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Abstract
We introduce the CAP (Confabulations from ACL Publications) dataset, a multilingual resource for studying
hallucinations in large language models (LLMs) within scientific text generation. CAP focuses on the scientific
domain, where hallucinations can distort factual knowledge, as they frequently do. In this domain, however, the
presence of specialized terminology, statistical reasoning, and context-dependent interpretations further exacerbates
these distortions, particularly given LLMs’ lack of true comprehension, limited contextual understanding, and bias
toward surface-level generalization. CAP operates in a cross-lingual setting covering five high-resource languages
(English, French, Hindi, Italian, and Spanish) and four low-resource languages (Bengali, Gujarati, Malayalam, and
Telugu). The dataset comprises 900 curated scientific questions and over 7,000 LLM-generated answers from
16 publicly available models, provided as question–answer pairs along with token sequences and corresponding
logits. Each instance is annotated with a binary label indicating the presence of a scientific hallucination, denoted as
a factuality error, and a fluency label, capturing issues in the linguistic quality or naturalness of the text. CAP is
publicly released to facilitate advanced research on hallucination detection, multilingual evaluation of LLMs, and the
development of more reliable scientific NLP systems.
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1. Introduction

As the prevalence of large language model (LLM)
technology grows, so do concerns about its reli-
ability and trustworthiness. This state of affairs
stems from the general ambivalence of these sys-
tems when it comes to the truthfulness of their
outputs (Hicks et al., 2024; van Deemter, 2024;
Perez et al., 2023) — these models grow more flu-
ent, but they need not output sentences that are
factually correct, which gives rise to fluent but fac-
tually false outputs, or ‘hallucinations’. Remark-
ably, researchers interested in hallucinations often
emphasize hallucinations as issues of factuality:
Kalai et al. (2025) define hallucinations as “plau-
sible falsehoods”, whereas van Deemter (2024)
provides a taxonomy based on logical contradic-
tions. Such approaches commonly assume that
LLMs consistently produce fluent and coherent text
across languages. This assumption, however, does

not necessarily hold in the context of low-resource
languages.

In languages with limited representation in train-
ing corpora, LLMs frequently exhibit reduced flu-
ency, degraded coherence, and a higher inci-
dence of semantically or syntactically flawed out-
puts (Dar ‘gis et al., 2024). These limitations can
result in hallucinations that go beyond factual inac-
curacy, including structural errors, semantic drift,
or outright nonsensical generations. The scarcity
of high-quality datasets for such languages con-
strains both model training and evaluation, making
it difficult to assess and ensure reliability. Together,
these observations underscore the need for lan-
guage technologies that account for linguistic diver-
sity and for benchmark resources that can capture
model behavior more accurately across underrep-
resented languages.

We argue that the mechanisms underlying hallu-
cinatory behaviors in LLMs thus stand at the cross-
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Figure 1: Distribution of publicly available text gen-
eration models on HuggingFace (HF) website as
of October 22nd, 2025.

roads of the challenges in fluency and factuality.
Consequently, we can expect that hallucinations
will look different for languages for which models
tend to be less fluent (Vazquez et al., 2025) or
domains that require more specialized knowledge
(George and Stuhlmueller, 2023). Indicators of
disparities in access to NLP technology can be il-
lustrated by the variety of tools available for a given
language. As we show in Figure 1, the vast major-
ity of languages are undeserved causing a clear
imbalance between e.g. French and Telugu or Ben-
gali.

In this paper, we introduce CAP, a multilingual
question-answering dataset designed to evaluate
hallucinations along both fluency and factuality
dimensions across nine languages, using scien-
tific publications retrieved from the ACL Anthology.
CAP comprises a total of 100 unique questions
per language, with eight LLM-generated response
annotations per question (Table 1). We conduct
extensive experiments to evaluate the performance
of six representative hallucination detection base-
lines spanning reference-based and reference-free
paradigms. Our results indicate that existing hallu-
cination detection tools are generally ill-suited for
CAP, with most configurations performing near or
below random. In addition to benchmarking model
performance, we leverage CAP’s fine-grained an-
notation layers to investigate the root causes of
hallucinations: in particular, we review the effects
of citation counts (as a proxy for notoriety), question
type, and context complexity. Our analyses show
that linguistic cues such as the type of questions
asked or the context used as input for hallucination
detection tools tend to explain hallucination rates
better than citation counts.

Overall, the contributions of this paper include:

• CAP (Confabulations from ACL Publica-
tions), a novel scientific hallucination dataset
comprising question-answer pairs for nine lan-
guages, including five high-resource and four
low-resource languages; and

• A benchmark evaluation of existing halluci-

nation detection tools with respect to our pro-
posed definition of hallucination phenomena,
showcasing the remaining challenges and sug-
gesting directions for future research in hallu-
cination detection.

2. Related Works

LLMs often generate hallucinations: outputs that
appear coherent and well-formed but contain fac-
tual inaccuracies. As discussed in several recent
surveys (Ji et al., 2023; Huang et al., 2024), this
issue raises concerns about the reliability of LLMs
in knowledge-intensive domains such as scientific
writing. In particular, George and Stuhlmueller
(2023) highlights how LLMs can generate unsup-
ported claims, invented references, and factually
incorrect statements when summarizing or rewrit-
ing scholarly articles.

Recent work has focused on factuality evaluation,
aiming to assess how well model outputs align with
reference information. Early benchmarks (Kryś-
ciński et al., 2019; Wang et al., 2020) assessed
factual consistency in English summarization using
entailment or QA-based proxies. Subsequent stud-
ies (Wadden et al., 2022a,b) showed that domain-
specific factuality, particularly in scientific writing,
cannot be reduced to textual similarity but requires
grounding in specialized terminology and evidence
retrieval. Qi et al. (2023) analyzed the cross-lingual
consistency of factual knowledge in multilingual
LLMs, finding that many models achieve low fac-
tual alignment across languages and rely heavily on
lexical overlap rather than language-independent
representations. Together, these findings reveal
that current LLMs struggle to maintain factual co-
herence across scientific domains and languages.

Several benchmarks have been proposed to eval-
uate hallucination in LLMs, such as Mickus et al.
(2024) for general NLG tasks and Yasunaga et al.
(2019); Wadden et al. (2022a) for scientific summa-
rization and claim verification. However, all these
resources are limited to English. Vazquez et al.
(2025) denotes a recent effort toward evaluating
hallucination in multilingual environments, reflect-
ing the increasing attention to extend factuality as-
sessment to less represented languages. Build-
ing on Vazquez et al.’s work, Rykov et al. (2025)
propose a large-scale and multilingual dataset of
automatically annotated annotations and demon-
strate that such a resource can bolster the efficacy
of hallucination detection tools.
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3. CAP Dataset

3.1. Overview
The CAP dataset is a multilingual resource de-
signed to evaluate hallucinations in LLM outputs
for scientific text generation. It comprises nine lan-
guages in total: five high-resource languages, in-
cluding English (en), French (fr), Hindi (hi), Italian
(it), and Spanish (es); and four low-resource Indic
languages, including Bengali (bn), Gujarati (gu),
Malayalam (ml) and Telugu (te).

Indic languages, including Bengali (bn), Gujarati
(gu), Malayalam (ml), and Telugu (te).

”index”: 600,

”title”: ”RomanSetu: Efficiently unlocking multilingual
capabilities of Large Language Models via Romanization”,

”abstract”: ”This study addresses the challenge of extending
Large Language Models (LLMs) to non-English languages..”,

”doi”: ”10.18653/v1/2024.acl-long.833”,
”url”: ”https://aclanthology.org/2024.acl-long.833.pdf”,
”extracted”: true,
”datafile”: ”2024.acl.xml”,
”authors”: [{”first”: ”Jaavid”, ”last”: ”J”}, {”first”: ”Raj”, ”last”:
”Dabre”},…],

”question”: ”ഈ പരീക്ഷയിൽ ഉപേയാഗിക്കുന്ന ഇന്ത്യൻ
ഭാഷകൾഏെതാെക്കയാണ്?”
”model_id”: ”VishnuPJ/MalayaLLM_7B_Instruct_v0.2”,

”model_config”: ”k50_p0.95_t0.2”,
”lang”: ”malayalam”,

”prompt”: ”J,Jaavid et al. എഴുതിയ ’RomanSetu: Efficiently
unlocking multilingual capabilities of Large Language Models
via Romanization’ എന്ന േലഖനത്തിൽ.ഈ പരീക്ഷയിൽ
ഉപേയാഗിക്കുന്ന ഇന്ത്യൻ ഭാഷകൾഏെതാെക്കയാണ്?”,

”output_text”: ”ഉത്തരം:1. ഗുജറാത്തി2. െതലുങ്ക്3 …”,

”output_tokens”: [”<0x0A>”, ”<0x0A>”, ”ഉ”, ”ത്തരം”, ”:”,
”<0x0A>”, …],
”output_logits”: [14.4688854218, 16.9766082764,…],

”has_fluency_mistakes”: ”y”,
”has_factual_mistakes”: ”y”

Figure 2: Example instance extracted from CAP
English. The question roughly translates to “Which
Indian languages are used in this test set?”. It pro-
vides all the metadata regarding the creation of this
example including information related to the ques-
tion and the response generated.

Figure 2 presents an example instance from
CAP Malayalam data split. Each instance in the
dataset corresponds to a question-answer pair as-
sociated with a scientific natural language process-
ing (NLP) paper. These are provided with a com-
prehensive set of metadata fields, when available,
including an index identifier, paper title, abstract,
DOI, and URL, as well as all the authors’ informa-
tion, including given name and surname recorded
separately to facilitate prompt construction. In ad-
dition to the metadata about the question, we also
provide metadata about the generated answer (re-
ferred to as output_text in Figure 2) from the
LLM and the LLM model. This includes a tok-
enized version of the generated answer, the asso-
ciated logits, and, for the LLM model, we provide
the model identifier, model configuration, and the
prompt used. Each instance contains two labels,
namely, has_fluency_mistakes (correspond-
ing to fluency) and has_factual_mistakes
(corresponding to hallucination) for the generated
answer. Altogether, this information enables de-

tailed investigations of model behavior across lan-
guages and scientific domains.

3.2. CAP Creation Workflow

The data creation process comprises three main
stages. First, we curate a cohort of scientific pa-
pers. Next, human annotators manually compose
questions based on these papers, which are sub-
sequently presented to LLMs to generate corre-
sponding answers.

Scientific Paper Collection: We began by col-
lecting papers from the ACL Anthology, compiling
a set of 293 award-winning papers in NLP from
1995 to 2024. These papers are more likely to be
cited and discussed, making them a strong source
for hallucination detection. For each selected pa-
per, we extracted available metadata, including
the title, abstract, DOI, URL, and list of authors.
This structured metadata provides a comprehen-
sive representation of each paper and serves as
the foundation for subsequent question creation
and answer generation steps.

Question Creation: For each language, annota-
tors were provided with a randomly selected sub-
set of 100 papers (in English) and were instructed
to manually create one question for each paper in
their assigned language. Since the sampling was
performed independently for each language, the
resulting subsets differ, meaning that the list of pa-
pers annotated in one language does not neces-
sarily overlap with those used in another. For any
paper appearing in multiple languages, questions
are not simple translations; rather, they are inde-
pendently crafted by annotators in each language
to reflect language-specific perspectives and nu-
ances. Annotators were supported by a script to
record each question, providing the corresponding
paper link.

Response Generation using LLMs: For each
question, we generated multiple responses (rang-
ing between 6 to 18) using publicly available,
instruction-tuned LLMs capable of handling the tar-
get languages (see details in Section 3.4). Multiple
outputs per question were obtained by varying gen-
eration hyperparameters, including top-p, top-k,
and temperature. Specifically, we use: (1) default
setting; (2) top-p=0.9, top-k=50, temperature=0.1;
(3) top-p=0.95, top-k=50, temperature=0.2. We
also vary the input context provided in the prompt
used for answer generation by optionally adding
abstract as an additional information.

Figure 2: Example instance extracted from CAP
Malayalam. The question roughly translates to
“Which Indian languages are used in this test set?”.
It provides all the metadata regarding the creation
of this example including information related to the
question and the response generated.

Figure 2 presents an example instance from CAP
Malayalam data split. Each instance in the dataset
corresponds to a question-answer pair associated
with a scientific natural language processing (NLP)
paper. These are provided with a comprehensive
set of metadata fields, when available, including
an index identifier, paper title, abstract, DOI, and
URL, as well as all the authors’ information, in-
cluding given name and surname recorded sep-
arately to facilitate prompt construction. In addi-
tion to the metadata about the question, we also
provide metadata about the generated answer (re-
ferred to as output_text in Figure 2) from the

LLM and the LLM model. This includes a tok-
enized version of the generated answer, the as-
sociated logits, and, for the LLM model, we provide
the model identifier, model configuration, and the
prompt used. Each instance contains two labels,
namely, has_fluency_mistakes (correspond-
ing to fluency) and has_factual_mistakes (cor-
responding to hallucination) for the generated an-
swer. Altogether, this information enables detailed
investigations of model behavior across languages
and scientific domains.

3.2. CAP Creation Workflow
The data creation process comprises three main
stages. First, we curate a cohort of scientific pa-
pers. Next, human annotators manually compose
questions based on these papers, which are subse-
quently presented to LLMs to generate correspond-
ing answers.

Scientific Paper Collection: We began by col-
lecting papers from the ACL Anthology, compiling a
set of 293 award-winning papers in NLP from 1995
to 2024. These papers are more likely to be cited
and discussed, making them a strong source for
hallucination detection. For each selected paper,
we extracted available metadata, including the ti-
tle, abstract, DOI, URL, and list of authors. This
structured metadata provides a comprehensive rep-
resentation of each paper and serves as the founda-
tion for subsequent question creation and answer
generation steps.

Question Creation: For each language, annota-
tors were provided with a randomly selected subset
of 100 papers (in English) and were instructed to
manually create one question for each paper in
their assigned language. Since the sampling was
performed independently for each language, the re-
sulting subsets differ, meaning that the list of papers
annotated in one language does not necessarily
overlap with those used in another. For any paper
appearing in multiple languages, questions are not
simple translations; rather, they are independently
crafted by annotators in each language to reflect
language-specific perspectives and nuances. An-
notators were supported by a script to record each
question, providing the corresponding paper link.

Response Generation using LLMs: For each
question, we generated multiple responses (rang-
ing between 6 to 18) using publicly available,
instruction-tuned LLMs capable of handling the tar-
get languages (see details in Section 3.4). Multi-
ple outputs per question were obtained by varying
generation hyperparameters, including top-p, top-k,
and temperature. Specifically, we use: (1) default
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setting; (2) top-p=0.9, top-k=50, temperature=0.1;
(3) top-p=0.95, top-k=50, temperature=0.2. We
also vary the input context provided in the prompt
used for answer generation by optionally adding
the abstract as an additional information.

3.3. Annotation Details
Human Annotators: Question creation and LLM-
generated answer annotations were carried out by
a team of ten annotators. All of them are native
speakers of the assigned language and possess
strong NLP backgrounds, ranging from graduate
students to postdoctoral researcher, ensuring do-
main expertise in the annotation process. The num-
ber of annotators across languages is as follows:
English (3), French (2), Hindi (2), Italian (1), Span-
ish (2), Bengali (1), Gujarati (1), Malayalam (1), and
Telugu (1). Annotators were instructed to formulate
a question using any combination of the title, ab-
stract, full paper, or author information, based on
their preference.

In the article titled [title] by [last],
[first][aux], [question]

Here is the start of the article abstract for
your reference: [abstract]

Figure 3: Standardized template used for response
generation in English, analogous templates are
used for other languages.

Prompt Design: This process involved carefully
designing the question field for each record, which
contains a natural-language query in the context
of the NLP paper’s scientific content. Each ques-
tion is paired with a prompt, built using a standard-
ized template (see Figure 3).This structure ensures
that every query remains clearly anchored to the
cited source, providing consistent contextual fram-
ing across languages and papers.

Annotation Procedure: Due to the large amount
of generated answers, we sampled a subset of
generated answers for manual annotation. The
sampling procedure ensures that each output is
annotated only once while maintaining a balanced
distribution across questions, prompts, and mod-
els. This is accomplished by randomly selecting
instances and setting target annotation counts for
each question–prompt–model combination, aiming
for a total of eight annotations per question.

Each selected output was annotated by the same
expert who created the question and evaluated

along two dimensions: factual correctness and flu-
ency. Factual correctness was labeled as yes or
no, indicating whether the answer contained fac-
tual errors. Fluency was assessed on a three-point
scale: yes (well-formed), minor (minor language
issues), or no (ungrammatical or disfluent).

During the post annotation sanity check step, sev-
eral samples containing duplicates were removed
from en, es, hi, bn, and gu. This step resulted in
final dataset distribution corresponding to Table 1
still keeping unique number of question as 100 for
all the nine languages.

3.4. CAP Statistics
Table 1 presents the statistics of the CAP dataset
across the different splits and languages. In the ta-
ble, Q denotes the number of unique questions cre-
ated by annotators per language and R denotes the
number of LLM generated response annotations
after post-processing step. For each language, we
collect 100 questions and over 500-1000 annota-
tions of generated answers per language. Addi-
tionally, we provide train-val-test split to support
future research and ensure compatibility with the
traditional shared task framework.

lang TOTAL TRAIN VAL TEST
Q R Q R Q R Q R

en 100 588 40 108 30 240 30 240
es 100 660 40 180 30 240 30 240
fr 100 1000 40 520 30 240 30 240
hi 100 905 40 425 30 240 30 240
it 100 1000 40 520 30 240 30 240

**ml 100 788 — — — — 100 788
**te 100 800 — — — — 100 800

**bn 100 798 — — — — 100 798
**gu 100 800 — — — — 100 800

Table 1: Dataset statistics per language. The data
are presented using a train/validation/test split fol-
lowing the setup of the shared task introduced in
Sinha et al. (2025), for which the data was created.

Table 2 presents all the different LLMs utilized in
generating the response for the 100 questions cre-
ated per language. We selected LLMs with param-
eter sizes ranging from 2B to 13B. All languages
except French and Italian used two LLMs, whereas
these used three different models.

Figure 4 illustrates the joint distribution of factu-
ality and fluency annotations against each other for
all the languages covered in the CAP data set.

The formulation we adopt here is that a halluci-
nation is defined as a response that is fluent but
false — that is, linguistically coherent yet factually
inconsistent or unsupported with respect to the un-
derlying publication (Bhamidipati et al., 2024). This
perspective reframes hallucination detection as a
dual-facet problem, requiring models to jointly as-
sess both the fluency and factuality of generated
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Lang. HF identifier N. train N. val. N. test

en lmsys/vicuna-7b-v1.5 42 121 120
meta-llama/Meta-Llama-3-8B-
Instruct (Grattafiori et al., 2024)

66 119 120

es Iker/Llama-3-Instruct-Neurona-
8b-v2

100 120 120

meta-llama/Meta-Llama-3-8B-
Instruct (Grattafiori et al., 2024)

80 120 120

fr
bofenghuang/vigogne-2-13b-
chat

174 78 81

occiglot/occiglot-7b-eu5-
instruct

169 75 84

meta-llama/Meta-Llama-3.1-
8B-Instruct

177 87 75

hi Cognitive-Lab/LLama3-Gaja-
Hindi-8B-v0.1

225 120 120

sarvamai/OpenHathi-7B-Hi-
v0.1-Base

200 120 120

it
sapienzanlp/modello-italia-9b 172 86 81
google/gemma-2-9b-it 183 81 79
meta-llama/Meta-Llama-3.1-
8B-Instruct

165 73 80

**ml VishnuPJ/MalayaLLM-7B-
Instruct-v0.2

— — 395

sarvamai/sarvam-1 — — 393

**te meta-llama/Llama-3.1-8B-
Instruct

— — 399

Telugu-LLM-Labs/Indic-
gemma-7b-finetuned-sft-
Navarasa-2.0

— — 399

**bn BanglaLLM/BanglaLLama-
3-8b-bangla-alpaca-orca-
instruct-v0.0.1

— — 420

BanglaLLM/Bangla-s1k-qwen-
2.5-3B-Instruct

— — 378

**gu GenVRadmin/AryaBhatta-
GemmaUltra-Merged

— — 600

GenVRadmin/AryaBhatta-
GemmaGenZ-Vikas-Merged

— — 200

Table 2: LLMs used for generating responses (R)
for each language. ** languages contain only test
subset.

content.
A fact that immediately arises from observing

Figure 4 is that challenges vary from language to
language: for English, Spanish, French, Hindi and
Bengali, models struggle to output factually correct
responses; for Gujarati and Telugu, the issue is
first and foremost fluency; Italian displays mostly re-
sponses that are fluent and factual, whereas Malay-
alam outputs are more uniformly distributed across
all four possible cases. Hallucinations proper—i.e.,
outputs that are fluent but not factual—therefore
have likely distinct root causes across languages.

4. Characteristics of CAP Dataset

CAP presents a unique and challenging dataset. To
examine the factors contributing to its difficulty, we
analyze citation counts (Section 4.1) and assess
how question types influence the factuality of model
outputs (Section 4.2).
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Figure 5: Mean citation per language.

4.1. Effects of Citation Counts

An interesting side-effect of focusing on scientific
publication is that we can provide rough estimates
of the popularity of a certain topic, by means of
bibliometric indicators. Figure 5 depicts the dis-
tribution of mean total citation for each language
split from the CAP data set. For example, Malay-
alam language data contain questions associated
to NLP papers that had overall the most citations
in comparison to all other languages. On the other
hand, Italian and Gujarati contains questions that
were created from papers which had relatively the
least mean citations.

Interestingly, citation counts do not seem to be
indicative of hallucination. Figure 6 shows the dis-
tribution of log1plus–transformed citation counts
per language, according to whether the output is
deemed a hallucination or not. As is apparent, dis-
tribution of citation counts are extremely similar for
hallucinations and non-hallucinations alike. In fact,
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Figure 6: Distribution of citation counts per lan-
guage, hallucination vs. non-hallucinations.

language-specific Mann-Whitney U-tests compar-
ing the citation counts in hallucinations vs. non-
hallucinations suggest no statistically significant
difference after Bonferroni correction.

4.2. Effects of Question Types
A major confounding factor in Figure 4 is that the
questions asked vary across languages, which cer-
tainly influences the outputs. To assess this point,
Figure 7 presents a comparison of the distribution of
the different types of questions based on Graesser
and Person (1994)’s taxonomy. Specifically de-
signed for question-answering and information re-
trieval tasks, this taxonomy categorizes questions
into 18 distinct types, taking into account both the
format of the expected answer (short or long) and
its illocutionary function, such as verification, defini-
tion, example, or comparison (see also Pomerantz
(2005)). To automatically identify the question type
for every question created by the annotators, we
employed the LLM-as-a-judge approach (Li et al.,
2024), using google/gemma-3-27b-it (Team
et al., 2025) as the LLM judge.
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Figure 7: Question Type Distribution per language.

Firstly, we observe that, out of the 18 classes,
only 15 classes were identified across the entire
dataset, with “Concept completion” being the most

frequent question type across all nine languages.
The corresponding breakdown is displayed in Fig-
ure 7, which also highlights the imbalance of ques-
tion types in the CAP dataset.

Question Type # N # Y N residual Y residual
Assertion 0 1 −0.579 0.411
Causal antecedent 9 8 1.383 −0.982
Causal consequence 0 2 −0.819 0.581
Comparison 11 11 1.335 −0.948
Concept completion 146 360 −1.814 1.288
Definition 31 50 0.738 −0.524
Disjunctive 3 4 0.427 −0.303
Example 1 0 1.148 −0.815
Expectational 3 3 0.697 −0.495
Feature specification 2 10 −1.009 0.716
Goal orientation 14 4 3.243∗ −2.303∗

Instru./procedural 17 20 1.305 −0.927
Interpretation 2 4 −0.008 0.006
Quantification 29 92 −1.816 1.289
Verification 26 14 3.438∗ −2.442∗

Table 3: Observed counts (N: no hallucination; Y:
hallucination) and standardized residuals for each
question type. Bold residuals indicate |Z| ≥ 1.96
(p < 0.05). Per question type, ∗ values exhibit
statistically significant deviations from expected
(non-)hallucination rates.

Next, we also highlight that the type of question
asked could have an effect on factuality. To exam-
ine this relationship, we perform a Chi-square test
between the hallucination label (yes or no) and the
question type, as determined through the LLM-as-
a-judge evaluation, shown in Table 3. For each
question type and hallucination label, residuals are
computed as the difference between observed and
expected counts, normalized by the square root of
the expected count1. The test reveals a significant
association between question type and hallucina-
tion occurrence, χ2(14, N=877) = 61.21, p < .001.
The effect size, measured by Cramér’s V, was 0.26,
indicating a small-to-medium effect according to
Cohen’s guidelines.

In detail, hallucinations are not uniformly dis-
tributed across question types: Verification and
Goal orientation questions exhibited strong positive
residuals for non-hallucinated responses and nega-
tive residuals for hallucinated responses, indicating
these types are significantly less prone to halluci-
nations. Conversely, Quantification and Concept
completion showed moderate positive residuals for
hallucination, suggesting a higher hallucination rate
in these categories, while most other question types
showed weak or no significant deviation from ex-
pected frequencies.

1For each question type i and hallucination la-
bel j, the residuals are computed as ri,j =
Oi,j−Ei,j√

Ei,j
where Oi,j is the observed count and

Ei,j is the expected count which is calculated as
(total questions of type i)·(total questions with hallucination label j)

N
.
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Together, these findings underscore the richness
of the CAP dataset. By reflecting variations in
citation-based content and question-type sensitiv-
ity, CAP presents a more challenging and realistic
benchmark for assessing factual consistency in sci-
entific question answering.

5. Benchmarking on CAP

Following Section 4, that highlighted the complexity
of CAP, this section evaluates the performance of
existing hallucination detection tools on CAP.

5.1. Task Formulation
We frame hallucination detection as a binary clas-
sification task: given a pair consisting of a scien-
tific publication segment (premise) and an LLM-
generated answer (hypothesis), the model must
determine whether the hypothesis constitutes a sci-
entific hallucination.

5.2. Evaluation Metrics
To ensure comparability across models and lan-
guages, we adopted a standardized processing
pipeline. Each question-answer pair was seg-
mented into smaller passages to fit model context
windows, and baseline models processed each
passage independently. The highest probability
across passages was used as the final prediction
label. We report Macro-F1 scores per language,
along with the overall average for all languages.

5.3. Models
We benchmark on six representative baselines
spanning both reference-based and reference-free
hallucination detection paradigms.

HHEM-2.1-Open The Hallucination and Hallucina-
tion Evaluation Model (HHEM-2.1-Open; hereafter
referred to as HHEM) (Bao et al., 2024) is an
open-source model trained on factual consistency
datasets to detect hallucinations in long-form
outputs generated by LLMs. It functions as a strong
factuality classifier, optimized using contrastive,
entailment-based training objectives.

mDeBERTa-v3-base-xnli (Laurer et al., 2022) is
a multilingual entailment model fine-tuned on 2.7
million natural language inference (NLI) examples
spanning over 100 languages. Aligned with our
task formulation, the model evaluates whether a
generated answer entails, contradicts, or is neutral
with respect to the source publication. Outputs
labeled as contradiction or neutral are considered
hallucinations.

SelfCheckGPT (Manakul et al., 2023) is a
reference-free hallucination detector that operates
without access to external context. It estimates
factual consistency by sampling multiple outputs
from a language model and measuring the degree
of internal agreement among them. We utilized
a google/gemma-2-9b model for this, and
therefore denote is as SelfCheckGemma.

XLM-RoBERTa-XL Hallucination Detector This
multilingual reference-based hallucination detector
(Bondarenko, 2024) is built on the XLM-RoBERTa-
XL backbone. The model casts hallucination
detection as a binary classification task, employing
a self-adaptive hierarchical encoder fine-tuned
in two stages: contrastive learning to optimize
sentence embeddings, followed by supervised
fine-tuning for classification.

FAVA (Mishra et al., 2024) is a reference-based
model for fine-grained hallucination detection and
correction. It employs an editor language model
trained on synthetically generated data to identify
and revise factual inaccuracies in generated text.

HDM-2 (Paudel et al., 2025) is a comprehensive
hallucination detection model designed to validate
outputs from LLMs using both contextual evidence
and common knowledge. It employs a multi-task
architecture comprising separate modules for
context-based and common-knowledge verifica-
tion, and generates hallucination scores at both
the sentence and token levels.

All baselines utilize pretrained large language
models in zero-shot inference setting without addi-
tional fine-tuning for fair comparison.

5.4. Results

Disentangling the effects of fluency We first
seek to establish the performances of existing mod-
els. In Table 4a, we summarize macro-F1 scores
for the 6 baselines described above. A related point
of interest is the impact of the definition of halluci-
nation we adopt in this work, as outputs that are
fluent, yet not factually correct. To disentangle the
effects of fluency, in Table 4b we also report per-
formances on the subset of datapoints annotated
as fluent, i.e., simplifying the task to one of factual
correctness classification.

A few observations can be drawn from results in
Table 4. First, off-the-shelf models tend to perform
remarkably poorly. Overall performances across all
test datapoints are always below 0.46. Given that
we frame the problem as a binary classification, this
result puts into question the efficacy of hallucination
detectors in out-of-domain settings.
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Model en es fr hi it ml te bn gu Overall
HHEM 0.486 0.420 0.357 0.446 0.258 0.366 0.093 0.247 0.249 0.294

mDeBERTaNLI 0.435 0.497 0.586 0.463 0.535 0.316 0.214 0.500 0.254 0.389
SelfCheckGemma 0.503 0.494 0.520 0.556 0.394 0.454 0.409 0.494 0.328 0.459

XLMRobertaXL 0.440 0.417 0.243 0.405 0.204 0.390 0.136 0.407 0.278 0.334
FAVA 0.433 0.525 0.312 0.490 0.271 0.430 0.380 0.508 0.357 0.456

HDM2 0.459 0.425 0.277 0.443 0.276 0.395 0.298 0.524 0.260 0.398

(a) Macro-F1 metric, considering both classes.
Model en es fr hi it ml te bn gu Overall
HHEM 0.467 0.465 0.431 0.554 0.302 0.543 0.411 0.529 0.400 0.514

mDeBERTaNLI 0.422 0.458 0.542 0.394 0.552 0.402 0.397 0.472 0.512 0.518
SelfCheckGemma 0.518 0.457 0.589 0.519 0.384 0.519 0.577 0.498 0.480 0.530

XLMRobertaXL 0.475 0.424 0.413 0.468 0.225 0.357 0.359 0.486 0.452 0.407
FAVA 0.453 0.538 0.468 0.671 0.305 0.411 0.509 0.461 0.465 0.475

HDM2 0.493 0.436 0.426 0.458 0.317 0.419 0.393 0.548 0.503 0.460

(b) Macro-F1 metric, considering only fluent datapoints.

Table 4: Performance comparison between hallucination detectors across languages.

Second, simplifying the problem to that of a clas-
sification of factuality among fluent outputs need
not yield consistent improvements. While we ob-
serve improvements for low resource Indic lan-
guages, the same does not hold consistently for
high resource languages, and overall performances
remain remarkably poor. In short, the low scores
we observe when measuring performance across
all items are not only due to the lesser regularity of
non-fluent datapoints, but rather reflects genuine
difficulty intrinsic to the CAP dataset.

Model F1 Rec Prec

en
FAVA −0.026 −0.056 −0.023

HDM2 0.118 0.061 0.016
XLMRobertaXL 0.019 0.009 0.502

te
FAVA 0.157 0.059 0.035

HDM2 0.115 0.034 0.001
XLMRobertaXL 0.006 0.003 0.000

(a) All datapoints

Model F1 Rec Prec

en
Fava −0.047 −0.019 −0.005

HDM2 0.161 0.171 0.050
XLMRobertaXL 0.043 0.022 0.503

te
Fava −0.096 −0.014 0.035

HDM2 0.088 0.020 0.068
XLMRobertaXL 0.000 0.000 0.000

(b) Only fluent datapoints

Table 5: Effects of narrowing the context (scores
when using the relevant context as input minus
scores when using the full paper).

Effects of long-context input Results in Table 4
are obtained by selecting the highest probability
across text chunks2 of the entire article. While
this approach is practically motivated, we can also
expect it biases the models towards classifying out-
puts as hallucinated. This challenge is intrinsic to
the long-context nature of the reference documents.

To assess this point more formally, we perform
an ablation study: we compare performances on
a subset of items when feeding the entire article
as opposed to what we would obtain by using as
reference only the section deemed relevant by the
annotators. To balance annotation efforts and cov-
erage, we focus on one high resource (English) and
one low resource language (Telugu). We consider
three reference-dependent models: Fava, HDM2
and XLMRobertaXL.

Results are listed in Table 5, presented as the
margin of improvement when using as input the
relevant section only. Following our previous ap-
proach, we report both scores on the full dataset
(in Table 5a) as well as scores obtain when con-
sidering only items presenting no issues in fluency
(in Table 5b). Results suggest that performance
improvements are highly contingent on the exact
model considered: while Fava systematically yields
lower recall and macro-F1 scores, HDM2 generally
benefits from more targeted contexts. This sug-
gests that not all models are equally sensitive to
irrelevant elements of context.

2Chunks are created using whitespace-based seg-
mentation, kept well below the model context window to
account for subword tokenization, and include overlaps
to preserve contextual continuity.
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6. Conclusion

We present a novel scientific hallucination dataset,
the CAP dataset, comprising question–answer
pairs across five high-resource and four low-
resource languages. Each instance is annotated
for both factuality and fluency, enabling a compre-
hensive evaluation of LLMs in multilingual scientific
contexts. This dataset extends the scope of hallu-
cination research to the scientific domain and pro-
motes cross-lingual analysis of factual consistency.
CAP directly addresses the growing tendency of
LLMs to produce fluent yet factually incorrect con-
tent, offering a challenging benchmark for evaluat-
ing factual grounding.

Our focus on evaluating hallucination as a phe-
nomenon at the crossroads of fluency and factuality
offers an interesting complementary view to other
taxonomies of hallucination. For instance, while the
definition we rely on, in and of itself, could apply
to extrinsic and intrinsic hallucinations alike (i.e.,
whether the hallucination directly contradicts the
given input text, vs. whether it contradicts the LLM’s
training data; Ji et al., 2023; Bang et al., 2025),
the dataset we provide relies mostly on knowledge
obtained through exposure during pretraining or
instruction-tuning (as we do not provide the en-
tire contents of papers to the LLMs we assess) —
meaning we have focused primarily on extrinsic
hallucinations. Given this state of affairs, it is worth
highlighting that our extrinsic indicator of topic pop-
ularity (viz. citation counts) does not appear to be
a factor impacting hallucination rates, whereas in-
trinsic linguistic cues (such as question types) do
impact LLM outputs in a measurable way. On the
other hand, the data we collect provides evidence
that fluency and factuality play different roles for
different languages, whereas our benchmarking
experiments underscore the difficulty inherent to
processing noisier, less-fluent outputs. Our dual-
faceted outlook on hallucination therefore provides
an interesting complementary lens to reassess prior
research in the field.

Future work may include expanding the dataset
to additional scientific disciplines such as the med-
ical domain (Pal et al., 2023) and extremely low
resource languages (Joshi et al., 2020), explor-
ing the interaction of hallucination with unseen lan-
guages, and leveraging CAP for developing robust,
hallucination-aware generation models.
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8. Limitations and Ethical
Considerations

Some limitations of our study concern both termi-
nology and data scope. First, the use of the term
hallucination to describe AI-generated factual er-
rors is inherently metaphorical and may be mislead-
ing, as it implies flawed perception rather than the
statistical generation processes that underlie large
language models (Hicks et al., 2024). Although we
adopt this term for consistency with existing liter-
ature, we acknowledge its conceptual limitations
and the potential influence such framing may have
on public understanding of AI reliability. Second,
the CAP dataset is limited to NLP papers from ACL
venues, which may restrict the generalizability of
the findings to other domains. Nevertheless, this
work represents an initial step toward opening a
new research direction. Thirdly, while our dataset
spans nine languages, coverage is uneven, with
lower representation and translation quality in low-
resource languages. Finally, despite rigorous de-
sign and review, human annotations may still reflect
subjective judgments, especially in cross-lingual
assessments of factual correctness. In addition,
because each question was annotated by a single
annotator, the annotations may further reflect in-
dividual subjectivity and do not allow us to report
inter-annotator agreement.

From an ethical perspective, the CAP dataset is
derived from publicly available sources and con-
tains no personal data. Nonetheless, model out-
puts may include scientifically inaccurate or mis-
leading statements; these should not be treated as
factual. The dataset is released strictly for research
purposes to promote safer and more transparent
scientific text generation.
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Appendix A: Annotation Guidelines

We conceptualize hallucination as a two-
dimensional phenomenon, covering factuality
and fluency. Formally, we define a hallucination
as a response that is fluent but false — that is,
linguistically coherent yet factually inconsistent
or unsupported with respect to the underlying
publication.

The annotation task was organized as follows:

1. Question generation: Annotators were pre-
sented with the title of a paper (selected from
a set of award-winning NLP papers in the ACL
Anthology) and were asked to review the paper
— considering the title, abstract, and any con-
tent they deemed necessary — to formulate a
relevant question.

2. Response generation: Annotators then used
an LLM of their choice for their assigned lan-
guage to generate multiple responses. The
LLMs were provided with the paper’s title, ab-
stract, and the generated question (but not the
full paper).

3. Annotation: For each generated response, an-
notators evaluated the generated response for
two dimensions:

• Factuality: Verifying against the full con-
tent of the article corresponding to the
question.

• Fluency: Assessing for orthographic er-
rors, including gibberish, incorrect script,
spelling mistakes, or output in the wrong
language.

The extended guideline covering all possibilities of
hallucination for annotations is provided in Figure 8.
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Figure 8: Hallucination Annotation Schema.
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