,

k5 Y TRRGERIC & BT 7 REROAHEERER T,
FLARIGEET 2 &5 U o

YR50O EDMRERRL. KARBIT2H

YRy OXGRE, KBFNEADS TR XIS ZMEFRALLS ELTED, BREBANI—FTI—2LTTNBL
FEREU T

AFFFTTLERBLIY R o ORR. "MAZRRES < EIAL, ZOEDBLRLECREREVSHONHBZA
1y ERALR,

m&

b5V TREEFSERT, ¥ Ko OBREN TERTEELN EHHL. T RITITBFCEWTHE—ERBFENER
RERNRTeo

T XXTSEREY K5 QL ZORBBHEICH UBRICOEZ LIf, REFBEROXMEERLI) ERFVY TR

Figure 4: Annotation UI. The source news article is displayed in a web browser (left), while LLM-generated
summaries are shown in doccano (right) for sentence-level faithfulness annotation, with auxiliary “Reason” spans
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