
Proceedings of the 15th Joint Conference on Lexical and Computational Semantics (*SEM 2026), pages 28–62
July 3, 2026 ©2026 Association for Computational Linguistics

A Logic-Based Approach to Hallucinations in Data-to-Text NLG:
Experiments with Human and LLM Annotators

Eduardo Calòα Saad Mahamoodω Albert Gattα Kees van Deemterα
αUtrecht University ωShopware

{e.calo, a.gatt, c.j.vandeemter}@uu.nl saad@saad.me.uk

Abstract

Hallucinations are a persistent challenge in
natural language generation, including data-to-
text. van Deemter (2024) introduced a frame-
work based on the relation of logical conse-
quence (“follows from”), which divides all data-
to-text hallucinations into seven disjoint cate-
gories. We examine whether human annotators
and large language models are able to apply
the framework, in two data-to-text domains.
Results suggest that the framework is appli-
cable, although there are significant domain-
dependent variations, as well as discrepancies
between human and model judgments. We also
uncover several issues that should inform future
work on hallucination.

https://github.com/Eduardo-Calo/
hallucination-framework

1 Introduction

Hallucinations, in the sense of factual inaccuracies
in generated texts, are a well-documented chal-
lenge in natural language generation (NLG) (e.g.,
Rawte et al., 2023; Huang et al., 2025). While
NLG evaluation traditionally emphasized factors
like fluency and clarity (Gatt and Krahmer, 2018;
Howcroft et al., 2020, i.a.), the growing concern
over hallucinations is causing researchers to place
greater emphasis on content evaluation.

Numerous efforts have been made to define and
classify hallucinations, including in the context
of traditional data-to-text NLG (Reiter and Dale,
2000; Narayan and Gardent, 2020; Osuji et al.,
2024), whose aim is to generate natural language
text from structured input data, e.g., from sensors
(Gatt et al., 2009), knowledge bases (Colin et al.,
2016), or tables (Parikh et al., 2020) (see §2).

van Deemter (2024) offered a critique of these
analyses and proposed a categorization of all the
logical relationships that can be obtained between
the input and output of a data-to-text system (§3.1

for details). The idea is to compare the factual
contents of the input and output with each other,
asking whether the two are “well-matched” (i.e.,
whether the input follows from the output and the
output follows from the input), and if not, then
why not. This analysis claims to cover all types
of hallucination, and all types of input data. It
promises to enhance our understanding of factual
inaccuracies committed by large language models
(LLMs) and to offer a starting point for addressing
questions of error severity (van Miltenburg et al.,
2020) and hallucination mitigation (Ji et al., 2024),
including in real-world scenarios (e.g., Hegselmann
et al., 2024; Schmidtová et al., 2025).

This paper presents the first implementation of
this logic-based framework for hallucination anal-
ysis in real-world data-to-text domains. Starting
from the notion of logical consequence (i.e., “fol-
lows logically from”), we show how the framework
can be operationalized as a multi-step reasoning
procedure (§3.1), detailing the adaptations required
to make the framework usable in practice. We
develop annotation guidelines applicable across
different domains, suitable for both human anno-
tators and LLMs, because (i) there is a growing
trend of using LLMs as judges in evaluation tasks
(Zheng et al., 2023; Tan et al., 2024; Bavaresco
et al., 2025, i.a.); (ii) given that large-scale manual
annotation is expensive and time-consuming, low-
cost LLM-based alternatives might be used instead
of (or in addition to) human annotation (Calderon
et al., 2025); and (iii) LLMs have been shown to
perform well in logic-based inference tasks akin
to ours (e.g., the FOLIO benchmark for first-order
logic reasoning; Han et al. 2024).

It can sometimes be difficult to say whether a
given output follows from a given input, and vice
versa, with different domains posing different chal-
lenges (van Deemter, 2024). We thus consider two
very different data-to-text domains: (i) tourist ac-
commodation descriptions generated from database
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Input
Name: Piscina Rei
Star rating: 4
City: Muravera
Country: Italy
Accommodation type: Resort
Hotel facilities: Hotel bar
Room amenities: Balcony (upon inquiry)
Output
Indulge in coastal bliss at Piscina Rei Resort, a 4-star retreat in
Muravera, Italy.
This resort offers a tranquil haven with a hotel bar, while rooms may
feature balconies (upon request).

Table 1: Input-output example from the hotel domain,
categorized as “Well-matched with harmless informa-
tion”, following the decision tree in Figure 1.

Input

∃x ¬(
Cube(x) →
∀y (Tet(y) → Smaller(x, y))

)

Output
There is a cube that is not smaller than every tetrahedron.

Table 2: Input-output example from the logic domain,
categorized as “Well-matched” (Figure 1).

entries (henceforth, hotel domain), and (ii) de-
scriptions of simple geometrical scenes generated
from logical formulae (henceforth, logic domain).
The hotel domain is characterized by simple inputs
(i.e., conjunctions of atomic facts), and lengthy
outputs, which can be stylistically elaborate (Ta-
ble 1). The logic domain uses short but potentially
complex inputs, yielding purely factual outputs (Ta-
ble 2). Both domains have real-world relevance:
hotel NLG has been deployed commercially (e.g.,
Mahamood and Zembrzuski, 2019), while logic
NLG has been applied in classroom settings (e.g.,
Mpagouli and Hatzilygeroudis, 2009). We address
two research questions: First, to what extent do
human annotators agree among themselves and
with reference annotations? Second, can the an-
notation process be automated by using LLMs?

To investigate these questions, we adapted the
framework to the hotel and logic domains and con-
ducted annotation experiments with both human
annotators and several state-of-the-art LLMs un-
der four prompting strategies. Through this study,
we: (i) provide the first cross-domain implementa-
tion of van Deemter’s framework, breaking it down
into manageable reasoning steps; (ii) conduct an-
notation experiments with both humans and LLMs,
analyzing annotator agreement and alignment with
reference annotations; (iii) present ample compar-
isons between human and model results, showing
that while annotation was challenging for people,
some LLMs performed the task remarkably well.

2 Related Work

Hallucinations in NLG NLG systems can pro-
duce outputs that contain factual inaccuracies
(Maynez et al., 2020; Raunak et al., 2021;
Bouyamourn, 2023; Augenstein et al., 2024; Xu
et al., 2025). Despite significant progress in detect-
ing and mitigating such errors (Choi et al., 2023;
Chen et al., 2023; Mishra et al., 2024; Agrawal
et al., 2024; Tonmoy et al., 2024; Rawte et al.,
2025), there is no consensus on how to categorize
hallucinations (Guerreiro et al., 2023; Huidrom and
Belz, 2023; Zhang et al., 2023b).

Hallucination Annotation Annotation has been
pivotal in studying hallucinations. The *SHROOM
Shared Task Series has provided the community
with high-quality manual annotations of halluci-
nations in multiple languages and tasks (Mickus
et al., 2024; Vazquez et al., 2025). Other datasets
have been developed for various domains and tasks
(Chen et al., 2024; Niu et al., 2024), including ma-
chine translation (Zhou et al., 2021; Dale et al.,
2023). We focus specifically on data-to-text NLG.

Hallucination Categorizations in Data-to-Text
NLG Dušek and Kasner (2020) provided a
coarse-grained analysis highlighting hallucination
(i.e., the output does not logically follow from the
input) and omission (i.e., the input does not log-
ically follow from the output). A more informal
analysis was offered by Ji et al. (2023), who distin-
guished between intrinsic hallucination (i.e., output
that contradicts the source) and extrinsic hallucina-
tion (i.e., output that can neither be supported nor
contradicted by the source). Thomson and Reiter
(2020) offered a heterogeneous analysis, categoriz-
ing errors into incorrect numbers, incorrect words,
and context errors, among others.

3 Methodology

We implemented van Deemter’s framework by
applying a multi-step reasoning procedure and
adapted it to the hotel and logic domains. We
created data for annotation by retrieving inputs
from two data sources and generating outputs us-
ing LLMs in a data-to-text setting. We acquired
reference annotations for these input-output pairs.

3.1 Framework Implementation
Original Framework van Deemter (2024) ar-
gued that existing error classifications require clari-
fication, refinement, and extension. Suppose the in-
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put says the Dutch soccer team lost all its matches.
Outputs can get this wrong in different ways, for ex-
ample, by saying “Holland lost some/most/none of
its matches”; yet, presumably, Thomson and Reiter
(2020)’s scheme would classify each of these three
as “incorrect word” errors, failing to distinguish
between errors that end up misinforming users in
very different ways. Furthermore, all these clas-
sifications fail to make some subtler distinctions.
Suppose, for instance, the input and output are such
that neither follows from the other. For Dušek and
Kasner (2020)’s scheme, this is the end of the story;
hence, it fails to distinguish between cases in which
the input and output are logically independent of
each other and cases in which they contradict each
other. Suppose the input says the temperature is
between 10 and 20 degrees Celsius; then the out-
put The temperature is above 15 degrees exempli-
fies the former (because the input and output can
both be true or false, independently of each other),
whereas the output The temperature is above 30
degrees would exemplify the latter (because input
and output cannot both be true).

In view of these and other issues, van Deemter
(2024) proposed a new categorization. Like Dušek
and Kasner (2020)’s, it is based on the logical con-
sequence relation. Unlike that, however, it system-
atically examines all the ways in which the input
(I) and output (O) of data-to-text NLG systems can
be logically related to each other. As a result, the
framework proposed seven categories (Table 3).

The framework made some assumptions. It is
applicable in full only if the NLG system is tasked
to express all and only the information in the input
(in the classic NLG pipeline, this includes every
step following Content Selection, see e.g., Reiter
2007, 2025). Second, it only asks whether the out-
put of the NLG system matches the input, without
considering the truth of the output in the real world.

Question Structuring We structured the halluci-
nation categories as a decision tree (cf. Ostyakova
et al. 2023), where the path to each category is a
series of binary questions (Figure 1). Their order
is crucial. For instance, once an output is identified
as contradictory, no further questions are necessary
because, in classical logic, (a) anything follows
from a contradictory statement, and (b) a contra-
dictory statement can only follow from another
statement if that other statement is itself contra-
dictory. Logical considerations of this kind allow
us to structure the annotation in such a way that

only the minimal number of questions is asked. We
disregarded the category “O tautologous” (case 1b
in Table 3), because such outputs are exceedingly
rare in both our domains.

Hallucination Severity We found that, in the ho-
tel domain, some errors were more serious than
others. We started by defining as divergent any
information that is present in only one of the two
information sources (i.e., it is present in either the
input or the output). Not all divergent informa-
tion is necessarily factually wrong. Hotel-related
outputs can contain information that is divergent,
but where the divergence is unlikely to lead to any
complaints from customers. On the other hand, a
piece of divergent information is factually wrong if,
despite everything the input says, the information
could turn out to be manifestly incorrect.

For instance, if the output asserts, without any
basis in the input, that a hotel has a swimming pool,
then this is factually wrong. Divergent informa-
tion that is not factually wrong can cover different
kinds of cases. First, an output can contain sub-
jective opinions. For example, an output can say
that a hotel is cozy, without any basis in the input.
This is a commercial phrasing that few customers
would take seriously. Second, some information in
the output may be inferable with high probability
only (e.g., the output may describe a hotel as serv-
ing Mexican food, even though the only relevant
information in the input is that the hotel is located
in Mexico). In these cases, we ask annotators to
mark these pieces of “harmless” hallucination as
divergent but not factually wrong.

We strategically positioned the question of
whether the output contains factually wrong in-
formation after determining whether the output fol-
lows from the input (Figure 1, first red node). First,
we ask whether the output follows from the input
in the strict sense (i.e., whether the output contains
divergent information). If it does not follow, we
ask whether any of the divergent information is
factually wrong.

Handling Ambiguity Ambiguity poses a chal-
lenge in hallucination annotation, because when an
output permits multiple interpretations, then differ-
ent hallucination categories could be assigned to it
depending on the interpretation selected.

Logically rich outputs can contain various types
of ambiguity, potentially leading different annota-
tors to perceive distinct interpretations of the same
text. These ambiguities include connective prece-
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Case Description Category Example Output
0 I |= O and O |= I Well-matched x is a 5-star hotel in Mexico.
1 I |= O and O ̸|= I O too weak

1a 1 and ̸|= O Normal case x is a hotel in Mexico.
1b 1 and |= O O tautologous x has a star-rating of 5 or below.

2 I ̸|= O and O |= I O too strong
2a 2 and ̸|= ¬O Normal case x is a child-friendly 5-star hotel in Mexico.
2b 2 and |= ¬O O contradictory x is a hotel in Mexico City, USA.

3 I ̸|= O and O ̸|= I Neither follows
3a 3 and I ̸|= ¬O I and O independent x is a child-friendly hotel.
3b 3 and I |= ¬O I and O contradictory x is a 5-star hotel in the USA.

Table 3: van Deemter (2024)’s classification, with examples from the hotel domain. Input: Accom-Type(x) =
Hotel ∧ Country(x) = Mexico ∧ Star-Rating(x) = 5. The output example for 1b is tautologous because 5 is the
maximum quality rating. Example 2b is contradictory because Mexico City is not in the USA.

dence (i.e., when it is unclear how logical connec-
tives (e.g., and, or) bind in a sentence), quantifier
scope (i.e., where it is unclear whether a given quan-
tifier (all, every, some, etc.) is within the scope of
another), and negation scope (i.e., where it is un-
clear what part of a sentence is negated). Since
ambiguities ended up playing a somewhat limited
role in both domains, we opted not to encode am-
biguity into the decision tree. In the logic domain,
where outputs are more likely to contain ambiguity,
annotators were instructed to first flag ambiguous
outputs, as a preliminary separate step, and then
proceed with their preferred interpretation.

3.2 Data Creation

3.2.1 Hotel Domain

Input: From trivago database, we retrieved five ac-
commodations and their attributes (i.e., name, star
rating, city, country, accommodation type, hotel
facilities, room amenities, sport, childcare services,
wellness, accessibility).
Output: We used the prompt in Figure 3 (Ap-
pendix A) to generate the English descriptions of
the input accommodation characteristics with five
LLMs: Flan-T5-XXL (Chung et al., 2024), Mix-
tral 8x7B (Jiang et al., 2024), Falcon 180B (Al-
mazrouei et al., 2023), ChatGPT (Brown et al.,
2020), and Gemini 1.0 (Gemini Team et al., 2024).
Outputs had an average length of 130 words. For
each input, we generated 5 descriptions (one per
LLM), obtaining 25 descriptions (5 accommoda-
tions for 5 LLMs). See Appendix A for an input-
output pair (Table 7).
Reference Annotations: Three of the paper’s au-
thors independently annotated all 25 input-output
pairs following the setup of §4. Each annotated
the 25 pairs individually. Following a discussion
between the three, a consensus annotation was

reached for 17 out of 25 pairs. The authors agreed
to disagree on 8 pairs, in which they acknowledged
that different answers were possible (2 votes vs. 1),
allowing these cases to have multiple labels (IAA:
Krippendorff’s α = 0.73).

3.2.2 Logic Domain

Input: We used the Grade Grinder Corpus (GGC;
Barker-Plummer et al., 2011), a corpus of first-
order logic formalizations made by students an-
swering exercises in Barwise et al. (2000). We
restricted ourselves to the correct formalizations in
the geometrical shapes domain. From this pool, we
randomly sampled in a stratified way 15 formulae,
considering various aspects (i.e., length, structure,
number of predicates, connectives, and quantifiers).

Output: We used the prompt in Figure 2 (Ap-
pendix A) to generate the English translations of
the input logical formulae with five LLMs: CodeL-
lama (Rozière et al., 2024), Mixtral 8x7B, Gemini
1.0, GPT-3.5 (Brown et al., 2020), and phi-3.5-mini
(Abdin et al., 2024). Outputs had an average length
of 35 words. For each input, we generated 5 trans-
lations (one per LLM), obtaining a total of 75 trans-
lations (15 formulae for 5 LLMs). See Appendix A
for an input-output pair (Table 8).

Reference Annotations: Two of the paper’s au-
thors (proficient in logic) annotated all 75 input-
output pairs independently, following the setup of
§4. The two authors then discussed complex cases,
reaching a consensus annotation on 68 out of 75
pairs. They agreed to disagree on three pairs, where
ambiguity led to different hallucination categories
(IAA: Krippendorff’s α = 0.85). Four pairs were
discarded, as it was impossible to determine the
truth value of the outputs because they were highly
ungrammatical or incomplete (see §6).
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Does O contradict itself?
(|= ¬O?)

Yes

O contradictory

No

Does O follow from I?
(I |= O?)

Yes

Does I follow from O?
(O |= I?)

Yes

Well-matched

No

O too weak

No

Does O contain FWI?

Yes

Does I follow from O?
(O |= I?)

Yes

O too strong

No

Do I and O contradict each other?
(I |= ¬O?)

Yes

I and O contradictory

No

I and O independent

No

Does O include I?
(O |= I?)

Yes

Well-matched with harmless information

No

O too weak with harmless information

Figure 1: Framework adapted for our data-to-text domains. The black portion of the decision tree was used for the
logic domain experiment, while the red portion was added for the hotel domain experiment. The tree illustrates
the questions posed to annotators and the order in which they were presented. FWI: factually wrong information.
In brackets, the logic-based representation, not shown to the annotators. In the hotel domain, we used the term
“include” instead of “follow from”. See Appendices B, F, and G for more details.

3.3 Evaluation Metrics

Accuracy per Annotator (APA): To understand
how often annotators aligned with the reference,
we computed APA, defined as m

n , where m is the
number of matches between the answers given by
each annotator and the reference label(s),1 and n is
the number of pairs annotated by each annotator.
Inter-Annotator Agreement (IAA): While APA
measures the alignment of annotators with refer-
ence labels, we also used Krippendorff’s alpha
(α; Krippendorff, 1980) to measure inter-annotator
agreement. We adopted α since it is robust in han-
dling skewed label distributions and missing anno-
tations (Artstein and Poesio, 2008; James, 2026).
F1-Score per Category (FPC): We computed F1-
score and support per category, to investigate an-
notators’ performance by category. We did this
by comparing, for each input-output pair, the most
frequent label(s) on the annotators’ side against the
most frequent reference label(s).

4 Annotation Setup

Human We used Qualtrics to set up the annota-
tion experiments with human annotators for both
domains. We first gave annotators an interactive
training session, designed to familiarize them with

1We consider a match to exist if the answers given by the
annotators match any of the reference labels for that question.

the concepts, terminology, and annotation interface,
including definitions, guided examples, and practi-
cal exercises with feedback. To filter out annotators
who had misunderstood the concepts explained in
the training, we introduced a comprehension check
in the hotel domain experiment (see Appendix B).
During the annotation task, annotators were asked
to answer a series of binary questions organized
according to the decision tree in Figure 1.

In the hotel domain experiment, annotators were
further asked to highlight divergent information in
both the input and output and to indicate any parts
in the output containing factually wrong informa-
tion. In the logic domain experiment, we asked
annotators to assess whether the output was am-
biguous and, if so, to specify the type of ambiguity
(i.e., connective precedence, quantifier scope, nega-
tion scope; see §3.1). We emphasized that they
had to stick to a single interpretation throughout
the annotation of a given input-output pair. See
Appendix B for details on the annotation setup.

For the hotel domain experiment, we recruited
177 participants (from Prolific and trivago; median
age = 35; male = 48.9%, female = 49.4%, non-
binary = 1.7%). For the logic domain experiment,
we recruited 16 experts with a strong knowledge of
logic (median age = 35; male = 75.0%, female =
25.0%), professional contacts of the authors, unfa-
miliar with our research questions.
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Participants were randomly assigned to n groups
(n = 5 for the hotel domain, and n = 15 for the logic
domain) and rotated through a 5 (LLMs) × n (in-
puts) Latin square (Fisher, 1925). This ensured that
each input-output pair was shown to approximately
the same number of participants, that every partic-
ipant saw all the inputs, and that each participant
only saw one LLM output per original input.

In the hotel domain, 54 out of 177 participants
passed the comprehension check. These 54 partici-
pants annotated 5 input-output pairs each, resulting
in ~11 annotations per pair (270 in total). In the
logic domain, the 16 experts in logic annotated 15
input-output pairs each, resulting in ~3 annotations
per pair (240 in total). In both experiments, the
average completion time was ~45 minutes.

LLMs We chose the following six LLMs, which
represent a variety of open-weight and proprietary
models among the top-performing ones2 on the
benchmark proposed in White et al. (2025) un-
der the reasoning subcategory: DeepSeek-R1-0528
(DeepSeek-AI et al., 2025), Gemini 2.5 Pro (Co-
manici et al., 2025), GPT-5, Grok-4, Claude Opus
4.1, and Claude Sonnet 4. We used OpenRouter
to perform API calls for all models (with default
parameters, and temperature set to 0).

We experimented with four prompting strate-
gies: zero-shot (0-shot), few-shot (F-shot), chain-
of-thought (CoT; Wei et al., 2022), and tree-of-
thought (ToT; Yao et al., 2023). We chose these
strategies (Calò et al., 2026), because they cover
both widely used basic approaches (0-shot and
F-shot) and more elaborate reasoning-based ones
(CoT and ToT), well-suited for the task at hand
(Schulhoff et al., 2025). In 0-shot, LLMs were
given only the leaf categories from Figure 1 and
asked to assign a category to each input-output pair.
In F-shot, they were provided with the categories
plus one example per category. In CoT, models
received additional step-by-step reasoning for each
example. The ToT strategy closely resembles the
human annotation setup: LLMs responded step by
step following the decision tree in Figure 1. Using
these four setups, LLMs annotated all input-output
pairs (25 in the hotel domain and 75 in the logic
domain). See Appendix D for the prompts.

5 Results

For both human and LLM annotators, we com-
puted APA, IAA, and FPC across domains (Table 6

2At the time we ran the experiments (September 2025).

and Table 4). In the hotel domain, we computed
APA and IAA (i) on the leaf categories (CAT; eight
possible outcomes), (ii) on I |= O (two possible
outcomes), (iii) on O |= I (two possible outcomes),
and (iv) on the question of whether O contains fac-
tually wrong information (FWI; two possible out-
comes: the output contains factually wrong infor-
mation or not). In the logic domain, we computed
APA and IAA (i) on CAT (six possible outcomes),
(ii) on I |= O, (iii) on O |= I, and (iv) on the ques-
tion of whether O is ambiguous (AMB; two possi-
ble outcomes: the output is ambiguous or not). We
interpret performance on CAT as indicative of how
well annotators engage with the framework as a
whole. I |= O and O |= I represent the core infer-
ential questions regarding logical consequence, and
provide insight into how annotators perform on the
higher-level reasoning tasks central to the frame-
work. For LLM annotators, we also computed APA
for CAT across prompting strategies (Table 5).

APA scores are generally good across prompting
strategies for most models (Table 5). In the ho-
tel domain, GPT-5 achieves the best performance
overall under CoT and ToT, while in the logic do-
main, DeepSeek-R1 consistently leads across most
strategies. Strong performance was also obtained
by Gemini-2.5 and Grok in both domains. Opus-
4.1 and Sonnet-4 yield the lowest scores overall.
Prompting effects vary by domain: in the hotel do-
main, performance sharply improves from F-shot
to CoT/ToT (e.g., GPT-5, Opus-4.1), whereas in
the logic domain, 0-shot/F-shot often perform as
well as or better than CoT/ToT. For three models
in each domain, ToT results are lower than CoT.

Comparing ToT and human annotation results
(Table 6),3 APA ranges from good to very good
across all dimensions for both humans and LLMs,
with most scores above 0.70. APA for CAT is con-
sistently lower than for the other (binary) dimen-
sions, which is expected given that the hierarchical
structure of the decision tree requires intermediate
questions to be answered correctly in order to reach
the final category. Among models, GPT-5 is the
best one in the hotel domain and DeepSeek-R1 in
the logic domain. IAA among human annotators
ranges from low to moderate, whereas model IAA
is consistently higher across all dimensions than hu-
man IAA (e.g., in the logic domain, I |= O shows

3We compare the human setup and the ToT strategy for
models, because ToT is the strategy that resembles the human
setup (§4), and so the only one that gives information for the
higher levels of the tree.
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Human DeepSeek-R1 Gemini-2.5 GPT-5 Grok-4 Opus-4.1 Sonnet-4 S
0-shot F-shot CoT ToT 0-shot F-shot CoT ToT 0-shot F-shot CoT ToT 0-shot F-shot CoT ToT 0-shot F-shot CoT ToT 0-shot F-shot CoT ToT

Hotel
Well-matched 0.67 0.00 0.67 1.00 0.50 1.00 1.00 1.00 1.00 0.40 0.40 0.67 0.80 0.67 0.67 0.67 0.67 0.24 0.29 1.00 0.57 0.25 0.29 1.00 0.57 2
Well-matched (harmless) 0.89 0.70 0.78 0.62 0.67 0.74 0.78 0.71 0.59 0.61 0.64 0.86 0.67 0.76 0.78 0.67 0.75 0.14 0.46 0.50 0.46 0.33 0.40 0.59 0.71 8
O too weak 0.80 1.00 0.80 0.67 0.67 1.00 1.00 1.00 1.00 0.00 0.00 1.00 0.80 1.00 1.00 0.67 0.50 0.40 0.57 1.00 0.57 0.00 0.67 0.40 0.44 2
O too weak (harmless) 0.77 0.43 0.71 0.40 0.40 0.71 0.62 0.50 0.50 0.22 0.00 0.55 0.80 0.59 0.62 0.55 0.71 0.00 0.00 0.55 0.33 0.00 0.00 0.00 0.40 8
O too strong 0.33 0.00 0.44 0.57 0.40 0.25 0.22 0.57 0.25 0.40 0.33 0.67 0.86 0.00 0.50 0.57 0.67 0.00 0.29 0.60 0.40 0.00 0.33 0.57 0.33 4
I and O independent 0.80 0.00 0.00 0.62 0.62 0.00 0.22 0.62 0.36 0.00 0.00 0.62 0.77 0.00 0.36 0.71 0.77 0.00 0.00 0.55 0.62 0.00 0.00 0.40 0.55 8
Macro Average 0.71 0.36 0.57 0.65 0.54 0.62 0.64 0.73 0.62 0.27 0.23 0.73 0.78 0.50 0.66 0.64 0.68 0.13 0.27 0.70 0.49 0.10 0.28 0.49 0.50

Logic
Well-matched 0.93 0.92 0.92 0.89 0.92 0.91 0.90 0.95 0.83 0.89 0.91 0.92 0.88 0.91 0.91 0.93 0.88 0.89 0.90 0.68 0.90 0.90 0.90 0.92 0.88 61
O too weak 0.33 0.62 0.62 0.62 0.53 0.73 0.62 0.60 0.50 0.43 0.62 0.55 0.29 0.53 0.62 0.67 0.47 0.33 0.50 0.33 0.44 0.44 0.62 0.22 0.20 4
O too strong 0.25 0.57 0.57 0.57 0.50 0.57 0.57 0.75 0.50 0.50 0.57 0.57 0.50 0.57 0.57 0.89 0.67 0.00 0.00 0.00 0.29 0.25 0.57 0.29 0.29 5
O contradictory 0.00 - - - - - - - 0.00 - - - - - - 0.00 0.00 - - 0.00 0.00 - - - 0.00 0
I and O independent 0.55 0.89 0.86 0.86 0.50 0.86 0.75 0.73 0.00 0.75 0.75 0.73 0.62 1.00 0.80 0.75 0.50 0.40 0.00 0.57 0.43 0.00 0.75 0.22 0.25 4
I and O contradictory 0.00 - 0.00 0.00 - 0.00 0.00 - - - 0.00 - - - - - - 0.00 0.00 0.00 - 0.00 0.00 0.00 0.00 0
Macro Average 0.34 0.75 0.59 0.59 0.61 0.61 0.57 0.76 0.37 0.64 0.57 0.69 0.57 0.75 0.72 0.65 0.50 0.32 0.28 0.26 0.41 0.32 0.57 0.33 0.27

Table 4: FPC for LLMs per prompting strategy, and human performance in the leftmost column, in the hotel and
logic domain. Reference label support (S) in the rightmost column is shared by all. - indicates that S and annotator
count were both 0 for that category. Boldfaced are the best macro averages per LLM per strategy per domain.

Hotel Logic
Model 0-shot F-shot CoT ToT 0-shot F-shot CoT ToT
DeepSeek-R1 0.52 0.68 0.68 0.64 0.87 0.85 0.84 0.83
Gemini-2.5 0.68 0.68 0.76 0.60 0.87 0.84 0.89 0.67
GPT-5 0.44 0.40 0.80 0.88 0.81 0.85 0.85 0.77
Grok-4 0.64 0.72 0.72 0.80 0.85 0.83 0.88 0.79
Opus-4.1 0.16 0.32 0.68 0.56 0.75 0.77 0.49 0.79
Sonnet-4 0.20 0.32 0.52 0.60 0.79 0.71 0.77 0.71

Table 5: APA for CAT for LLMs across prompting
strategies, in the hotel and logic domains. Boldfaced are
the higher values per strategy per domain.

nearly a 0.40 increase from humans to models). In-
terestingly, IAA for O |= I is systematically higher
than for I |= O in both domains.

When analyzing results per category (Table 4),
macro averages show that human annotators per-
formed better in the hotel domain than in the logic
domain. In the hotel domain, several models (e.g.,
Gemini-2.5 in CoT, GPT-5 in ToT) performed on
par or even better than humans. Others performed
poorly, failing to classify even a single item cor-
rectly in several categories (e.g., Sonnet-4 in 0-
shot). In the logic domain, models consistently
outperform humans, sometimes by large margins
(e.g., DeepSeek-R1 and Grok-4 in 0-shot, Gemini-
2.5 in CoT). Note that the reference label distri-
bution (column S) in the logic domain is skewed
toward the “Well-matched” category because many
LLM-generated translations are near-literal rendi-
tions of the input formula, which tend to be faithful
to the input, yet far from fluent. Finally, note that
the “O contradictory” and “I and O contradictory”
categories are empty (–) for many models in the
logic domain, which aligns with the reference dis-
tribution (column S). We follow up with additional
domain-specific analyses in Appendix C.

Hotel Logic
CAT I |= O O |= I FWI CAT I |= O O |= I AMB

Human

APA 0.62
(0.26)

0.86
(0.22)

0.89
(0.12)

0.84
(0.20)

0.74
(0.16)

0.85
(0.12)

0.85
(0.15)

0.80
(0.12)

IAA 0.30 0.26 0.63 0.34 0.19 0.18 0.41 0.18
Model
DeepSeek-R1 0.64 0.76 0.88 0.84 0.83 0.89 0.88 0.75
Gemini-2.5 0.60 1.00 0.76 0.84 0.67 0.80 0.76 0.64
GPT-5 0.88 0.92 1.00 0.96 0.77 0.87 0.84 0.67
Grok-4 0.80 0.96 0.92 0.92 0.79 0.91 0.83 0.68
Opus-4.1 0.56 0.76 0.88 0.88 0.79 0.87 0.87 0.71
Sonnet-4 0.60 0.68 0.92 0.88 0.71 0.85 0.80 0.61

IAA 0.45 0.43 0.69 0.61 0.51 0.53 0.64 0.39

Table 6: APA and IAA for human and LLM annotators
for all dimensions, in the hotel and logic domain. APA
scores for human annotators are the means of single
annotator scores; standard deviations are reported in
brackets. Boldfaced are the higher values per LLM per
dimension per domain.

6 Discussion

Applicability of the framework. Returning to the
research questions of §1, the high APA scores for
I |= O and FWI for both humans and models
(Table 6) suggest that our main adaptation to the
framework of van Deemter (2024), in which diver-
gent information was separated into yes/no factu-
ally wrong (§3.1), was effective, demonstrating the
framework’s applicability in real-world scenarios.
These results also suggest that hallucination detec-
tion can be approached similarly to other reasoning
benchmarks, such as those in Tian et al. (2021) and
Han et al. (2024), which likewise operationalize
reasoning tasks in terms of logical consequence.
Models > humans. Human annotation is feasible,
yet challenging. In the hotel domain, this was clear
from the large proportion of would-be annotators
who failed our comprehension check (§4). Anno-
tators in the logic domain were not filtered in this
way, because our recruitment process guaranteed a
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high level of expertise. This reflects a broader is-
sue: high-quality annotation demands strict criteria
that many annotators may not meet (Zhang et al.,
2023a). Conversely, model annotation is promising,
with some models (including open-weight ones)
consistently outperforming humans in alignment
with reference labels, especially in the logic domain
(Table 6, Table 4). This indicates strong potential
for automation, which can help scale up expensive
and time-consuming large-scale annotation.
APA and IAA scores. Across the board, APA
scores are higher than IAA scores. This happens
because they are fundamentally different metrics.
IAA measures the extent to which annotators agree
with each other, without considering reference an-
notations; APA measures the extent to which anno-
tators align with any of the reference annotations.4

Model APA in the higher-level binary dimen-
sions I |= O and O |= I reached high and some-
times perfect scores (Table 6). This mirrors find-
ings from Mickus et al. (2024), who also opera-
tionalize hallucination detection in terms of logical
consequence within a binary classification setting,
noting accuracies close to 0.85 for the best models.

Human IAA was low to moderate (Table 6),
echoing results from other hallucination annotation
studies in real-world domains (e.g., consultation
note generation; Moramarco et al., 2022; Hegsel-
mann et al., 2024), where IAA was moderate at
best. This is consistent with evidence of genuine
disagreement on other difficult and subjective an-
notation tasks, reflecting the point emphasized by
Plank (2022) that human label variation is ubiq-
uitous and that high IAA is often achievable only
under artificial conditions.
Prompting strategies. There is no definitive for-
mula for selecting the most effective prompting
strategy, as model performance varies across strate-
gies (Table 5). Importantly, the need for complex
prompting appears to be domain-dependent. In the
logic domain, basic strategies (0-shot and F-shot)
often outperform more elaborate ones, while in the
hotel domain, the presence of commercial content
(e.g., phrases such as incredibly charming) makes it
harder for models to succeed with only minimal ex-
amples. In such cases, reasoning-based strategies
(CoT and ToT) provide models with the necessary
scaffolding to effectively break down the task.

4We verified that APA scores in Table 6 would not change
much if we considered only the majority reference label (i.e.,
a single correct label per input-output pair; §3.2 and §3.3).
See Table 14 in Appendix E for the detailed results.

Reference annotations. Acquiring reference anno-
tations proved to be laborious and time-consuming.
The authors devoted substantial individual effort
and held multiple meetings to discuss ambiguous or
complex cases in order to reach consensus (echoing
the agreement process mentioned in Hegselmann
et al. (2024), where expert doctors discussed to
reach consensus). Even if our reference IAA was
high (0.73 in the hotel domain and 0.85 in the logic
domain), in some instances, consensus was not
reached, resulting in items being assigned multiple
hallucination categories (§3.2). For example, con-
sider the case (Table 7) where the input specifies
Childcare services: Organised activities for kids,
Playground and the output states organised activi-
ties and a playground for kids. One author argued
that the output fails to clearly indicate that the or-
ganized activities are for children. In the same pair,
the input includes Accessibility: [...] Accessible
hotel, while the output reads This hotel [...] with
its accessible accommodations. Here, the authors
disagreed on whether accessible hotel necessarily
entails accessible accommodations.
Skewed label distribution. Our use of bona fide
corpora (§3.2) ensures that the input-output pairs
studied retain real-world validity. However, this
also introduced skewness in the logic domain data,
where most outputs fell into the “Well-matched”
category (Table 4). These cases were often rela-
tively easy to judge, especially when outputs were
highly formulaic (Calò et al., 2025a), e.g., For all z
and for all y, if z is behind y, then z is larger than
y. Importantly, this skewness is not an artifact of
our framework, but rather a natural consequence
of using real-world data. Similar imbalances have
been observed elsewhere. For instance, Thomson
and Reiter (2020) found that in another data-to-text
domain (i.e., basketball summary generation from
box scores data), numerical errors were heavily
represented, while other error types (e.g., context
errors) were rare.
Ambiguity. Ambiguous outputs were rare in the
hotel domain but more frequent in the logic do-
main.5 Ambiguities did not hurt the APA, IAA,
and FPC metrics much because, as evidenced by
the comments entered by annotators, when annota-
tors encountered an ambiguous output, they tended

5For example, some LLMs used the word otherwise am-
biguously. For instance, in If c is larger than e, then b is larger
than c. Otherwise, c is not larger than e, the word otherwise
can negate the antecedent, it can negate the consequent, or it
can mean or.
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to interpret the output “charitably”, choosing a
well-matched interpretation of the output whenever
available (see Appendix C.2).

Finally, our study highlights two more issues
with wider significance within the field of NLG.
Inputs can be underspecified. Researchers in data-
to-text NLG often assume that their inputs are well-
defined, but our evaluation of the hotel domain
showed some cases in which this assumption was
not met. For example, if the input said Room ameni-
ties: Sitting area, it was unclear whether this per-
tained to all the rooms in the hotel, justifying the
output This hotel offers [...] amenities including a
[...] sitting area in each room (see Appendix C.1
for an example). Input ambiguities occurred in the
logic domain as well, for instance when the input
∀x¬(Adjoins(a, x)∨Adjoins(x, a)) was rendered
as Nothing adjoins a, which is a perfect match if
and only if “Adjoins” is interpreted as a symmetric
relation. Such variations in interpretation led to
conflicting hallucination category assignments.
LLM outputs can be ill-formed. In the logic do-
main, the LLMs we used for generation sometimes
did little more than “read out” the input formula.
Sometimes, this led to English sentences that are so
ungrammatical that it is impossible to say whether
they follow from a given input (§3.2). This hap-
pened especially where inputs contained vacuous
quantifiers (i.e., which do not bind any variables),
e.g., For all x and for all y, it is not true that for
all y, x is larger than y, where the double for all is
hard to make sense of. We do not know how repli-
cable this phenomenon will prove to be for better,
or differently prompted, models, but it appears to
justify a new category “Output not well-formed”,
to be added to van Deemter (2024)’s and other hal-
lucination frameworks.

7 Conclusion

Based on a domain-dependent modification of the
classification scheme of van Deemter (2024), we
showed how hallucination annotation in data-to-
text NLG can be decomposed into manageable an-
notation steps. Human performance highlights the
task’s inherent complexity. Model performance
points to the potential for automation and scalable
annotation. The results call for caution in the de-
sign of hallucination annotation studies and empha-
size the importance of calibrated annotation guide-
lines, robust theoretical foundations and practical
considerations, e.g., on input data quality.

Limitations

We only focused on two data-to-text NLG domains.
Obstacles to hallucination annotation other than
those noted above may come to the fore in different
domains. For example, domains in which numeri-
cal input plays an important role, such as weather
forecasting (e.g., Reiter et al., 2005; González Cor-
belle et al., 2022), are likely to give rise to outputs
that are vague (e.g., when a temperature of 25 de-
grees is described as warm, annotators may dis-
agree whether this output does or does not follow
from the input). We expect vagueness to give rise
to similar problems as ambiguity, and that these
problems can be addressed along similar lines.

Both van Deemter (2024)’s original framework
and our adaptation assume that all and only input
content should appear in the output (§3.1). While
appropriate for many data-to-text tasks, this does
not hold for other cases like summarization or im-
age captioning, in which expressing the entire input
in the output is neither feasible nor desirable. Fu-
ture work could focus on relaxing the O |= I con-
straint in cases where only the most salient aspects
of the input need to be conveyed in the output.

Since the focus of our work was to test whether
hallucinations in LLM-generated texts could be
annotated, by humans and LLMs, it was important
to use state-of-the-art LLMs for annotation (§4).
The choice of LLMs for the underlying data-to-text
generation task was less crucial, and indeed, the
LLMs we used for this (§3.2) are no longer state-of-
the-art. In future research, it will be interesting to
see how well (future) LLM annotators will be able
to categorize hallucinations committed by (future)
LLM generators, and hallucinations produced by
human authors as well.

The relatively small number of input-output
pairs on which our study was based (i.e., 25 for the
hotel domain and 75 for the logic domain) might
limit the generalizability of our findings. Future
work should look at a larger number of pairs.

Ethical Considerations

Ethical approval for the human experiments con-
ducted in this study was obtained from the Ethics
Board at Utrecht University. All the annotators
gave informed consent before participating in the
experiment. The 12 trivago employees and the 16
experts in logic volunteered to participate without
remuneration. The 165 crowdworkers recruited
on Prolific were paid £3 for completing the train-
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ing, and those who successfully passed the com-
prehension check were paid an additional £3 upon
completion of the annotation experiment, which
corresponds to £6 per hour, matching the minimum
pay according to Prolific.

All the experiments involving LLMs, i.e., data
creation (§3.2) and annotation (§4), cost us ~C80.
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A Details on Data Creation

Figure 3 shows the prompt we used to generate
the textual descriptions of the input accommoda-
tion characteristics. Figure 2 shows the prompt we
used to generate the textual translations of the input
logical formulae.

In the hotel domain, for each attribute, we con-
sidered 1 to 3 values (chosen randomly), to avoid
excessively complex inputs, as some attributes, e.g.,
hotel facilities or room amenities, present long lists
of values.

We used the Hugging Face (Wolf et al., 2020)
inference API for all models (with default parame-
ters), except ChatGPT (for which we used the web
interface (model GPT-3.5) accessed on February
20, 2024), GPT-3.5 (for which we used the dedi-
cated API), and Gemini 1.0 (for which we used the
dedicated API). Table 7 and Table 8 show input-
output pair examples from the hotel and the logic
domains, respectively.

Translate the following formula into English.
The following is the meaning of the predicates used
in the formula:

SameSize(x, y) : x and y are the same size.
Smaller(x, y) : x is smaller than y.

SameCol(x, y) : x and y are in the same column.
Larger(x, y) : x is larger than y.

BackOf(x, y) : x is behind y.

Medium(x) : x is medium.
Large(x) : x is large.
FrontOf(x, y) : x is in front of y.
Adjoins(x, y) : x adjoins y.
Small(x) : x is small.
Between(x, y, z) : x is between y and z.

LeftOf(x, y) : x is to the left of y.
Cube(x) : x is a cube.
Dodec(x) : x is a dodecahedron.
RightOf(x, y) : x is to the right of y.
SameRow(x, y) : x and y are in the same row.
SameShape(x, y) : x and y are the same shape.
Tet(x) : x is a tetrahedron.

ONLY RETURN THE TRANSLATION. DO NOT
USE LOGICAL SYMBOLS. DO NOT GIVE ANY
EXPLANATION.

Formula: {input_formula}
Translation:

Figure 2: Prompt used for the generation of textual
translations of input logical formulae.

Create a detailed description of an accommodation
with the following characteristics:

{input_characteristics}

Figure 3: Prompt used for the generation of textual
descriptions of the input accommodation characteristics.

B Details on Annotation with Humans

Piloting We designed the final annotation ex-
periment through several rounds of piloting. In
the initial phases, we learned several key lessons.
Logic terminology proved challenging to convey,
requiring multiple revisions (for example, in the
hotel domain, we learnt to avoid terms like “logical
consequence” or “follows from”, and instead use
the term “inclusion”, which was better understood;
see Appendix F). The design of the user interface
played a fundamental role in the annotation process
(cf. Calò et al. 2025b), including choices such as
positioning input-output pairs side-by-side, indent-
ing input logical formulae, and selecting effective
highlighting methods. The length of input-output
pairs influenced annotation quality, leading us to
limit the number of attribute-value pairs in the ho-
tel domain and balance input formula lengths in
the logic domain to mitigate annotator fatigue. The
choice of annotation platform also impacted scala-
bility; while we initially experimented with Label
Studio, it proved difficult to scale beyond the pilot-
ing phase. Training the annotators turned out to be
crucial due to the complexity of the task, making
comprehension checks indispensable.

Comprehension Check The comprehension
check for the hotel domain experiment6 assessed
participants’ understanding of (i) logical conse-
quence and (ii) the distinction between divergent
and factually wrong information. It was designed
as follows. The input (I) was retrieved from
trivago database, following the same methodology
described in §3.2.1. The output (O) was generated
using a simple rule-based generator, with the man-
ual addition of some words: alluring (expected to
be highlighted as divergent information) and swim-
ming pool (expected to be highlighted as divergent
information and considered factually wrong). See

6We did not implement this step for the logic domain, as
the intended participants consisted of experts in logic. We
assumed that a comprehension check would be unnecessary,
especially after the training designed to align their understand-
ing with the relevant concepts.
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Input Output
Name: Hotel The St Regis Punta Mita Resort
Star rating: 5
City: Bahía de Banderas
Country: Mexico
Accommodation type: Hotel
Hotel facilities: Laundry service
Room amenities: Free WiFi (rooms)
Sport: Horse riding, Diving
Childcare services: Organised activities for kids,
Playground
Wellness: Beauty salon, Massage, Hydrotherapy
Accessibility: Accessible bathroom, Accessible hotel

Indulge in luxury at the 5-star Hotel The St Regis Punta
Mita Resort in Bahía de Banderas, Mexico.
This hotel offers a serene escape with its accessible
accommodations and soothing wellness amenities,
including a beauty salon, massage treatments, and
hydrotherapy.
Keep entertained with thrilling sports like horse riding
and diving.
Families can enjoy organized activities and a playground
for kids.
The hotel also provides convenient laundry services and
ensures a comfortable stay with free in-room WiFi.

Table 7: Input-output pair from the hotel domain. The input is retrieved from trivago database, and the output
is generated by Gemini 1.0. Following the tree in Figure 1, this pair was annotated as follows. Reference label
distribution (§3.2): “O too weak with harmless information”: 0.67; “I and O independent”: 0.33. Human annotators
label distribution (§5): “Well-matched”: 0.09; “Well-matched with harmless information”: 0.27; “O too weak”:
0.09; “O too weak with harmless information”: 0.55. LLM annotators label distribution in ToT (§5): “Well-
matched”: 0.50; “Well-matched with harmless information”: 0.33; “O too weak with harmless information”: 0.17.

Input Output
∃x∀y∀z (

Cube(x) ∧ Large(x) ∧
(
(Cube(y) ∧ Large(y) ∧ Dodec(z)) →
(x = y ∧ ¬BackOf(z, y))

)
)

There exists a cube that is large, and if there is another
cube that is large and a dodecahedron, then the first cube
is the same as the second cube and is not behind the
dodecahedron.

Table 8: Input-output pair from the logic domain. The input is retrieved from the GGC, and the output is generated
by GPT-3.5. Following the tree in Figure 1, this pair was annotated as follows. Reference label distribution (§3.2):
“Well-matched”: 0.50; “O too weak”: 0.50. Human annotators label distribution (§5): “Well-matched”: 0.33; “O
contradictory: 0.33; “I and O independent”: 0.33. LLM annotators label distribution in ToT (§5): “O too weak”:
0.33; “O contradictory: 0.33; “I and O independent”: 0.33.

Table 9 for the comprehension check itself. The
input does not contain divergent information, while
the output contains both divergent and factually
wrong information. The output does not contradict
itself, I ̸|= O, and O |= I .

Annotators failed the comprehension check for
several reasons. First, most did not highlight the
term alluring, which was intended to test their abil-
ity to identify divergent information that is not fac-
tually wrong. Second, some annotators mistakenly
judged the output as self-contradictory simply be-
cause of the presence of swimming pool, which
was meant to be recognized as factually wrong in-
formation. Third, a few annotators struggled with
the concept of logical consequence: they correctly
marked alluring and/or swimming pool as extra
content, yet still claimed that I |= O.

Training Material and Annotation Interface
For both the hotel and logic domain experiments,
annotators used the same interface for both training
and annotation. The interactive training materials
and annotation interface were slightly adapted be-

tween the two experiments to accommodate the
specific characteristics of each domain.

The interactive training included exercises with
adaptive feedback tailored to the annotators’ re-
sponses. This allowed annotators to receive imme-
diate clarification and guidance when their answers
deviated from expectations. The content of the
interactive training focused on the concepts of log-
ical consequence, and on divergent and factually
wrong information (for the hotel domain experi-
ment). At the end of the training, annotators could
download a document summarizing the key points
(Appendix F for the document in the hotel domain,
and Appendix G for the document in the logic do-
main).

As an example, Figure 4 presents the practical
exercise on identifying divergent information in
the hotel domain, while Figure 5 illustrates the cor-
responding feedback provided to the annotators.
Figure 6 and Figure 7 show the annotation inter-
faces for the hotel and logic domain experiments,
respectively.
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Figure 4: Practical exercise on identifying divergent information in the hotel domain.

Figure 5: Feedback provided to the annotators on the exercise on identifying divergent information in the hotel
domain.
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Figure 6: Annotation interface for the hotel domain with an experimental item. Divergent information in input and
output is highlighted, and the first question is displayed. Subsequent questions would be revealed incrementally,
based on the annotator’s responses and the decision tree shown in Figure 1.

Figure 7: Annotation interface for the logic domain with an experimental item. The preliminary question on
ambiguity is displayed. Subsequent questions would be revealed incrementally, based on the annotator’s responses
and the decision tree shown in Figure 1. The input formulae were presented in an indented form to improve
readability.
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Input Output
Name: Aktiv Panoramahotel Daniel
Star rating: 4
City: Sautens
Country: Austria
Accommodation type: Hotel
Hotel facilities: Hotel safe
Room amenities: Fridge, Cable TV
Sport: Volleyball, Pool table
Wellness: Beauty salon, Steam room, Body treatments
Accessibility: Wheelchair accessible

The Aktiv Panoramahotel Daniel is an alluring 4-star
hotel located in Sautens, Austria.
Hotel facilities include hotel safe, swimming pool.
Room amenities include fridge, cable TV.
Sports facilities include volleyball, pool table.
Wellness facilities include beauty salon, steam room,
body treatments.
Accessibility features include wheelchair accessible.

Table 9: Comprehension check for the hotel domain. The input is retrieved from trivago database, and the output is
generated by a simple rule-based generator.

C Additional Human Results

This section includes detailed analyses of divergent
and factually wrong information in the hotel do-
main, and details on ambiguity in the logic domain.

C.1 Hotel Domain

Divergent and Factually Wrong Information
We analyzed the divergent information that was
highlighted, and the factually wrong information
reported by the annotators, to obtain more fine-
grained insights.

To retrieve these spans of text, we followed two
different procedures. Divergent information was
highlighted using the Qualtrics interface, which
returns the indices of the tokens highlighted in the
original text. Factually wrong information was
provided as free text (copied and pasted or written
by the annotators, and might contain typos), so we
could not straightforwardly retrieve the indices of
the tokens in the original text. Thus, we aligned
the factually wrong information provided by each
annotator with the original text using CollateX,
and then retrieved the indices of the tokens in the
original text.

To study the extent to which output texts are
“hallucinated” (i.e., they contain divergent or factu-
ally wrong information), we computed the ratio of
hallucinated tokens over the total number of tokens
for each item (i.e., input-output pair) and annotator.
These ratios were then averaged across annotators
and items to obtain overall proportions for diver-
gent information in input and output and factually
wrong information. See Table 10 for the figures.
On average, items contain more divergent infor-
mation in the output, often consisting of harmless
additions such as warming and inviting atmosphere,
which are expected in hotel descriptions. By con-
trast, factually wrong information is the least fre-
quent, suggesting that models are generally rela-

tively good at avoiding more severe hallucinations
(e.g., falsely adding amenities).

Information Type Ratio

Divergent information (Input) 0.08
Divergent information (Output) 0.19
Factually wrong information 0.02

Table 10: Ratios of divergent and factually wrong infor-
mation over the original texts, normalized by length of
inputs and outputs.

Intuition vs. Hallucinated Content During an-
notation, for each input-output pair, annotators also
provided a judgment on a 7-point Likert scale (Lik-
ert, 1932), assessing their overall impression of the
faithfulness of the output with respect to the input.

To study how the overall impression correlates
with the presence of hallucinated information, we
computed the Pearson correlation between the ra-
tios of divergent and factually wrong information
and mean slider ratings across all items. Refer to
Table 11 for the figures.

We find a significant negative correlation be-
tween slider ratings and the presence of divergent
information in the input, suggesting that such di-
vergence lowers perceived faithfulness. The cor-
relation for divergent information in the output is
non-significant, possibly due to annotators having
different perceptions of harmless added content. In
contrast, factually wrong information shows the

Information Type r p

Divergent information (Input) -0.51 0.009
Divergent information (Output) -0.33 0.112
Factually wrong information -0.58 0.002

Table 11: Pearson correlation (r) and p-values (p) be-
tween divergent and factually wrong information vs.
slider ratings.
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strongest significant negative correlation, which
aligns with expectations; factual errors directly un-
dermine the perceived faithfulness of an output.

Annotator Agreement over Hallucinated Con-
tent To study the extent to which annotators
agree on which portions of text contain differ-
ent types of hallucinations, we computed the pair-
wise Jaccard index (i.e., intersection over union), a
common evaluation metric for annotator highlights
(Herrewijnen et al., 2024). We calculated this met-
ric for divergent information in input and output,
and factually wrong information, considering all
annotators who annotated a given item. For each
item, we averaged the pairwise scores, and then
computed the average across all items. As a ref-
erence, we computed the same metric among two
reference annotators (see §3.2.1).7 See Table 12
for the figures. The Jaccard index indicates that
annotators tended to agree more on the spans of
text identified as containing factually wrong infor-
mation (FWI) compared to those identified as con-
taining divergent information in the output. This
strengthens the fact that it is easier to agree on
more serious hallucinations (e.g., a falsely added
room amenity not mentioned in the input) than on
harmless additions (e.g., lofty content).

We manually analyzed the experimental item
with the lowest overall Jaccard index (i.e., the
item where annotators showed the greatest disagree-
ment). Figure 8 presents a heatmap illustrating how
many annotators identified each token as contain-
ing divergent information in the input, divergent
information in the output, or factually wrong infor-
mation. Several interesting patterns emerge from
this analysis. First, although 10 annotators worked
on this item, only 9 annotated divergent or factually
wrong information.

Within these annotations, we observe instances
of plausible disagreement, which appear to stem
from genuine ambiguity or underspecification in
the input (see §6). For example, the input mentions
Accessible hotel, while the output refers to accessi-
ble rooms. Some annotators treated these as diver-
gent, raising the question of whether accessibility
at the hotel level entails accessibility of individual
rooms. Similarly, while the input mentions Accessi-
ble parking, the output refers to convenient parking
options. Here again, some annotators perceived
a divergence, prompting interpretation-based dis-

7One of the three authors did not highlight divergent infor-
mation.

Annotator Group Div. Info (Input) Div. info (Output) FWI

Reference 0.82 0.58 0.74
Crowd 0.65 0.42 0.63

Table 12: Annotator agreement (Jaccard index) on di-
vergent and factually wrong information.

agreement (i.e., does convenient imply accessible?).
Another case involves the part where the input men-
tions Room amenities: [...] Sitting area, whereas
the output refers to sitting area in each room. This
added specificity led some annotators to label in
each room as just divergent information in output (a
harmless addition), others also as factually wrong
information, while others did not label the phrase
at all. These contrasting views may be due to the
nature of the input, whose underspecified phrasing
does not clarify whether it necessarily applies to
all rooms.

In contrast, there are also clear points of agree-
ment. All annotators identified adjectives such as
charming, comfortable, and relaxing as harmless
additions (divergent information in output), and
none considered them factually wrong.

However, other stylistic additions were more
contentious. Phrases like for convenience, for en-
tertainment, or Families with children will appreci-
ate were highlighted by only a subset of annotators
as divergent information in output, while others did
not consider them divergent at all.

Finally, we can also observe a few clear annota-
tion mistakes. For instance, one annotator mistak-
enly flagged golf course as factually wrong, likely
due to an oversight, despite it being clearly men-
tioned in the input.

C.2 Logic Domain

Analysis of Ambiguity Types Ambiguity did not
play a significant role, as originally expected. Most
LLM-generated outputs were near-literal renditions
of the input (see also §6). Annotators interpreted
the outputs favorably, selecting interpretations that
aligned with the corresponding input. Nonetheless,
36 items were flagged as containing some ambigu-
ity type by at least one annotator. Table 13 shows
the distribution of ambiguity types over all items.

The output considered most ambiguous (flagged
by all annotators as containing multiple types of
ambiguities) is the following: For every x, x is a
dodecahedron and there exists a y such that y is to
the right of x and y is a cube, and x is large, or x
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Figure 8: Heatmap of an input-output pair from the hotel domain experiment, illustrating the number of annotators
who identified each token as containing divergent information in the input, divergent information in the output, or
factually wrong information.

Ambiguity Type Distribution

Connective precedence 23
Quantifier scope 23
Negation scope 11
Other 10

Table 13: Distribution of ambiguity types.

is not a dodecahedron or there does not exist a y
such that y is to the right of x and y is a cube.

D Details on Annotation with LLMs

Figures 10, 11, 12, and 13 contain the prompts used
in the LLM annotation experiment for the hotel
domain, while Figures 14, 15, 16, and 17 those used
for the logic domain. Figure 9 contains the system
prompt used in all LLM annotation experiments
across all prompting strategies and domains.

E Additional APA and IAA Scores

Table 14 presents the figures when APA is com-
puted in a “harsh” way, i.e., considering only the
majority reference label (i.e., a single correct label
per input-output pair) from §3.2, instead of consid-
ering any of the reference labels for that question,
as defined in §3.3. There are no important differ-
ences with respect to Table 6.

Hotel Logic

CAT I |= O O |= I FWI CAT I |= O O |= I AMB

Human

APA 0.54
(0.25)

0.84
(0.23)

0.86
(0.15)

0.77
(0.23)

0.73
(0.16)

0.85
(0.13)

0.84
(0.15)

0.80
(0.12)

IAA 0.30 0.26 0.63 0.34 0.19 0.18 0.41 0.18

Model

DeepSeek-R1 0.56 0.72 0.88 0.80 0.80 0.89 0.85 0.75
Gemini-2.5 0.52 0.96 0.76 0.76 0.65 0.80 0.73 0.64
GPT-5 0.72 0.88 0.96 0.88 0.77 0.87 0.81 0.67
Grok-4 0.76 0.92 0.92 0.92 0.76 0.91 0.80 0.68
Opus-4.1 0.52 0.72 0.84 0.88 0.77 0.85 0.84 0.71
Sonnet-4 0.52 0.64 0.92 0.84 0.69 0.84 0.77 0.61

IAA 0.45 0.43 0.69 0.61 0.51 0.53 0.64 0.39

Table 14: “Harsh” APA and IAA for human and LLM
annotators for all dimensions, in the hotel and logic do-
main. APA scores for human annotators are the means
of single annotator scores; standard deviations are re-
ported in brackets. Boldfaced are the higher values per
LLM per dimension per domain.
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You are an expert logician and evaluator of data-to-text/logic-to-text systems.

Figure 9: System prompt used in all annotation experiments with LLMs across all prompting strategies and domains.

You are participating in an experiment.
You will see an Input that is a set of structured facts and an Output that is its natural language description.
Your task is to CLASSIFY the nature of the logical relationship between Input and Output.

Ignore typos or grammar mistakes in Output.

Only return the capital letter corresponding to the correct category. Do not add explanations.

Possible Categories:
A: Input and Output are well-matched
B: Input and Output are well-matched, with Output containing harmless additions
C: Output is too weak with respect to Input
D: Output is too weak with respect to Input, with Output containing harmless additions
E: Output is too strong with respect to Input
F: Output is self-contradictory
G: Input and Output are logically independent of each other
H: Input and Output contradict each other

——————————

Now CLASSIFY the following:

Input: {input}
Output: {output}

CATEGORY (write ONLY the letter):

Figure 10: Zero-shot prompt for the hotel domain.
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You are participating in an experiment.
You will see an Input that is a set of structured facts and an Output that is its natural language description.
Your task is to CLASSIFY the nature of the logical relationship between Input and Output.

Ignore typos or grammar mistakes in Output.

Only return the capital letter corresponding to the correct category. Do not add explanations.

Possible Categories:
A: Input and Output are well-matched
B: Input and Output are well-matched, with Output containing harmless additions
C: Output is too weak with respect to Input
D: Output is too weak with respect to Input, with Output containing harmless additions
E: Output is too strong with respect to Input
F: Output is self-contradictory
G: Input and Output are logically independent of each other
H: Input and Output contradict each other

Examples:

——————————

Input:
Name: Luna Blanca
Star rating: 5
Country: Mexico
Accommodation type: Hotel

Output:
Luna Blanca is a 5-star hotel in Mexico.

CATEGORY: A

——————————

Input:
Name: Luna Blanca
Star rating: 5
Country: Mexico
Accommodation type: Hotel

Output:
Luna Blanca is an incredibly charming 5-star hotel in Mexico.

CATEGORY: B

——————————

Input:
Name: Luna Blanca
Star rating: 5
Country: Mexico
Accommodation type: Hotel

Output:
Luna Blanca is a hotel in Mexico.

CATEGORY: C

——————————

Input:
Name: Luna Blanca
Star rating: 5
Country: Mexico
Accommodation type: Hotel

Output:
Luna Blanca is an incredibly charming hotel in Mexico.

CATEGORY: D

——————————

Input:
Name: Luna Blanca
Star rating: 5
Country: Mexico
Accommodation type: Hotel
Hotel facilities: Lockers

Output:
Luna Blanca is a 5-star hotel in Mexico that provides lockers and a swimming pool.

CATEGORY: E

——————————

Input:
Name: Luna Blanca
Star rating: 5
Country: Mexico
Accommodation type: Hotel

Output:
Luna Blanca is a 5-star hotel in New York, Mexico.

CATEGORY: F

——————————

Input:
Name: Luna Blanca
Star rating: 5
Country: Mexico
Accommodation type: Hotel
Hotel facilities: Lockers

Output:
Luna Blanca is a 5-star hotel in Mexico that provides a swimming pool.

CATEGORY: G

——————————

Input:
Name: Luna Blanca
Star rating: 5
Country: Mexico
Accommodation type: Hotel

Output:
Luna Blanca is a 5-star hotel in the USA.

CATEGORY: H

——————————

Now CLASSIFY the following:

Input: {input}
Output: {output}

CATEGORY (write ONLY the letter):

Figure 11: Few-shot prompt for the hotel domain.
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You are participating in an experiment.
You will see an Input that is a set of structured facts and an Output that is its natural language description.
Your task is to analyze Output in light of Input based on the relation of LOGICAL CONSEQUENCE, and to CLASSIFY the nature of the logical relationship between them.

DEFINITIONS:

LOGICAL CONSEQUENCE:
Input entails Output if and only if by reading Input you can infer that Output is true. Output entails Input if and only if by reading Output you can infer that Input is true.

FACTUALLY WRONG INFORMATION:
When Input does not entail Output, Output contains information that is not in Input. This information in Output may or may not be factually wrong. We define as factually wrong
any information in Output that conveys facts that could well turn out to be wrong, given the information in Input. Factually wrong information does NOT comprise: (i) subjective
opinions, (ii) vague or ambiguous statements, (iii) information that is unverifiable, (iv) information that can be inferred from Input to hold in most (but not all) cases.

Following are EXAMPLES for each CATEGORY along with the REASONING:

——————————

Input:
Name: Luna Blanca
Star rating: 5
Country: Mexico
Accommodation type: Hotel

Output:
Luna Blanca is a 5-star hotel in Mexico.

REASONING: Input entails Output, and Output entails Input.
CATEGORY A: Input and Output are well-matched

——————————

Input:
Name: Luna Blanca
Star rating: 5
Country: Mexico
Accommodation type: Hotel

Output:
Luna Blanca is an incredibly charming 5-star hotel in Mexico.

REASONING: Input does not entail Output, and Output entails Input, but the addi-
tional information in Output is not factually wrong.
CATEGORY B: Input and Output are well-matched, with Output containing harmless
additions

——————————

Input:
Name: Luna Blanca
Star rating: 5
Country: Mexico
Accommodation type: Hotel

Output:
Luna Blanca is a hotel in Mexico.

REASONING: Input entails Output, and Output does not entail Input.
CATEGORY C: Output is too weak with respect to Input

——————————

Input:
Name: Luna Blanca
Star rating: 5
Country: Mexico
Accommodation type: Hotel

Output:
Luna Blanca is an incredibly charming hotel in Mexico.

REASONING: Input does not entail Output, and Output does not entail Input, and the
additional information in Output is not factually wrong.
CATEGORY D: Output is too weak with respect to Input, with Output containing
harmless additions

——————————

Input:
Name: Luna Blanca
Star rating: 5
Country: Mexico
Accommodation type: Hotel
Hotel facilities: Lockers

Output:
Luna Blanca is a 5-star hotel in Mexico that provides lockers and a swimming pool.

REASONING: Input does not entail Output, Output entails Input, and the additional
information in Output is factually wrong.
CATEGORY E: Output is too strong with respect to Input

——————————

Input:
Name: Luna Blanca
Star rating: 5
Country: Mexico
Accommodation type: Hotel

Output:
Luna Blanca is a 5-star hotel in New York, Mexico.

REASONING: Output contradicts itself, that is, it contains statements that cannot be
true at the same time.
CATEGORY F: Output is self-contradictory

——————————

Input:
Name: Luna Blanca
Star rating: 5
Country: Mexico
Accommodation type: Hotel
Hotel facilities: Lockers

Output:
Luna Blanca is a 5-star hotel in Mexico that provides a swimming pool.

REASONING: Input does not entail Output, and Output does not entail Input, and the
additional information in Output is factually wrong, but Output does not contradict
Input.
CATEGORY G: Input and Output are logically independent of each other

——————————

Input:
Name: Luna Blanca
Star rating: 5
Country: Mexico
Accommodation type: Hotel

Output:
Luna Blanca is a 5-star hotel in the USA.

REASONING: Input does not entail Output, Output does not entail Input, and the
additional information in Output is factually wrong, and Output contradicts Input.
CATEGORY H: Input and Output contradict each other

——————————

Now analyze the following new Input - Output pair. Think step-by-step with the REASONING as shown in the examples, then provide your final classification. The final line of
your response must contain ONLY the CATEGORY letter (A, B, C, ...).

Input: {input}
Output: {output}

REASONING:
CATEGORY (write ONLY the letter):

Figure 12: Chain-of-thought prompt for the hotel domain.
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You are participating in an experiment. You will see an Input that is a set of structured facts and an Output that is its natural language description. Your task is to analyze the pair by
answering a series of specific questions.
Here are definitions and examples for the concepts you will be asked about:

—————————————————-

LOGICAL CONSEQUENCE: Input entails Output if and only if by reading Input, you can infer that Output is true. Output entails Input if and only if by reading Output, you can
infer that Input is true.

Examples:

Input:
Name: Hotel Torre Azul
City: El Arenal
Star rating: 4
Output:
Hotel Torre Azul, a 4-star hotel, is located in El Arenal, Spain.
Explanation: Output entails Input, because Output contains all the information in Input. Input does not entail Output, because Output contains some extra information (Spain).

Input:
Name: Hotel Torre Azul
City: El Arenal
Star rating: 4
Hotel facilities: Lockers
Output:
Hotel Torre Azul, a 4-star hotel, is located in El Arenal.
Explanation: Output does not entail Input, because Input contains some extra information (Hotel facilities: Lockers). Input entails Output, because Output does not contain any
extra information.

Input:
Name: Hotel Torre Azul
City: El Arenal
Room amenities: Balcony
Output:
Hotel Torre Azul is a charming hotel located in El Arenal.
Explanation: Output does not entail Input, because Input contains some extra information (Room amenities: Balcony). Input does not entail Output, because Output contains some
extra information (charming).

FACTUALLY WRONG INFORMATION: When Input does not entail Output, Output contains information that is not in Input. This information may or may not be factually
wrong. We define as factually wrong any information in Output that conveys facts that could well turn out to be wrong, given the information in Input. Factually wrong information
does not comprise: (i) subjective opinions, (ii) vague or ambiguous statements, (iii) information that is unverifiable, (iv) information that can be inferred from Input to hold in most
but not all cases.

Example:

Input:
Name: Hotel Torre Azul
City: El Arenal
Country: Spain
Star rating: 4
Hotel facilities: Housekeeping
Room amenities: Balcony
Output:
Hotel Torre Azul is an incredibly charming 3-star hotel located in the center of El Arenal, Mexico.
The hotel facilities include free housekeeping and lockers. All rooms have a balcony.
Explanation: The values 3, Mexico, and lockers are pieces of factually wrong information. The expressions incredibly charming (i), the center of (ii), All (iii), free (iv) are not
pieces of factually wrong information.

CONTRADICTION: Input and Output contradict each other if they contain information that cannot be true simultaneously.

Example:

Input:
Name: Hotel Torre Azul
City: El Arenal
Star rating: 4
Output:
Hotel Torre Azul, a 3-star hotel, is located in El Arenal.
Explanation: Input and Output contradict each other, since Input states that the hotel has 4 stars, while Output states that the hotel has 3 stars.

SELF-CONTRADICTION: Output contradicts itself if it contains pieces of information that cannot be true simultaneously.

Example:

Input:
Name: Hotel Torre Azul
City: El Arenal
Star rating: 4
Hotel facilities: Lockers
Output:
Hotel Torre Azul, a 4-star hotel, is located in El Arenal. The hotel facilities include lockers. The hotel does not provide lockers.
Explanation: Output contradicts itself, since Output states that the hotel provides lockers and at the same time states that it does not provide them.

—————————————————-

This is a new Input - Output pair. Please answer the question based on the definitions and examples above.

Input: {input}
Output: {output}

Based on all the above, answer the following question. The final line of your response must contain ONLY YES or NO.

Question: Does Output contradict itself?

Figure 13: Tree-of-thought prompt for the hotel domain, with the first question displayed. Subsequent questions
would be revealed incrementally, based on the annotator’s responses and the decision tree shown in Figure 1.
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You are participating in an experiment.
You will see an Input that is a first-order logic formula, and an Output that is its natural language translation.
Your task is to CLASSIFY the nature of the logical relationship between Input and Output.

Ignore typos or grammar mistakes in Output.

Only return the capital letter corresponding to the correct category. Do not add explanations.

Possible Categories:
A: Input and Output are well-matched
B: Output is too weak with respect to Input
C: Output is too strong with respect to Input
D: Output is self-contradictory
E: Input and Output are logically independent of each other
F: Input and Output contradict each other

——————————

Now CLASSIFY the following:

Input: {input}
Output: {output}

CATEGORY (write ONLY the letter):

Figure 14: Zero-shot prompt for the logic domain.

You are participating in an experiment.
You will see an Input that is a first-order logic formula, and an Output that is its natural language translation.
Your task is to CLASSIFY the nature of the logical relationship between Input and Output.

Ignore typos or grammar mistakes in Output.

Only return the capital letter corresponding to the correct category. Do not add explanations.

Possible Categories:
A: Input and Output are well-matched
B: Output is too weak with respect to Input
C: Output is too strong with respect to Input
D: Output is self-contradictory
E: Input and Output are logically independent of each other
F: Input and Output contradict each other

Examples:

Input:
∀x(Cube(x) → Large(x))

Output:
All cubes are large.

CATEGORY: A

——————————

Input:
∀x(Cube(x) → Large(x))

Output:
All red cubes are large.

CATEGORY: B

——————————

Input:
∀x((Cube(x) ∧ Green(x)) → Large(x))

Output:
All cubes are large.

CATEGORY: C

——————————

Input:
∀x(Cube(x) → Large(x))

Output:
All large cubes are not large.

CATEGORY: D

——————————

Input:
∀x((Cube(x) ∧ Green(x)) → Large(x))

Output:
All red cubes are large.

CATEGORY: E

——————————

Input:
∀x(Cube(x) → Large(x))

Output:
All cubes are not large.

CATEGORY: F

——————————

Now CLASSIFY the following:

Input: {input}
Output: {output}

CATEGORY (write ONLY the letter):

Figure 15: Few-shot prompt for the logic domain.
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You are participating in an experiment.
You will see an Input that is a first-order logic formula, and an Output that is its natural language translation.
Your task is to analyze Output in light of Input based on the relation of LOGICAL CONSEQUENCE, and to CLASSIFY the nature of the logical relationship between them.

DEFINITIONS:

LOGICAL CONSEQUENCE:
Input entails Output if and only if by reading Input you can infer that Output is true. Output entails Input if and only if by reading Output you can infer that Input is true.

Following are EXAMPLES for each CATEGORY along with the REASONING:

——————————

Input:
∀x(Cube(x) → Large(x))

Output:
All cubes are large.

REASONING: Input entails Output, and Output entails Input.
CATEGORY A: Input and Output are well-matched

——————————

Input:
∀x(Cube(x) → Large(x))

Output:
All red cubes are large.

REASONING: Input entails Output, and Output does not entail Input.
CATEGORY B: Output is too weak with respect to Input

——————————

Input:
∀x((Cube(x) ∧ Green(x)) → Large(x))

Output:
All cubes are large.

REASONING: Input does not entail Output, and Output entails Input.
CATEGORY C: Output is too strong with respect to Input

——————————

Input:
∀x(Cube(x) → Large(x))

Output:
All large cubes are not large.

REASONING: Output contradicts itself (it contains statements that cannot be true at
the same time).
CATEGORY D: Output is self-contradictory

——————————

Input:
∀x((Cube(x) ∧ Green(x)) → Large(x))

Output:
All red cubes are large.

REASONING: Input does not entail Output, and Output does not entail Input, and
Output does not contradict Input.
CATEGORY E: Input and Output are logically independent of each other

——————————

Input:
∀x(Cube(x) → Large(x))

Output:
All cubes are not large.

REASONING: Input does not entail Output, Output does not entail Input, and Output
contradicts Input.
CATEGORY F: Input and Output contradict each other

——————————

Now analyze the following new Input - Output pair. Think step-by-step with the REASONING as shown in the examples, then provide your final classification. The final line of
your response must contain ONLY the CATEGORY letter (A, B, C, ...).

Input: {input}
Output: {output}

REASONING:
CATEGORY (write ONLY the letter):

Figure 16: Chain-of-thought prompt for the logic domain.
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You are participating in an experiment.
You will see an Input that is a first-order logic formula, and an Output that is its natural language translation.
Your task is to analyze the pair by answering a series of specific questions.

Here are definitions and examples for the concepts you will be asked about:

—————————————————-

LOGICAL CONSEQUENCE:
Input entails Output if and only if by reading Input, you can infer that Output is true.
Output entails Input if and only if by reading Output, you can infer that Input is true.

Examples:

Input:
∀x(Cube(x) → Large(x))
Output:
All red cubes are large.
Explanation: Input entails Output, because if all cubes are large, then all red cubes are large too. Output does not entail Input, because even if all red cubes are large, it may well be
the case that there are other cubes that are not large.

Input:
∀x((Cube(x) ∧ Green(x)) → Large(x))
Output:
All cubes are large.
Explanation: Input does not entail Output, because even if all green cubes are large, it may well be the case that there are other cubes that are not large. Output entails Input,
because if all cubes are large, then all green cubes are large too.

Input:
∀x((Cube(x) ∧ Green(x)) → Large(x))
Output:
All red cubes are large.
Explanation: Input does not entail Output, because even if all green cubes are large, that does not say anything about red cubes. Output does not entail Input, because even if all red
cubes are large, that does not say anything about green cubes.

—————————————————-

CONTRADICTION:
Input and Output contradict each other if they contain information that cannot be true simultaneously.

Example:

Input:
∀x(Cube(x) → Large(x))
Output:
All cubes are not large.
Explanation: Input and Output contradict each other, since Input states that all cubes are large, while Output states that all cubes are not large.

—————————————————-

SELF-CONTRADICTION:
Output contradicts itself if it contains pieces of information that cannot be true simultaneously.

Example:

Input:
∀x(Cube(x) → Large(x))
Output:
All large cubes are not large.
Explanation: Output contradicts itself, since Output states that, at the same time, all cubes are large and not large.

—————————————————-

AMBIGUITY:
Output is ambiguous if by reading Output, you perceive distinct interpretations for Output.

Example:

Input:
∀x(Cube(x) → ∃y(Tetrahedron(y) ∧ Behind(x, y)))
Output:
Every cube is behind a tetrahedron.
Explanation: Output is ambiguous, because you could perceive at least two distinct interpretations: (i) each cube is behind a (possibly different) tetrahedron, or (ii) there is some
tetrahedron that is in front of all cubes.

—————————————————-

This is a new Input - Output pair. Please answer the question based on the definitions and examples above.

Input: {input}
Output: {output}

Based on all the above, answer the following question. The final line of your response must contain ONLY YES or NO.

Question: Is Output ambiguous?

Figure 17: Tree-of-thought prompt for the logic domain. The preliminary question on ambiguity is displayed.
Subsequent questions would be revealed incrementally, based on the annotator’s responses and the decision tree
shown in Figure 1.
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F Hotel Domain Annotation Experiment Guidelines

Guidelines Summary

We will show you pairs of information sources, which we call Input (I) and Output (O).

Input (I) Output (O)
Name: Hotel Torre Azul
City: El Arenal
Star rating: 4

Hotel Torre Azul is a 4-star hotel located in El Arenal.

O is automatically generated from I by an artificial intelligence system and can contain problematic
content. I is our point of reference: We ALWAYS assume that I includes all the relevant facts and
they are CORRECT.

When performing the annotation disregard any grammatical mistakes or typos.

a. Divergent Information

We define as divergent any information that is present in one of the two information sources (e.g.,
in I) but not in the other (e.g., in O).

Divergent Information in Input Divergent Information in Output

I O

Name: Hotel Torre Azul
City: El Arenal
Star rating: 4
Hotel facilities: Lockers , Wi-Fi

Hotel Torre Azul is an incredibly charming 3-star

hotel located in El Arenal, Spain . The hotel fa-

cilities include a lobby and free Wi-Fi access,

making the hotel ideal for working remotely.
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b. Inclusion

If O does NOT contain any Divergent Information , then I includes O.

If I does NOT contain any Divergent Information , then O includes I .

I O

Name: Hotel Torre Azul
City: El Arenal
Star rating: 4

Hotel Torre Azul, a 4-star hotel, is located in El Are-
nal, Spain .

O includes I , because I does not contain any Divergent Information.
I does not include O, because O contains some Divergent Information (i.e., Spain ).

I O

Name: Hotel Torre Azul
City: El Arenal
Star rating: 4
Hotel facilities: Lockers

Hotel Torre Azul, a 4-star hotel, is located in El Are-
nal.

O does not include I , because I contains some Divergent Information (i.e., Hotel facilities: Lockers ).
I includes O, because O does not contain any Divergent Information.

I O

Name: Hotel Torre Azul
City: El Arenal
Room amenities: Balcony

Hotel Torre Azul is a charming hotel located in El
Arenal.

O does not include I , because I contains some Divergent Information (i.e., Room amenities: Balcony ).

I does not include O, because O contains some Divergent Information (i.e., charming ).
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c. Factually Wrong Information

When I DOES NOT include O, O contains information that is not in I . This
Divergent Information in Output may or may not be factually wrong.

We define as factually wrong any information in O that conveys facts that could well turn out to
be wrong, given the information in I .

Factually wrong information DOES NOT comprise: (i) subjective opinions, (ii) vague or ambiguous
statements, (iii) information that is unverifiable, (iv) information that can be inferred from I to hold in
most (but not all) cases.

Divergent Information in Input Divergent Information in Output

I O

Name: Hotel Torre Azul
City: El Arenal
Country: Spain
Star rating: 4
Hotel facilities: Housekeeping
Room amenities: Balcony

Hotel Torre Azul is an incredibly charming 3 -star

hotel located in the center of El Arenal, Mexico .
The hotel facilities include free housekeeping and
lockers . All rooms have a balcony.

3 , Mexico , lockers ARE pieces of factually wrong information.
incredibly charming (i), the center of (ii), All (iii), free (iv) ARE NOT pieces of factually wrong

information.

d. Contradiction

I and O contradict each other, if I and O contain information that cannot be true simultaneously.

Divergent Information in Input Divergent Information in Output

I O

Name: Hotel Torre Azul
City: El Arenal
Star rating: 4

Hotel Torre Azul, a 3 -star hotel, is located in El
Arenal.

I and O contradict each other, since I states that the hotel has 4 stars, while O states that the hotel has
3 stars.

58



e. Self-Contradiction

O contradicts itself , if O contains pieces of information that cannot be true simultaneously.

Divergent Information in Input Divergent Information in Output

I O

Name: Hotel Torre Azul
City: El Arenal
Star rating: 4
Hotel facilities: Lockers

Hotel Torre Azul, a 4-star hotel, is located in
El Arenal. The hotel facilities include lockers.
The hotel does not provide lockers.

O contradicts itself, since O states that the hotel provides lockers and, at the same time, that it does not
provide them.
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G Logic Domain Annotation Experiment Guidelines

Guidelines Summary

We will show you pairs of information sources, which we call Input (I) and Output (O).

Input (I) Output (O)
∀x(Cube(x) → Large(x)) All cubes are large.

O is automatically generated from I by an artificial intelligence system and can contain problematic
content. I is our point of reference: We ALWAYS assume that I is CORRECT.

When performing the annotation disregard any grammatical mistakes or typos.

a. Logical Consequence

I entails O, if by reading I , the annotator infers that O is true.
O entails I , if by reading O, the annotator infers that I is true.

Example 1:

I O

∀x(Cube(x) → Large(x)) All red cubes are large.

I entails O, because if all cubes are large, then all red cubes are large too.
O does not entail I , because even if all red cubes are large, it may well be the case that there are other
cubes that are not large.

Example 2:

I O

∀x((Cube(x) ∧ Green(x)) → Large(x)) All cubes are large.

I does not entail O, because even if all green cubes are large, it may well be the case that there are other
cubes that are not large.
O entails I , because if all cubes are large, then all green cubes are large too.

Example 3:

I O

∀x((Cube(x) ∧ Green(x)) → Large(x)) All red cubes are large.

I does not entail O, because even if all green cubes are large, that does not say anything about red cubes.
O does not entail I , because even if all red cubes are large, that does not say anything about green cubes.
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b. Contradiction

I and O contradict each other, if I and O contain information that cannot be true simultaneously.

I O

∀x(Cube(x) → Large(x)) All cubes are not large.

I and O contradict each other, since I states that all cubes are large, while O states that all cubes are not
large.

c. Self-Contradiction

O contradicts itself , if O contains pieces of information that cannot be true simultaneously.

I O

∀x(Cube(x) → Large(x)) All large cubes are not large.

O contradicts itself, since O states that, at the same time, all cubes are large and not large.

d. Ambiguity

O is ambiguous, if by reading O, the annotator perceives distinct interpretations for O.

I O

∀x(Cube(x) → ∃y(Tet(y) ∧ Behind(x, y))) Every cube is behind a tetrahedron.

O is ambiguous, because an annotator could perceive (at least) two distinct interpretations for O: (i) each
cube is behind a (possibly different) tetrahedron, or (ii) there is some tetrahedron that is in front of all
cubes.
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Appendix: Predicates

The following are the predicates you may encounter and how you are supposed to read them:

Predicate Description
SameSize(x, y) x and y are the same size.
Smaller(x, y) x is smaller than y.

SameCol(x, y) x and y are in the same column.
Larger(x, y) x is larger than y.
BackOf(x, y) x is behind y.
Medium(x) x is medium.

Large(x) x is large.
FrontOf(x, y) x is in front of y.
Adjoins(x, y) x adjoins y.

Small(x) x is small.
Between(x, y, z) x is between y and z.

LeftOf(x, y) x is to the left of y.
Cube(x) x is a cube.
Dodec(x) x is a dodecahedron.

RightOf(x, y) x is to the right of y.
SameRow(x, y) x and y are in the same row.

SameShape(x, y) x and y are the same shape.
Tet(x) x is a tetrahedron.

Behind(x, y) x is behind y.
Green(x) x is green.

62


