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Abstract
Hallucinations are among the most persistent and challenging issues in large language model (LLM) outputs. This
particularly holds in domains that combine both objective and subjective content, such as hotel descriptions, that
are intended to be enticing advertisements for the hotel. Distinguishing between factual errors and interpretative
exaggeration is often subtle, complicating both human and automated evaluation. To address this, we present
HoTeLCHECKSPAN, the first span-level faithfulness dataset for the hotel domain. Each example aggregates one or
more hotel descriptions, and human-annotated summaries are labeled with three error types: Incorrect, Misleading,
and Not Checkable. By marking the precise spans where errors occur, the dataset captures fine-grained information
about the nature of hallucinations and factual inconsistencies. In addition to human annotations, we collect
span-level judgments from multiple LLMs, enabling direct human—model comparisons. Our analysis shows that
inter-annotator agreement varies substantially across aggregation levels: example-level agreement can mask subtle
span-level disagreements, while soft and hard F1 variants highlight discrepancies in both span placement and
error categorization. HoTELCHECKSPAN provides a benchmark for studying ambiguity and disagreement, validating
automatic faithfulness metrics, and evaluating LLMs as judges, offering a rich resource for research on faithfulness,

subjectivity, and annotation practices in mixed-content domains.
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1. Introduction

Large language models (LLMs) have become in-
creasingly proficient at generating fluent text across
a variety of domains. However, one of their most
persistent and concerning shortcomings is halluci-
nation—the production of content that is unfaithful
to the source or factually incorrect (Ji et al., 2023;
Maynez et al., 2020). Hallucinations are particularly
problematic in domains that combine both objec-
tive information with subjective assessments, such
as hotel descriptions, where subtle nuances and
interpretative statements occur frequently. In these
contexts, the distinction between a true factual error
and a minor exaggeration often complicates both
human and automated evaluation.

To capture this subtle information, we adopt a
span-level annotation approach (Thomson and Re-
iter, 2020a), which identifies the exact spans in
generated summaries that are erroneous and la-
bels the type of error. This approach provides rich
information about what exactly the errors are, rather
than simply whether a summary is overall faithful or
not. By analyzing the span-level patterns of agree-
ment and disagreement among annotators, we can
illuminate both the nature of the errors and the in-
herent ambiguity in subjective domains.

We introduce HoTELCHECKSPAN, the first span-
level faithfulness dataset in the hotel domain.
The dataset aggregates multiple accommodation
descriptions per example and contains human-
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annotated summaries labeled for three types of
errors: Incorrect (factually wrong information), Mis-
leading (technically true, but open to misinterpre-
tation), and Not Checkable (cannot be supported
nor refuted by the input description). Table 1 illus-
trates an example description—summary pair with
this span-level annotation approach. In addition to
human annotations, we collect comparable span-
level judgments from multiple LLMs to enable direct
human-model comparisons. We release the code'
and the dataset? publicly.

The main contributions of this work are as fol-
lows:

1. A new dataset for span-level faithfulness
assessment, HoTELCHECKSPAN, covering a
mix of subjective and objective information in
the hotel domain. This dataset is, suitable for
studying ambiguity, annotator disagreement,
and for validating automated metrics, including
LLM-based evaluators (Kasner et al., 2025;
Pagnoni et al., 2021).

2. Comprehensive analysis of agreement and
disagreement, showing how different aggre-
gation levels (example-level vs. span-level)
provide complementary perspectives on inter-
annotator consistency and ambiguity.

3. Systematic human—LLM comparison, which

"https://github.com/patuchen/
hotelcheckspan

®https://huggingface.co/datasets/
patuchen/hotelcheckspan
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Description: Just a 5-minute walk from Mall of the Emirates, DoubleTree by Hilton Hotel and Residences Dubai
offers modern accommodations. [...] The hotel is 7.0 km from Dubai Marina and 12.1 km from Dubai Mall. Dubai

International Airport is 30 minutes away by car.

S1: Shop in the Mall of the Emirates thanks to the hotel’s convenient location.

S2: Enjoy wonderful views across the Hudson River to New Jersey and Liberty Island from select suites.

Table 1: An example of a hotel description with span-level annotation. Note that in the actual dataset,
each description is paired with exactly one summary. Here, S1 demonstrates a faithful summary, while S2
illustrates an Incorrect error (highlighted in red) used specifically as an attention check during annotator

qualification.

demonstrates varying levels of model reliability
and highlights the challenges of using LLMs
as faithfulness judges.

4. Recommendations for IAA reporting: We
demonstrate that relying on a single inter-
annotator agreement (IAA) metric can mask
underlying disagreements. To prevent this
distortion, we recommend evaluating agree-
ment across multiple granularities: dataset-
level, example-level, and span-level.

2. Related Work

The news domain dominates the existing sum-
marization datasets with dialog being the second
largest domain (Dahan and Stanovsky, 2025). This
lack of domain diversity means that as researchers,
we might be inaccurately assessing the utility of
summarization methods due to lack of insight. We
therefore structure our coverage of related work
into two subsections: datasets for summarization
evaluation and datasets in the hotel domain.

2.1.

Research on evaluating faithfulness and halluci-
nations in abstractive summarization has led to
the creation of several benchmark datasets. Sum-
mEval (Fabbri et al., 2021) remains the most
widely used reference corpus, containing human
evaluations of summaries from multiple models
on the CNN/DailyMail dataset with judgments of
coherence, consistency, fluency, and relevance.
FactCC (Kryscinski et al., 2020) introduced a fac-
tual consistency benchmark derived from news
summaries, accompanied by a BERT-based verifi-
cation model trained to detect contradictions. More
recent resources such as AggreFact (Tang et al.,
2023) aggregate annotations from multiple factual-
ity datasets, enabling cross-domain evaluation of
consistency metrics. FaithBench (Bao et al., 2025)
extends faithfulness evaluation to large language
models, providing annotations of hallucinations of
existing datasets at both sentence and span level
without a domain focus.

Faithfulness Evaluation

2.2. Datasets in the Hotel Domain

Several datasets exist for textual modeling in the
hotel and travel domain. HotelRec (Antognini and
Faltings, 2020) is a large-scale TripAdvisor corpus
containing 50 million reviews with metadata for rec-
ommendation research. Smaller collections are
also publicly available on Kaggle,® Hugging Face
(Alam et al., 2016), and other sites, including a
2012 dataset of 887K of TripAdvisor hotel reviews
from 4,333 hotels*, which provide tens to hundreds
of thousands of user reviews paired with numerical
ratings across multiple aspects. These datasets
are typically used for sentiment classification or
opinion mining rather than summarization.

A few resources directly address summary gen-
eration. The SPACE corpus (Amplayo et al., 2021)
contains user reviews of hotels and other venues,
with human-written summaries for a subset of
entities. More recently, LFOSum (Nayeem and
Rafiei, 2024) paired professional critic summaries
with user reviews for over 500 hotels, supporting
controllable long-form summarization. A smaller
dataset by Kamath et al. (2024) introduced model-
generated highlights of hotel descriptions categori-
cally annotated on the document level for hallucina-
tions and contradictions, providing the first example
of hallucination evaluation in this domain. We use
an alternative error span annotation that allows for
more qualitative insights on the sources and the
nature of the errors.

3. Dataset Overview

3.1.

The objective of HOTELCHECKSPAN is to describe
the unique aspects of a given accommodation with-
out the need for users to parse verbose accom-
modation descriptions and contradictory reviews.
Each instance consists of an input text (a hotel

Task Definition

Shttps://www.kaggle.com/datasets/
waseemalastal/hotel-reviews—dataset

“Four Cities Hotel-Reviews Dataset: https://
www.cs.cmu.edu/~jiweil/html/hotel-review.
html
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description) and a corresponding short summary
focused on a single aspect generated by a large
language model. The dataset enables span-level
analysis of factual consistency between summaries
and their source texts, supporting both human and
automatic evaluation.

3.2. Data Source and Selection

The source texts were sampled from publicly avail-
able accommodation descriptions written in English,
primarily sourced from various online travel agen-
cies (e.g., Booking.com, Expedia) and direct ho-
tel providers. Depending on availability, each ex-
ample aggregates one or more descriptions for a
single property. The sampled accommodations
span 44 countries across all inhabited continents,
with the most prominently represented being the
US (approx. 30%), the UK (8%), and Japan (7%).
The properties are predominantly standard hotels
(80%), alongside a mix of motels, bed and break-
fasts, and apartments. Because our study strictly
focuses on textual modeling and evaluation, geo-
graphical and property metadata were decoupled
during processing and are not included in the re-
leased dataset.

To mitigate redundancy where properties pro-
vide nearly identical information across multiple
platforms, we concatenated the available descrip-
tions and applied an automated de-duplication step.
Redundant segments were filtered out if they sat-
isfied any of the following conditions against an
existing segment: a BLEU score greater than 0.8,
or a ROUGE-L F1 score greater than 0.8. Because
the source texts consist of promotional material,
they are typically fluent and internally consistent,
though they may contain seasonal, outdated, or
exaggerated marketing claims. For the purposes
of this dataset, the aggregated description serves
as the absolute ground truth. The annotation task
strictly evaluates the generated summary’s align-
ment with this provided text, isolating the model’s
generation fidelity from the real-world accuracy of
the accommodation’s claims.

We then generated short summaries using Gem-
ini 1.5 Flash (Gemini Team, 2024), emphasizing
a specific topic mentioned in the description (e.g.,
location, amenities, or dining options). The model
was selected as a direct architectural upgrade to the
PaLM 2 (Team, 2023) models utilized in prior work
(Kamath et al., 2024). The generation of the sum-
maries closely follows the methodology described
by Kamath et al. (2024). These generated sum-
maries were intentionally left unedited to preserve
the natural distribution of model hallucinations for
the subsequent annotation phase. Each summary
is paired with its corresponding source text, forming
a single evaluation instance.

3.3. Data Composition

The final version of HoTELCHECKSPAN comprises
a total of 496 description—summary pairs, each
consisting of a single summary generated for an
aggregated set of one hotel’s descriptions. To al-
low for analysis with more controlled variables, the
dataset has two splits of equal size: shorter and
longer. On average, the input descriptions contain
716.5 words (68.4 sentences), ranging from 20 to
1,517 words. The summaries are highly concise,
averaging 14.7 words (1 sentence) and ranging
from 7 to 24 words. We note that the dataset con-
tains short outliers. Refer to Table 1 for an illus-
trative example showing span-level annotation of
unsupported content.

3.4. Availability

The base HoTELCHECKSPAN dataset (the unanno-
tated description—summary pairs), the annotation
guidelines, and the processing code are publicly
available.

However, given the extensive issues with test set
contamination in LLM evaluation (Balloccu et al.,
2024), the collected human and model span anno-
tations are purposefully withheld from the public
repository to preserve the integrity of the bench-
mark. These annotations will be made readily avail-
able to researchers upon request. Both the public
dataset and the gated annotations are distributed
under the Creative Commons BY-NC 4.0 license,
permitting non-commercial use with attribution.

4. Annotation Process

4.1. Annotation Schema

Each summary in HoTELCHECKSPAN was anno-
tated for factual errors at the span level. Annotators
were instructed to select the smallest text fragment
in the summary that constitutes a factual error with
respect to the input description. When a single sum-
mary contained multiple distinct factual issues (e.g.,
an incorrect facility description alongside an unver-
ifiable location claim), annotators were instructed
to highlight each error as a separate, independent
span. Overlapping spans were not allowed.

Each span was assigned exactly one of three er-
ror types: Not Checkable, Misleading, or Incorrect.
We derived these three categories from Kasner et al.
(2025), retaining only those relevant to the hotel
domain based on our initial data analysis. We delib-
erately opted for this concise schema rather than a
more granular one (e.g., separating omissions from
exaggerations) to keep the cognitive load manage-
able for crowdworkers. As noted by Thomson and
Reiter (2020b), highly complex guidelines often de-
grade inter-annotator agreement without yielding
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higher-quality insights. The categories are defined
as follows:

» Not Checkable errors denote statements that
cannot be verified based on the source text
(e.g., mentioning an amenity that is never de-
scribed).

» Misleading errors occur when the summary
distorts the meaning of the source, often by ex-
aggeration or ambiguous phrasing (e.g., refer-
ring to a hotel as "beachfront" when the beach
is several kilometers away).

* Incorrect errors capture clear factual contra-
dictions, such as wrong entities or numerical
mismatches.

We acknowledge that the boundary between Mis-
leading and Not Checkable can sometimes be sub-
jective, depending on whether a statement is per-
ceived as merely a distortion of existing text or an
entirely ungrounded claim. To anchor these judg-
ments, annotators were provided with clear defi-
nitions and one representative example for each
error class, which are fully disclosed in Appendix B.
Furthermore, annotators were explicitly asked to
ignore stylistic differences, omissions, or subjective
intensifiers (e.g., "wonderful location") that do not
affect factual accuracy.

In addition to the error spans, the annotators
were asked for their overall impression of the sum-
mary on a scale from 1 to 7. The 7-point Likert
scale has been deliberately chosen as van der Lee
et al. (2019) find it optimal based on the analysis
of prior studies.

4.2. Annotation Interface and Guidelines

Span annotations were collected using the Factge-
nie span annotation interface (Kasner et al., 2024)
without further modifications. Prior to the task, an-
notators received detailed written guidelines ex-
plaining the annotation procedure. They were in-
structed to highlight the smallest text fragment in
the summary that constituted a factual error, as-
signing one label per span, and to mark no spans
when a summary contained no errors by checking
the corresponding box. The instructions empha-
sized selecting minimal spans that, if removed or
replaced, would correct the error while preserving
grammaticality. Examples illustrating correct and
incorrect annotations were provided, together with
clarifications that stylistic differences and subjective
expressions should not be annotated.

Annotation time was automatically tracked, and
submissions flagged as implausibly quick post-
submission were manually reviewed. Low-quality
annotations were rejected and subsequently re-
placed with other annotators. A small number of

workers were found to delay their Prolific submis-
sions to bypass time checks; these cases were
identified manually and excluded from the final
dataset.

4.3. Annotators

The annotation campaign was conducted in two
stages, preceded by three pilot rounds to verify the
clarity of the guidelines and estimate annotation
time.

Pilots Three pilots were conducted prior to the
main annotation campaigns to validate the experi-
mental design, gain feedback on the clarity of guide-
lines, and estimate the time complexity. The first
pilot involved eight core team members familiar
with the data and task, the second included two
colleagues external to the project, and the third in-
volved eleven crowd workers recruited via Prolific®,
representing the intended target population. The
first two pilots were voluntary; the third was paid
under the same conditions as the main annotation.

Stage 1. A total of 62 annotators were recruited
on Prolific to annotate batches of ten examples,
each containing two attention checks (an error-
free example and one with an obvious incorrect
error). Annotators were required to be native En-
glish speakers located in the United Kingdom or the
United States and to have a prior Prolific task ap-
proval rate above 95%. Each example was double-
annotated by workers randomly assigned to two
groups (A and B) differing only in the phrasing of
the "no errors" checkbox: group A saw phrasing “I
did not find any errors in the summary” while group
B saw a less personal “There were no errors in the
summary”.

Stage 2. To improve annotation quality, a second
stage was carried out on a subset of the data. For
this, we used the half (248 examples) of the dataset
whose descriptions were shorter and thus required
less time to annotate. We further set aside 3 exam-
ples from this subset to serve as additional ques-
tions in the qualification task, resulting in 245 ex-
amples receiving two additional annotations. In ad-
dition to the filtering criteria in Stage 1, we added a
filter for the minimal number of tasks completed on
Prolific to 200. Potential annotators first completed
a qualification task consisting of five examples (the
two original attention checks and three new ones).
Each participant was scored on a 0-5 scale based
on their accuracy; each example had a reference
error and was worth one point. Partial point assign-
ment was possible for the consistent use of the “no

SProlific - https://www.prolific.com
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Error Type Count Percentage
Not Checkable 367 46%
Misleading 314 40%
Incorrect 113 14%

Table 2: Distribution of annotated error types in
HoTELCHECKSPAN.

errors present” checkbox. Those scoring at least
three points were invited to continue. Out of forty
candidates, only twenty-eight qualified and were
subsequently considered trusted annotators. They
could participate in multiple batches, each contain-
ing sixteen examples. All annotators were paid
£9 per hour, with a performance-based bonus for
passing attention checks that raised their effective
pay to £12.60 per hour.

4.4. Dataset Statistics

A total of 496 description—summary pairs were an-
notated in the main campaign. Each example was
labeled independently by at least two annotators,
and 245 of these were annotated by two more an-
notators to enable subsequent reliability analysis.
In total, the dataset contains 794 annotated error
spans.

On average, summaries contain 0.54 annotated
spans per record. When considering only exam-
ples with at least one annotation, this corresponds
to 1.31 spans per summary. Annotated spans are
typically short, with an average length of 4 words,
a median of 3 words, with lengths ranging from 1
to 18 words. Based on this information, annota-
tors generally marked minimal text segments rep-
resenting discrete factual issues, as requested in
the guidelines.

The distribution of annotated error types is shown
in Table 2. The majority of the annotation spans
are labeled as Not Checkable (46%), followed by
Misleading (40%) and Incorrect (14%). This pat-
tern suggests that unverifiable content is the most
frequent source of faithfulness concerns in model-
generated hotel summaries.

Inter-annotator agreement and qualitative anno-
tation trends are discussed in Section 6.

5. LLM Annotation Collection

To complement the human annotations described
in Section 4, we additionally collected span-level
faithfulness annotations from large language mod-
els (LLMs). The setup followed the procedure of
Kasner et al. (2025), using the same Factgenie inter-
face to ensure comparability between human and
model annotation campaigns. We used three dif-
ferent models: GPT-40 (OpenAl Team, 2024), 03-

mini,® and Gemma-3 (Gemma Team, 2025). Each
model was run on the full set of 496 description—
summary pairs annotated by humans in Stage 1.

Prompt desigh The prompting protocol was
adapted from Kasner et al. (2025), with modifica-
tions to include dataset-specific examples identical
to those used in the human annotation guidelines.
For gpt-40 and o3-mini, we ran two variants: a
default prompt and a less strict variant (abbrevi-
ated as LS), which explicitly instructed the model to
mark only errors with higher confidence or stronger
factual contradictions.”

Results overview Table 3 summarizes the re-
sulting annotation statistics across all of the LLM
campaigns. The table reports total span counts,
average span density, and the distribution across
error categories.

Across models, annotation density and error-
type balance varied considerably. The gpt-4o0
model and its less strict variant produced the high-
est number of spans (272 and 295, respectively),
exhibiting a strong tendency to over-annotate rel-
ative to human annotators. Because the identical
prompt structure proved effective in prior work (Kas-
ner et al., 2025), we attribute this behavior to the
model’s inherent difficulty adapting to the subjec-
tive nuances of the hotel domain, rather than a
purely prompt-driven artifact. Conversely, gemma—
3 exhibited a more conservative annotation style,
generating fewer spans per record but a notably
higher share of Misleading errors (65%). We omit-
ted a less strict variant for gemma-3 as prelimi-
nary observations indicated it already captured the
general error distribution adequately, and prompt
relaxations did not meaningfully improve its span
boundary precision. Finally, the reasoning model
o3-mini demonstrated severe under-annotation;
it had high precision on the few spans it identified,
but very low recall, finding at most 4 annotations
across the entire dataset.

Qualitative Validation Beyond the raw span
counts, a manual qualitative inspection of the LLM-
generated annotations confirmed these quantita-
tive limitations. While the few spans identified by
the o3-mini variants were semantically reason-
able and precise, annotations from gpt—-4o0 and
gemma-3 frequently violated the core instruction to
select minimal spans, often highlighting entire sen-
tences. Furthermore, the rationales generated by
these models frequently contradicted themselves

®https://platform.openai.com/docs/
models/o3-mini

"Verbatim prompt templates will be provided in the
appendix of the camera-ready version.
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LLM Total Spans/Rec. Spans/Err.Rec. AvgLlen. Incorrect Misleading Not Check.
gemma-3 177 0.36 1.19 4.7 47 (27%) 116 (65%) 14 (8%)
gpt-40 272 1.10 1.18 3.8 111 (41%) 70 (26%) 91 (33%)
gpt-4o (LS) 295 1.19 1.19 3.9 104 (35%) 89 (30%) 102 ( 5%)
03-mini 2 0.00 1.00 3.0 1 (50%) 1 (50%) 0 (0%)
03-mini (LS) 4 0.01 1.00 5.5 3 (75%) 1 (25%) 0 (0%)

Table 3: Statistics of span annotations marked by LLMs. “LS” = Less Strict prompt variant. All campaigns

were run on the full set of 496 examples.

or penalized valid stylistic choices instead of factual
errors. This confirms that the models struggle fun-
damentally with the semantic reasoning required
for this specific task, validating the necessity of
human-in-the-loop evaluation.

This parallel collection of human and LLM-
generated span annotations enables a direct com-
parison of annotation behavior, agreement patterns,
and error-type tendencies, which we examine in the
following section (Section 6).

6. Inter-Annotator Agreement

All span annotation agreement methods have their
pros and cons which will be described in the fol-
lowing subsections. We point out that our dataset
contains a higher amount of subjectivity which low-
ers the agreement. The impact of subjectivity on
the agreement will be discussed in Section 6.4 in
light of Plank (2022) who points out that label vari-
ation in human annotations can be a signal rather
than noise.

6.1. Dataset-Level Agreement

Before analyzing fine-grained inter-annotator con-
sistency, we examine agreement trends at the
dataset level by comparing aggregate error dis-
tributions across annotation campaigns. Table 4
summarizes the number and type of spans pro-
duced in the human and LLM annotation rounds.

To assess annotation robustness, we compared
outcomes between the two annotation stages and
across the two Ul phrasing groups (A and B). Over-
all, we observed no systematic conceptual shifts
between Stage 1 and Stage 2. The procedural
updates and qualification filtering introduced in
Stage 2 resulted in a marginal increase in inter-
group agreement (+4.8 points) and a slight reduc-
tion in overall annotation volume (—8.5%). This
confirms that the Stage 2 annotators became more
selective and internally consistent in their label as-
signments without fundamentally altering their in-
terpretation of the guidelines.

However, a moderate systematic difference
emerged between the annotator groups them-
selves. Across both stages, Group B produced

roughly 20% more error annotations than Group A.
When Group B was in the minority during a dis-
agreement, it was almost exclusively due to flag-
ging additional errors (over 90% of cases) rather
than missing them. We attribute this mild tendency
toward over-annotation to the subtle variation in
the “no errors” checkbox: Group A saw the per-
sonalized phrasing “l did not find any errors in the
summary,” which seemingly prompted a more con-
servative, cautious stance, whereas Group B saw
the objective “There were no errors in the summary.”
These findings highlight how even minor Ul varia-
tions can influence annotator confidence and error
thresholding in subjective tasks.

Among the LLM-based campaigns, gpt-4o
yields substantially more spans than either hu-
man group, suggesting a general tendency to over-
annotate relative to human annotators. lts less
strict (LS) variant produces an even higher span
count, though with a similar error-type balance. In
contrast, 03-mini produces only a handful of annota-
tions, demonstrating severe under-annotation and
limited detection capability. The gemma-3 model
sits between these extremes, generating a moder-
ate number of spans with a strong bias toward the
Misleading category.

The dataset-level agreement results serve as a
sanity check and important context for interpreting
the more granular findings. However, while the
counts of error spans and distributions of errors are
similar across campaigns, they do not inform us
whether the annotators in fact found the errors in
the same examples.

6.2. Example-Level Agreement

We next examine agreement patterns at the exam-
ple level, focusing on how many annotators marked
the presence of each error type for a given sum-
mary. Each example in Stage 2 was independently
annotated by four qualified annotators, allowing us
to observe the distribution of “error votes” (i.e., the
number of annotators marking an error). Note that
this includes any errors within the example and two
annotators might mark two distinct errors within a
single example.

Table 5 reports how often a given number of
annotators (0—4) identified each error type—Not
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Campaign Total Spans

Incorrect Misleading Not Checkable

St. 1A 131 27 (21%) 50 (38%) 54 (41%)
St. 1B 148 14 (9%) (45%) 68 (46%)
St. 2A 102 4 (4%) 0 (49%) 48 (47%)
St. 2B 125  12(9%) 47 (38%) 6 (53%)
gem.3 92 27 (29%) 53 (58%) 2 (13%)
40 269 109 (41%) 70 (26%) 0 (33%)
40 (LS) 292 102 (35%) 9 (30%) 101 (35%)
03-m (LS) 4 3(75%) ( 5%) 0 (0%)
03-m 1 0(0%) 1 (100%) 0 (0%)

Table 4: Dataset-level comparison of total annotated spans and their distribution across error types for
human (Stage 1/2) and LLM campaigns, calculated on the subset of 245 Stage 2 examples. Multiple error

spans can be identified within a single example. “LS” =

Checkable (NC), Misleading (M), and Incorrect
(I)—as well as whether any error was marked (Any).
The proportions are computed over all 245 exam-
ples annotated by four annotators.

E NC M I Any
0 110( 5%) 109( 5%) 207 (84%) (21%)
1 86(35%) 88(36%) 34 (14%) 68 (28%)
2 32(13%) 39 (16%) 4 (2%) 63 (26%)
3 14 (6%) 8 (3%) 0 (0%) 45 (18%)
4 3 (1%) 1 (0%) 0(0%) 18 (7%)

Table 5: Example-level annotation agreement
across four Stage 2 annotators. “Error Votes (E)” =
the number of annotators voting for the presence of
an error in a given example. The following columns
show example count and prevalence: NC = Not
Checkable, M = Misleading, | = Incorrect, Any =
presence of any error. For example, there are 110
examples where none of the annotators found an
NC error. Percentages are rounded to whole num-
bers.

Observations Table 5 highlights several clear
patterns.  The Incorrect category shows the
strongest consensus, with 84% of examples con-
taining no such error according to all four annota-
tors, confirming that annotators are highly conser-
vative when marking content as factually wrong. In
contrast, both Misleading and Not Checkable er-
rors display a more even distribution across 0-2
votes, suggesting a higher degree of subjectivity
with more ties.

When considering any error type (Any), only 7%
of examples were unanimously judged to contain
an error (4 votes), while 21% received none (0
votes). Most examples fall into the middle bands
(1-3 votes), underscoring the inherent variability of
faithfulness judgments at the summary level.

LLM Performance When considering example-
level cases with clear human consensus (3—1 or

Less Strict prompt variant.

4—0 agreement), we further examined how LLMs
align with these majority decisions. The results
reveal that although the highest-scoring models
(03-mini and o3-mini (LS)) achieve over 95%
agreement with human judgments when evaluated
per error type, this pattern does not generalize
when the evaluation is aggregated across all er-
ror categories. When measured in terms of overall
binary error detection (any error vs. none), their
alignment drops to around 68—69%. A similar but
weaker discrepancy appears in other models as
well, with gemma-3 decreasing from 86% to 63%,
and gpt—-4o models falling from around 65-67%
to near 35%. This systematic gap arises because
humans overwhelmingly agree on the absence of
specific error types, while agreement on the pres-
ence of an error is rare. As a result, per-type ma-
jority alignment artificially inflates the performance
of models that simply default to the majority class
baseline (i.e., the absence of a specific error). The
o3-mini variants achieve near-perfect per-type
scores entirely by consistently predicting “no er-
ror,” while gpt—-40 models, despite lower overall
agreement, are the only ones that actually identify
some of the rare true positives. This conserva-
tive alignment paradox demonstrates that standard
per-type agreement metrics can severely overstate
LLM—-human consistency, emphasizing the need to
evaluate models on their ability to detect the minor-
ity class (actual errors) rather than just rewarding
their alignment with human consensus on error-free
text.

6.3. Span-Level Agreement

Evaluating agreement on span annotations is non-
trivial, as spans can vary in length, boundaries, and
degree of overlap. To ensure comparability with
prior work, we adopt the conventions introduced
by Kasner et al. (2025), following the definitions
established in Da San Martino et al. (2019).

We compute pairwise agreement between anno-
tators using precision, recall, and their harmonic
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mean (F1). Taking one annotator as the reference
and the other as the hypothesis, a span is counted
as a true positive when a span in the hypothesis
overlaps with a span in the reference. We use
the same logic to measure recall and F1. This
span-based formulation evaluates only overlaps be-
tween annotated spans—it does not assign credit
for cases where both annotators leave a segment
unmarked.

We report two variants for each metric: Hard
(which considers both span boundaries and the as-
signed error type) and Soft (which considers only
span boundaries, ignoring the error type). The dif-
ference between them (e.g., AF1 = Flgot — Flparg)
reflects disagreement arising from label assign-
ment rather than span detection.

Analysis. Agreement between human annota-
tors remains modest, with soft F1 scores around
0.25-0.30 and hard scores around 0.10-0.15.
Stage 2 annotators show the highest internal con-
sistency (F15=0.28), suggesting improved calibra-
tion after pilot rounds. Among LLMs, gpt-40 and
gpt—4o (LS) reach human-level agreement in
the soft setting, while gemma-3 performs slightly
worse and o3-mini exhibits near-zero alignment,
consistent with its strong underannotation tendency.
The persistent gap between soft and hard agree-
ment (AF1 ~ 0.15) indicates that disagreements
arise primarily from label categorization rather than
identifying which parts of the summaries are prob-
lematic. Higher recall but lower precision for LLMs
reflects their tendency to mark more potential is-
sues than human annotators, while human—human
pairs tend to be more conservative yet consistent
in labeling.

6.4. Error and Disagreement Analysis

To better understand the nature of the annotations
and sources of disagreement, we conducted a se-
mantic clustering analysis of all annotated error
spans. This approach complements the span-level
agreement metrics by examining what kinds of
claims tend to be marked as errors—and where
annotators diverge most.

Methodology. We embedded 464 annotated
spans using the al1-MiniLM-L6-v2 sentence
transformer (Wang et al., 2020) and performed K-
means clustering (k = 15). The resulting clusters
represent semantically coherent error types discov-
ered directly from the data, rather than predefined
categories. Each cluster was manually inspected
by the first author and labeled according to its dom-
inant linguistic or factual pattern. Full implementa-
tion details and hyperparameters for the clustering
are provided in Appendix A.

Overall Taxonomy. The clustering yielded fifteen
interpretable groups, summarized in Table 7. The
most frequent types of erroneous or disputed claims
concern location and proximity, amenities, and sub-
jective or experiential qualities. Proximity-related
expressions (e.g., “near the city center,” “short
walk,” “close to attractions”) account for roughly
one third of all annotations, reflecting the preva-
lence of vague or unverifiable location language in
the dataset. Amenity mentions (e.g., “spa centre,”
“fitness room,” “terrace”) constitute another substan-
tial share, while more subjective descriptions such
as “beautiful,” “relaxing,” or “memorable” cluster
under quality and experience claims.

Relation to Disagreement. Low-consensus an-
notations—cases where annotators disagreed on
whether a span was erroneous—were found to con-
centrate in proximity and quality-related clusters.
These often involve soft factuality claims, such as
walking distances, view quality, or convenience,
which blur the line between factual and subjective
statements. In contrast, clusters involving concrete
facilities or services (e.g., “business centre,” “fit-
ness room”) showed higher agreement, suggesting
clearer factual grounding.

Error Type Breakdown. When grouped by error
type, the taxonomy reveals systematic tendencies:

* Non-checkable errors frequently describe
subjective or unverifiable qualities, such as
Walking Distance, Facility Description, and Ex-
perience claims.

Misleading errors tend to involve overstated
amenities or proximity (e.g., “easy access to
attractions,” “spa centre with a hot tub”). While
many of these statements might be technically
true, they leave a wide margin for interpreta-
tion which can lead to misunderstanding and
disappointment.

Incorrect errors mostly concern concrete facil-
ity or feature mentions (e.g., “business centre,”
“in-room service”), indicating factual inaccura-
cies rather than interpretative uncertainty.

Interpretation. Overall, the embedding-based
taxonomy suggests that most faithfulness disagree-
ments arise not from purely factual contradictions,
but from linguistic vagueness and soft factuality ex-
pressions. Terms implying distance, convenience,
or experiential quality often depend on contextual
or subjective interpretation, making consistent an-
notation particularly difficult. Conversely, concrete
claims about facilities or services elicit higher agree-
ment and more consistent error labeling.
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Comparison Type Prec(H) Rec(H) F1(H) Prec(S) Rec(S) F1(S)
Group A — Group B (Stage 1) 0.10 0.10 0.10 0.29 0.28 0.28
Group A — Group B (Stage 2) 0.22 0.19 0.15 0.33 0.24 0.28
Stage 1 — Stage 2 0.15 0.11 0.12 0.29 0.21 0.24
Human-LLM (Gemma3) 0.10 0.07 0.08 0.24 0.18 0.21
Human-LLM (GPT-40) 0.09 0.13 0.11 0.20 0.39 0.26
Human-LLM (O3-Mini) 0.20 0.01 0.02 0.62 0.03 0.05

Table 6: Average span-level agreement between human annotators and large language models on the
Stage 2 subset. “H” = type-sensitive (hard), “S” = type-insensitive (soft). Precision (Prec), Recall (Rec),
and F1 scores are averaged over all pairwise comparisons.

Cluster Name Count (%)
Central Location 60 14.1
Amenity Availability 50 11.8
Proximity (var.) 127  29.9
Facility Description 31 7.3
Access Convenience 29 6.8
Subjective Quality 29 6.8
Experience/Atmosphere 25 5.9
Business Facility 24 5.6
Dining/Food 22 5.2
Scenic Quality 16 3.8
Walking Distance 15 3.5
Amenity Availability (Fitness) 12 2.8

Table 7: Overview of embedding-based clusters
representing typical error types in annotations.

6.5. Relation Between Errors and
Impression Scores

To examine how factual and subjective errors in-
fluence the perceived quality of model outputs, we
analyze the relationship between error presence
and the overall impression scores assigned by an-
notators. Impression scores range from 1 (very
poor) to 7 (excellent) and were available for all an-
notated summaries across the four campaigns.
The results show a strong and statistically signif-
icant relationship between the presence of errors
and lower impression scores (¢t = 11.9, p < 0.001).
Summaries without detected errors received an av-
erage score of 4.79, while those containing at least
one error averaged 3.71. Moreover, impression
scores decline steadily with the number of detected
errors (correlation » = —0.31), dropping below 2
when more than four distinct errors were identified.
This suggests that even a small number of factual
issues substantially affects perceived quality.
Breaking down the analysis by error type re-
veals that Incorrect errors have the most severe
impact (mean 2.58, a drop of 2.21 points from
the no-error baseline), followed by Not Check-
able (mean 3.48, drop 1.31) and Misleading errors
(mean 3.94, drop 0.85). The trend indicates that an-
notators penalize factual inaccuracies more heavily
than ambiguous or interpretive issues. This penalty

hierarchy observed in the annotators’ impression
scores mirrors anticipated business impact. As
demonstrated in our prior work (Schmidtova et al.,
2025), end users reading these summaries for prac-
tical decision-making are less likely to be severely
impacted by Misleading statements compared to
outright Incorrect claims. Consequently, distin-
guishing between these error types is critical for
automated evaluation, as they carry vastly different
risks of reputational or legal damage.

Finally, impression score distributions reinforce
this relationship: only 17.6% of high-rated sum-
maries (scores 6-7) contain errors, compared to
over half of those in the mid and low ranges. To-
gether, these findings show that faithfulness errors
matter for the overall impression of the summary.

7. Conclusion

In this work, we introduced HoTELCHECKSPAN, the
first span-level faithfulness dataset for the hotel do-
main, combining objective and subjective informa-
tion across multiple accommodation descriptions.
By annotating specific spans in model-generated
summaries and categorizing errors as Incorrect,
Misleading, or Not Checkable, we provide fine-
grained insights into the nature of hallucinations
and factual inconsistencies in LLM outputs.

Our analysis revealed that agreement between
annotators varies substantially depending on the
aggregation level: example-level agreement often
masks nuanced disagreements visible at the span
level, while span-level F1 and soft/hard variants
highlight subtle differences in both span placement
and error classification. Comparing human anno-
tations with multiple LLMs further demonstrated
that models differ widely in their ability to capture
or replicate human judgments, underscoring the
importance of reporting multiple perspectives on
agreement.

HoTeLCHEckSPAN is designed to support arange
of research applications, including the study of am-
biguity and disagreement, the evaluation of LLMs
as faithfulness judges, and the validation of auto-
matic metrics in subjective domains.
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8. Limitations

Unfortunately, we cannot release the prompt used
for generating the summaries in the dataset due to
proprietary intellectual property constraints. How-
ever, the full LLM error labeling prompt is available
in the appendix.

9. Ethical Considerations

Human Annotations The recommended Prolific
wage of £9 per hour base rate paid out to all anno-
tators regardless of their annotation quality.2 We
paid out a bonus of £4.60 per hour to workers who
passed our attention check in stage 1 and workers
who received more than 3 points out of 5 in the
qualification task. This ensured compliant workers
received the UK living wage of £12.60 per hour.®

Model Inference The total cost to run the LLMs
for span annotations (2-3 runs on 500 examples
per model to optimize the prompt) through APIs
was roughly $100.

Use of Al We used Al-assisted coding (i.e. Copi-
lot) with the bulk being human-written, namely for
the conversion of the dataset from factgenie files
into a HuggingFace-friendly format. For writing, Al
was used to check grammar mistakes and improve
clarity and flow.
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A. Clustering Implementation Details

For the semantic clustering analysis described in
Section 6.4, we generated span embeddings using
the finetuned sentence-transformers/all-
MiniLM-L6-v2 model (Wang et al., 2020). The
resulting embeddings were clustered using the
scikit-learn implementation of K-means. To
ensure robustness and reproducibility, we utilized
k-means++ initialization with 10 restarts and a
fixed random seed. The optimal number of clusters
(k = 15) was determined by computing and maxi-
mizing the silhouette score across a search grid of
k € [2,30].

B. Human Annotation Guidelines

As described in Section 4.3, annotators were di-
vided into two groups (A and B) to test for potential
bias in checkbox phrasing regarding the absence of
errors. We found no significant difference in anno-
tation behavior that could be attributed to this factor.
Below, we reproduce the exact instructions and
interface guidelines provided to the crowdworkers.

! For technical reasons, please use a different
browser than Safari !

You will see a collection of texts describing a
hotel and a short summary of the texts focusing
on a specific aspect of the hotel. Your task will
be to read both the texts and the summary and
identify parts of the summary that contain the errors
described below.

Definitions and Examples of the Errors

We present these in Table 8. In the original inter-
face, they were presented to the annotators using
Markdown formatting.

Guidelines for identifying the parts that contain
an error

To mark a part of the sentence that contains the
error, drag your cursor to highlight the text. Aim
to select the smallest span that, if removed or
replaced, would correct the error while allowing the
rest of the sentence to remain intact.

Some summaries will not contain any errors, in
such case you are expected to not annotate any
spans and instead check the box saying “/ did not
find any errors in this summary” [Group A] / “There
were no errors in this summary” [Group B], rate
your overall impression and move on to the next
example.

Example

Text: Immerse yourself in Florida’s culinary her-
itage with Latin fusion flavors at our restaurant, Blue
Matisse, or sip craft cocktails at Nau Lounge.
Summary: Experience the vibrant flavors of Latin

cuisine with a modern twist at Blue Matisse restau-
rant. (No span is selected)

Explanation: This summary contains no errors,
so instead of selecting any spans, just confirm the
lack of errors in the checkbox below the text.

C. LLM Evaluation Details
C.1.

We accessed the most recent versions of the Ope-
nAl models (GPT-40 and 03-mini) via their APl in
April 2025. We ran Gemma-3 locally using the
Ollama framework'? with the gemma3: 2 7b check-
point.

Model Implementations

C.2. Main Evaluation Prompt

The default prompt used for all three models was
adapted from Kasner et al. (2025).

Given the hotel descriptions: {data}

Annotate all the errors in the following summary:
{text}

Output the errors as a JSON list “annotations” in
which each object contains fields “reason”, “text”,
and “annotation_type”. The value of “text” is the
text of the error. The value of “reason” is the reason
for the error. The value of “annotation_type” is one

of {0, 1, 2} based on the following list:

* 0: Not checkable: The fact in the text cannot
be checked in the data.

 1: Misleading: The factin the text is misleading
in the given context.

» 2: Incorrect fact: The fact in the text contradicts
the data.

The list should be sorted by the position of the error
in the text. Make sure that the annotations are not
overlapping.

Example:

Data: “The closest major airports to Bomontist Suit
are: Istanbul (SAW-Sabiha Gokcen Intl.) - 17.5 km
/10.9 mi Istanbul (IST-Ataturk Intl.).”

Summary: “Schiphol Airport is just a 15-minute
drive from the hotel.”

Output:

{
"annotations": [
{
"reason": "Schiphol Airport is
incorrect as

the accommodation

“https://ollama.com/
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Error Type

Definition

Example

Not Checkable

The summary contains information that
is not mentioned anywhere in the orig-
inal text. This information could either
be objective (such as the presence of a
swimming pool) or subjective (such as
quietness).

Text: A fun-filled vacation or relaxing business
trip awaits you at the Holiday Inn Express & Suites
Tampa Airport nestled on the beautiful waters of
Tampa Bay at Rocky Point. Our hotel is minutes
from the beautiful waterfront views of Tampa’s Fa-
mous Riverwalk featuring miles of shops, artists
and Tampa’s premier dining. Our friendly and
knowledgeable staff invite you to relax in the out-
door pool.

Summary: Enjoy stunning views of Tampa Bay
and the beautiful waterfront from this pet-friendly
hotel.

Explanation: It was not mentioned whether the
hotel is pet-friendly, thus this information is Not
Checkable.

Misleading

The summary presents information that
appears in the original text, however, it
does so in a way that changes the per-
ceived meaning. This can be due to sub-
jective judgments (is an attraction 10 km
away “close”?) or due to a word that can
have multiple meanings (pool as in swim-
ming pool or the game requiring a pool
table).

Text: Sheraton Diisseldorf Airport hotel is directly
connected with the Terminal - in the unique lo-
cation on the roof of car park P3, surrounded by
10,000m? greenery. [...] Relax from your travels
or prepare for your meeting with green views.
Summary: Enjoy breathtaking views from the
rooftop terrace and garden, offering a relaxing es-
cape.

Explanation: Terrace and garden are Misleading.
The hotel seems to be on the roof, but there is no
mention of a terrace. At the same time, 10,000m?
seems unlikely to be a garden.

Incorrect

The summary contains information that
either contradicts a statement from the
original text (i.e the text mentioning the
hotel is NOT pet-friendly, but the sum-
mary stating it is) or contains a severe
error, such as using a wrong entity (e.g.
place or a person), or a wrong humber
(for example confusion of different num-
bers or kilometers vs miles).

Text: The closest major airports to Bomontist Suit
are: Istanbul (SAW-Sabiha Gokcen Intl.) - 17.5
km / 10.9 mi Istanbul (IST-Ataturk Intl.).
Summary: Schiphol Airport is
15-minute drive from the hotel.
Explanation: Schiphol Airport in Amsterdam is
Incorrect, since the accommodation is clearly in Is-
tanbul. In addition, 15-minute drive is Not Check-
able in this context, because even though we
know the distance, we don’t know the expected
speed of the journey.

just a

Table 8: Definitions and Examples of Error Types presented to annotators.

is in Istanbul",

"text": "Schiphol Airport",
"annotation_type": 2
b
{
"reason": "l5-minute drive cannot
be verified as we
only know the distance,
not journey time",
"text": "15-minute drive",
"annotation_type": 0

C.3. Less Strict (LS) Prompt Variant

After observing that GPT-40 tended to over-
annotate, we trialed a “less strict” prompt variant

for the OpenAl models. This variant introduced an
error-free example and explicit instructions not to
penalize stylistic choices or omissions. However,
as noted in Section 5, this variant ironically caused
the models to annotate even more spans.

Given the hotel descriptions: {data}

Annotate all the errors in the following summary:
{text}

[... JSON formatting instructions and Error Type list
identical to Main Prompt ...]

Example 1: [... Istanbul Airport example identical
to Main Prompt ...]

Example 2:

Data: “Immerse yourself in Florida’s culinary her-
itage with Latin fusion flavors at our restaurant, Blue
Matisse, or sip craft cocktails at Nau Lounge.”

9986



Summary: “Experience the vibrant flavors of Latin
cuisine with a modern twist at Blue Matisse restau-
rant.”

Output:

{

"annotations": []

}

Note that some details may not be mentioned in the
text: do not count omissions as errors. Also do not
be too strict: some facts can be less specific than in
the data (rounded values, shortened or abbreviated
text, etc.), do not count these as errors. Sometimes,
stronger adjectives will be used to make the sum-
mary more exciting, these are also not errors. If
there are no errors in the text, “annotations” will be
an empty list.
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