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Abstract

In this paper, we explore the potential of Open-
source Small Language Models (OSLMs) for
localizing hallucinations related to factual ac-
curacy. We first present Lucifer, a dataset de-
signed to enable proper and consistent eval-
uation of LMs, composed of an automati-
cally constructed portion and a manually cu-
rated subset intended for qualitative analy-
sis. We then assess the performance of five
OSLMs using four carefully designed prompts.
Results are evaluated either individually or
merged through a voting-based merging ap-
proach. While our results demonstrate that the
merging method yields promising performance
even with smaller models, our manually cu-
rated dataset highlights the inherent difficulty
of the task, underscoring the need for further
research.

1 Introduction

The task of factual hallucination detection is inher-
ently complex, requiring models to integrate and
coordinate multiple capabilities—ranging from lin-
guistic fluency to factual verification. While several
recent studies addressed this challenge using Large
Language Models (LLMs) (Dhuliawala et al., 2024;
Manakul et al., 2023; Min et al., 2023; Li et al.,
2024a), the use of closed-source LLMs, in particu-
lar, imposes substantial computational costs, while
raising privacy and ethical considerations (Huang
et al., 2022; Carlini et al., 2023; Weidinger et al.,
2021), lacking transparency (Sun et al., 2022; Man-
akul et al., 2023) and trustworthiness (Lee et al.,
2022; Mitrović et al., 2025).

Moreover, the literature on fact-verification and
factual hallucinations typically aims at identify-
ing whether or not the phrase contains factual hal-
lucination (Li et al., 2024a; Thorne et al., 2018).
In this work, we shift our focus instead to local-
izing factual hallucinations by identifying exact

*These authors contributed equally to this work.

hallucination spans. Moreover, we explore an
alternative approach: empowering LMs with an
additional factual prompt and leveraging the col-
lective behavior of multiple Open-source Small
Language Models (OSLMs) to address the local-
ized factual hallucination detection task. Rather
than benchmarking different merging strategies, we
investigate whether combining different OSLMs
and different prompts, can achieve competitive per-
formance with respect to a specifically fine-tuned
method (Shan et al., 2025). Unfortunately, most
current datasets are either not span-oriented (e.g.
Poly-FEVER, Zhang et al. 2025, FactCHD, Chen
et al. 2024), require additional retrieval and/or train-
ing (e.g. FAVA, Mishra et al. 2024, ANAH Ji
et al. 2024) or provide hallucination spans (Mu-
SHROOM 2025, Vazquez et al. 2025) but suffer
from unclear or inconsistent annotations (Mitro-
vić et al., 2025), rendering them unsuitable for
fine-grained assessment. To address this gap, we
construct two purpose-built datasets1 specifically
designed to evaluate the ability of models to detect
factual hallucinations within a phrase. Since exact
span annotation is tedious (automation by closed-
source LLMs is costly and still unreliable, while
human annotation is time-consuming and hard to
reach consensus), we resort to claims (known to
be either true or false) as a reliable ground truth.
More specifically, our datasets (one automatically-
and one manually-constructed) are composed of
phrases that combine verifiably true claims and ex-
plicitly false claims, to simulate a hallucination.
This setup permits detecting reliable hallucination
span within a phrase by using the span of the explic-
itly false claim. It also allows for performing more
coarse-grained, claim-level hallucination detection.
All source claims are drawn from the FEVER 2018
dataset (Thorne et al., 2018), ensuring that they are

1This dataset is available at https://github.com/
IDSIA-NLP/lucifer
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fact-checked and verifiable. The manual dataset is
curated to seamlessly incorporate underlying facts
simulating more subtle and natural hallucinations,
thereby increasing the difficulty of localization.

We find that OSLMs can perform surprisingly
well, especially when paired with carefully de-
signed prompts. Furthermore, we show that com-
bining model outputs through a simple voting-
based merging strategy significantly improves over-
all accuracy, making it a practical approach for
hallucination detection in resource-constrained set-
tings.

2 Related Works

Given the popularity of the topic, this work relates
(and might seemingly relate) to different existing
studies. However, substantial differences are evi-
dent across multiple dimensions.

First, hallucination task has been addressed by
different works in the past, but most of them focus
on sentence level detection (binary classification
task), such as SelfCheckGPT (Manakul et al., 2023)
and SAPLMA (Azaria and Mitchell, 2023).

Second, concerning the data, as already men-
tioned, most of the current datasets are adapted for
binary classification, thus containing the labels only
on a phrase level. Factually aligned datasets with a
more fine-grained information, such as knowledge
base triplets, might look as a viable alternative.
However, after careful investigation we discovered
that even the largest of them, T-REx (Elsahar et al.,
2018), containing alignments between Wikidata
Triples knowledge base and Wikipedia Abstracts,
remains inadequate for this work. This is mainly
because, despite its volume, texts within T-REx
tend to contain very few and also fairly simple re-
lationships. While Lucifer(-M) also relies on the
given facts, it aims at identifying hallucinations
spans which do not directly coincide with the enti-
ties and/or relationship of a given fact but that can
rather be (indirectly) deduced from these (see Ex-
ample 1 in the Table 9). Finally, to the best of our
knowledge, the only truly span-annotated existing
dataset is the one released for the Mu-SHROOM
2025 challenge. However, as pointed by Mitrović
et al. (2025) and Huang et al. (2025), this dataset
contains inconsistent annotations.

Third, this work exploits an ensemble-like ap-
proach to merge the results of five LLM annota-
tors in the post-inference phase. While different
LLM post-inference ensembling approaches exist

in the literature, we left these out for different rea-
sons. More specifically, being in an unsupervised
setup, all supervised methods and methods requir-
ing training data (e.g. Tekin et al. (2024)) were
directly ruled out as well as approaches requiring
repetitive inferences by a single model (Li et al.,
2024b) or based on human judgement. Moreover,
it is worth emphasising that our scope was to ex-
amine whether OSLMs could perform nearly as
good as proprietary LLMs using a straightforward
ensemble approach, rather then benchmarking dif-
ferent ensemble approaches. Finally, the main dif-
ference with respect to the approach of Mitrović
et al. (2025) are three-fold. First, we do not exclude
any model-prompt variant; second, we perform
both prompt-level merging as well as model-level
merging; third, we introduce additional, fact-based
prompt.

3 Turning a fact-verification dataset to a
fact-linked hallucination detection
dataset

Due to aforementioned drawbacks of existing
datasets for factual hallucination detection, we
opt to create a dataset mixing the FEVER 2018
dataset’s true and false claims. These combinations
simulate factual hallucinations by blending factual
and non-factual information in a seamless way.

3.1 Lucifer-A
The first idea was to automatically construct a
dataset Lucifer-A(utomatic), relying solely on
LLMs. Initial attempts at making LLM au-
tonomously blend claims into seemingly human-
like sentences have not yielded satisfactory results
(see Appendix C). We, therefore, opted for a semi-
automated pipeline: for each instance one true and
one false claim is selected, in randomized order.
These claims are then fused into a single sentence
using the Open-source model DeepSeek-Qwen-
1.5B ( see Appendix A for model abbreviations),
forcing the model to employ the connector “while”
to create a fluent and syntactically correct sentence.

An example of Lucifer-A instance generation
Claim 1 (F): The Taj Mahal attracts significantly less
than 7-8 million visitors a year.
Claim 2 (T): Reds was produced by Warren Beatty.
DSQ-1.5 capitalization answer: Yes.
Final sentence (FT): The Taj Mahal attracts significantly
less than 7-8 million visitors a year while Reds was
produced by Warren Beatty.

To ensure grammatical correctness, particular
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attention was paid to ensure appropriate capital-
ization, as we spotted that the model was making
mistakes when left unattended in this regard (see
Appendix C for more details). In total, we produce
1,000 automatically constructed sentences.

3.2 Lucifer-M

In addition to the automatically generated dataset,
we construct a smaller, entirely manually curated
subset. This involves selecting pairs of claims that
share a common subject or thematic link. Once
the claim pairs are selected, they are manually
rewritten to integrate both pieces of information
in a more natural and contextually sophisticated
way. This dataset is hence more challenging than
Lucifer-A since the claims are interwoven rather
than presented sequentially or by simple concate-
nation. The result is a set of 100 sentences (see
Appendix B for basic statistics and Appendices D
and E for details on manual effort regarding dataset
construction and annotation, respectively).

An example of Lucifer-M instance generation
Claim 1 (T): The Eagles broke up in 1980.
Claim 2 (T): Mao Zedong died in 1976.
Final sentence (FT): The Eagles broke up in 1976, the
same year that Mao Zedong died.

4 Methodology

To perform the annotations, we use five different
models, each evaluated with four distinct prompts.

The models employed are: Osiris, DeepSeek-
Qwen, DeepSeek-Llama, Ministral, and Mistral
(see Appendix A for the abbreviations used to refer
to each model). With respect to the prompts, we
begin by adapting the three prompts introduced
by Mitrović et al. (2025). The modified prompt
versions (referred to as v1, v2, and v3) are provided
in Appendix H.

In addition, we introduce a fourth prompt (de-
noted as fact prompt and also available in Ap-
pendix H), designed to shift the model’s task from
annotation to direct correction of hallucinations.
This prompt focuses specifically on factual halluci-
nations, which are the core concern of this study.

Finally, following an idea also proposed by
Mitrović et al. (2025), we explore merging annota-
tion systems through prediction merging. Specif-
ically, we implement a voting mechanism across
the outputs of multiple model–prompt pairs. For
each claim in a sentence (two claims per sentence),
we count how many model–prompt pair consider it

a hallucination. If a majority of the models (>50%)
identify a claim as hallucinated, it is marked as
such in the final merged output.

5 Evaluation

The first evaluation is conducted at the level of
individual claims (remember that each claim can
be either true or false). An ideal system must leave
a true claim unaltered while correctly annotating
a false one. For our manual dataset, we consider
that claim is unaltered if its semantics has not been
changed.

We aim at assessing whether an annotation sys-
tem is effective in identifying a substantial number
of hallucinations, while minimizing false positives.
To this end, we employ the standard metrics of
recall and precision. Additionally, to account for
correctly identified non-hallucinated claims, we
include accuracy as a complementary metric.

The results are primarily derived from
model+prompt pairs, each consisting of a specific
model and its corresponding prompt. Additionally,
we explore combining the outputs of multiple such
pairs using a merging system to improve overall
performance.

We then conduct an evaluation at the sentence
level. The objective here is to determine whether
an annotation system can accurately distinguish
between hallucinated and non-hallucinated claims
when they co-occur within the same sentence. In
this setting, we measure the percentage of sen-
tences in which both claims are annotated correctly.

6 Lucifer-A Results

6.1 Claim-level evaluation
We present the results at the claim level in Tables 1a
(recall), 1b (precision), and 1c (accuracy).

We observe that the top-scoring pairs vary by
evaluation metric. For example, Ministral identi-
fies nearly all hallucinations with prompt v1 (re-
call = 0.99), while Qwen2.5-Osiris-7B-Instruct de-
tects only 41% of them using the same prompt.
Conversely, when it comes to precision, Minis-
tral achieves the highest score (0.81) with the fact
prompt, but performs poorly with prompt v1 (pre-
cision = 0.53). This supports the hypothesis that
Ministral’s high recall with prompt v1 is due to
its tendency to over-identify hallucinations, as re-
flected in its lower precision.

In terms of accuracy, the best results, ranging
from 0.70 to 0.75, are achieved through merging ap-
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Prompt Osi DSQ DSL Min Mis mer.

fact (f) 0.73 0.23 0.56 0.56 0.83 0.65
v1 0.41 0.86 0.77 0.99 0.94 0.94
v2 0.71 0.60 0.70 0.48 0.71 0.72
v3 0.49 0.73 0.76 0.92 0.96 0.88

f+v2+v3 0.67 0.50 0.72 0.73 0.88 0.74

(a) Recall

Prompt Osi DSQ DSL Min Mis mer.

fact (f) 0.65 0.52 0.67 0.81 0.66 0.77
v1 0.59 0.56 0.53 0.53 0.53 0.56
v2 0.61 0.54 0.59 0.66 0.61 0.64
v3 0.56 0.55 0.57 0.56 0.53 0.56

f+v2+v3 0.61 0.54 0.66 0.75 0.62 0.65

(b) Precision

Prompt Osi DSQ DSL Min Mis mer.

fact (f) 0.67 0.51 0.65 0.72 0.71 0.73
v1 0.57 0.60 0.55 0.55 0.56 0.60
v2 0.63 0.54 0.61 0.62 0.63 0.66
v3 0.56 0.58 0.59 0.61 0.57 0.60

f+v2+v3 0.62 0.54 0.68 0.75 0.67 0.67

(c) Accuracy

Table 1: Scores for each model-prompt pair. Col-
umn “mer.” : recall by merging the annotations from
each line. Line “f+v2+v3” : recall by merging anno-
tations from fact, v2, and v3 prompts. Notation: Osi:
Qwen2.5-Osiris-7B-Instruct; DSQ: DeepSeek-Qwen;
DSL: DeepSeek-Llama; Min: Ministral; Mis: Mistral.

proaches. These include both prompt merging (e.g.,
using the outputs from the fact prompt) and model
merging (e.g., aggregating outputs from Ministral).

Although merging systems may not produce
the highest individual scores for recall or preci-
sion, they avoid the pitfalls that can inflate metrics:
they neither over-annotate (labeling too many non-
hallucinated claims) nor under-annotate (missing
many actual hallucinations). This supports our in-
tuition that model collectives can mitigate the indi-
vidual errors of model+prompt pairs by flagging as
hallucinations only those claims for which at least
a partial consensus emerges.

Notably, prompts of type fact consistently yield
better performance than prompts from v1, v2, or
v3. This finding validates our strategy of asking
models to directly correct hallucinations rather than
merely annotate them. More broadly, it aligns with
our hypothesis that generating a coherent textual
sequence is easier for the model than producing
a hybrid output that combines text and meta-text
(annotations).

6.2 Sentence-level evaluation
The results of the full-sentence level evaluation are
presented in Table 2.

Prompt Osi DSQ DSL Min Mis mer.

Facts (F) 0.5 0.15 0.36 0.53 0.51 0.56
v1 0.32 0.30 0.20 0.11 0.17 0.24
v2 0.43 0.21 0.32 0.37 0.43 0.45
v3 0.28 0.27 0.33 0.29 0.17 0.30

Table 2: Sentence-level accuracy. Notation: Osi: Osiris;
DSQ: DeepSeek-Qwen; DSL: DeepSeek-Llama; Min:
Ministral; Mis: Mistral.

This evaluation setting is more stringent, leading
to lower overall performance across models. This
suggests that models are more prone to errors when
explicitly tasked with identifying hallucinations
within an entire sentence.

Once again, the best performance is achieved
using the merging approach, highlighting its effec-
tiveness in aggregating predictions from multiple
prompts and models.

Finally, it is worth noting that our evaluation is
more fine-grained than that of Shan et al. (2025), as
it involves distinguishing between hallucinated and
non-hallucinated content within the same sentence.
This added complexity may partly explain why
Osiris performs worse in our setting compared to
the results originally reported by its authors.

7 Lucifer-M results

Manually verified results obtained on the Lucifer-M
dataset using the same claim-level evaluation cri-
teria can be seen in Table 3. We can see that both
DeepSeek models (DeepSeek-Qwen and DeepSeek-
Llama) lag behind the competitors as they have
the highest number of both claim misses (24 and
22, respectively) and the lowest number of both
claim hits (29 and 34, respectively). Thanks to
the opposed ratio between 1-claim and 2-claim
hits (and low ratio of misses), Mistral undoubtedly
outperforms all its competitors. Additionally, it
can be observed that, in general, models tend to
act correctly on at least one claim within the sen-
tence (see Table 5). However, when considering
sentence-level evaluation (percentage of sentences
with both claims annotated correctly) the accuracy
is quite modest. In fact, even the best performing
model Mistral is correctly annotating just 48% of
sentences. This is due both to the difficulty of the
sentences in Lucifer-M as well as the severity of
this type of the evaluation.
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Num. Corr. Claims Osi DSQ DSL Min Mis

0 15 24 22 19 12
1 41 47 44 37 40
2 42 29 34 42 48
Sent.-level acc. 0.43 0.29 0.34 0.43 0.48

Table 3: Number of sentences with 0, 1 or 2 correct
claims per model, using factual prompt on Lucifer-
M. Last row: sentence-level accuracy based on 2 cor-
rect claims, per model. Notation: Osi: Osiris; DSQ:
DeepSeek-Qwen; DSL: DeepSeek-Llama; Min: Minis-
tral; Mis: Mistral.

Combination Osi
(%)

DSQ
(%)

DSL
(%)

Min
(%)

Mis
(%)

FF 48 16 12 48 64
FT 36 8 44 20 32
TF 60 8 24 48 68
TT 24 84 56 52 28

Table 4: Percentages of correctly processed sentences
per combination (FF/FT/TF/TT) per model, using fac-
tual prompt on Lucifer-M. Note that the number of sen-
tences per combination is 25. Notation: Osi: Osiris;
DSQ: DeepSeek-Qwen; DSL: DeepSeek-Llama; Min:
Ministral; Mis: Mistral.

Table 4 shows the percentage of correctly pro-
cessed sentences per combination (FF/FT/TF/TT)
per model (note that in Lucifer-M, each combina-
tion is represented by 25 instances). We can see
that model performance depends on combination,
especially for DeepSeek-Qwen whose correctness
varies from 8% on FT/TF to 84% on TT combina-
tions. Surprisingly, other models exhibit different
performances on FT and TF combinations, with
Mistral being the most extreme with correctness of
32% on FT and 68% on TF combinations.

In Table 5, we illustrate the evaluation on an easy
instance within the dataset. Note that on claim-
level we are interested in identifying claim pres-
ence (if true) and absence (if false), hence as long
as the false claim is absent it does not matter what
it was substituted with (see that both “Birmingham”
and “London” for Led Zeppelin are considered as
correct). This follows from our focus on factual
hallucination detection and not fact correction.

As shown in Table 6, the changes the models
occasionally make can render the evaluation more
complicated. We provide more details on chal-
lenges and limitations related to evalution in Ap-
pendix F.

Source Lucifer-M sentence Score

Input
(FF)

The Beatles were formed in London while
Led Zeppelin was formed in Alaska.

-

Osi The Beatles were formed in Liverpool while
Led Zeppelin was formed in Birmingham. 2

DSQ
The Beatles were formed in London while
Led Zeppelin was formed in the United
States.

1

DSL The Beatles were formed in London while
Led Zeppelin was formed in London. 1

Min The Beatles were formed in Liverpool while
Led Zeppelin was formed in London. 2

Mis The Beatles were formed in Liverpool while
Led Zeppelin was formed in London. 2

Table 5: Evaluation illustration on an easy instance.
Notation: Osi: Osiris; DSQ: DeepSeek-Qwen; DSL:
DeepSeek-Llama; Min: Ministral; Mis: Mistral.

Source Lucifer-M sentence

Input (FT) Vincent van Gogh is from Slovenia, which
is bordered by the Adriatic Sea.

DSL Vincent van Gogh was a Dutch artist, which
is bordered by the Adriatic Sea.

All others Vincent van Gogh is from the Netherlands,
which is bordered by the North Sea.

Ideal answer Vincent van Gogh is not from Slovenia,
which is bordered by the Adriatic Sea.

Table 6: Evaluation illustration on a difficult instance.
Notation: Osi: Osiris; DSQ: DeepSeek-Qwen; DSL:
DeepSeek-Llama; Min: Ministral; Mis: Mistral.

8 Conclusion

In this paper, we addressed the challenge of using
Open-source Small Language Models (OSLMs) for
hallucinations detection, with a specific focus on
the precise hallucination spans. To facilitate this,
we constructed a novel dataset composed of both
true and false claims. We then evaluated the ability
of five OSLMs, using four different prompts, to
detect hallucinations in generated sentences. Ad-
ditionally, we explored merging methods by ag-
gregating predictions through a voting mechanism.
The results proved promising, demonstrating that
OSLMs are reasonably effective at detecting hal-
lucinations. A complementary qualitative analysis
confirmed the relative robustness of these models
in identifying erroneous content. However, further
investigation is needed for more sophisticated and
linguistically complex examples. Additionally, our
findings highlight a critical aspect: the correction
suggestions proposed by the models are not con-
sistently reliable and should be interpreted with
caution.
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Limitations

The evaluation method we adopted is primar-
ily based on sequence comparison and assumes
that an LM is fully capable of following its
prompt—modifying a claim if and only if it consid-
ers the claim to be a hallucination. However, this
assumption does not always hold in practice, which
introduces some noise into the evaluation results
(see Appendix F for more details).

Moreover, our analysis focuses on a single type
of hallucination. While our prompts were designed
to be broadly applicable, a more comprehensive
study would be needed to assess the model’s ability
to detect all forms of hallucination.
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A Models used and abbreviations

A list of all the LMs used and the respective abbre-
viations we have used to designate them is available
in Table 7.

B Datasets

Dataset Combination
(TT/TF/FT/FF)

Number of
instances

Lucifer-A
TF 500
FT 500

Lucifer-M

TT 25
TF 25
FT 25
FF 25

Table 8: Number of instances per combination (TT/T-
F/FT/FF) in two datasets.

C Lucifer-A Dataset Construction: Initial
Attempts and Capitalization Efforts

Our first approach used gpt-4o-mini to merge two
randomly selected claims into a fluent sentence (see
Appendix H, Prompts 1.1, 1.2, 1.3, 1.4 and 2.1, 2.2).
However, the model often modified the original
claims during the merging process, which under-
mined our ability to control for factuality—making
the output unusable.

(1) Claim 1: Farrah Fawcett acted in Saturn 3.
Claim 2: Princess Agents is based on work
by 7 golden-age science fiction authors.
Sentence generated: Farrah Fawcett,
known for her role in Saturn 3, has often
been discussed alongside various adapta-
tions, including Princess Agents, which is
said to draw inspiration from the works of
seven golden-age science fiction authors.

Next, we provided the model with 10 true and 10
false claims and asked it to select two compati-
ble claims to merge smoothly (see Appendix H,
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LM Abbreviation

Qwen2.5-Osiris-7B-Instruct Osiris
DeepSeek-R1-Distill-Qwen-1.5B DeepSeek-Qwen1.5
DeepSeek-R1-Distill-Qwen-7B DeepSeek-Qwen
DeepSeek-R1-Distill-Llama-8B DeepSeek-Llama
Ministral-8B-Instruct-2410 Ministral
Mistral-7B-Instruct-v0.3 Mistral

Table 7: List of used models and their corresponding abbreviations.

Prompt 3). Unfortunately, the model often pro-
duced sentences that simply juxtaposed the claims
using generic connectors like “even though”, re-
sulting in minimal semantic integration and limited
hallucination effect.

(2) Kim Kardashian was one of 2015’s 100
most influential people, despite England
not being first inhabited by modern humans
during the Upper Palaeolithic period.

To ensure grammatical correctness, particularly
regarding capitalization, we query the model with
the first letter of the second claim, asking: “Should
the first letter remain capitalized even if it’s not at
the beginning of the sentence?” (see Appendix H,
Prompt 3). If the response is anything other than a
clear “yes” or “no”, the pair is discarded. The final
sentence is constructed by applying the appropriate
capitalization and joining the claims.

D Lucifer-M Dataset: Construction

As mentioned, creation of the Lucifer-M dataset
involved: first, the selection of claim pairs and sec-
ond, putting them together in a coherent, syntacti-
cally and semantically meaningful sentences. Two
human annotators were involved in this process.
First, both annotators agreed on the guideline for
dataset creation (see Lucifer-M construction guide-
lines below). Next, one annotator was in charge of
creating the dataset according to the agreed guide-
lines. The other annotator then independently per-
formed verification of created instances. During
this inspection some instances were found to be po-
tentially challenging for an LLM (see some exam-
ples in Table 9). However, the annotators agreed to
keep them in the final dataset for two reasons. First,
these instances represent what could be considered
as a perfectly natural human-generated sentences.
Additionally, they underpin the motivation behind
the manual dataset generation, that is, to have more

natural (and more complex) hallucinations, instead
of just a phrase with two isolated claims artificially
connected. In this sense, even though of a limited
size, Lucifer-M contains valuable cases for testing
hallucinations.

Lucifer-M construction guidelines

• Each instance should be based on two claims from
the FEVER 2018 dataset

• Either claim can be true or false: all combinations
should be taken into account, including having
both true claims, given that this is typically missing
in hallucination datasets.

• "While" can be used as a claim connector, however,
in a very limited number of cases, given that it is
already heavily exploited in Lucifer-A.

• Instead, claims should ideally be selected on the
basis of a common point (e.g. the same subject,
the same topic) which can be exploited to make
non-trivial and more natural hallucinations, involv-
ing subtle distortions rather than isolated false
claim(s).

Lucifer-M annotation guidelines

• Each instance should be annotated at the claim
level, hence the output on the instance level is one
of 00, 01, 10, 11.

• On a claim level, 0 is assigned if claim is not treated
correctly by a model, while 1 is assigned if the
model correctly processed the claim.

• To determine if the claim is processed correctly,
first verify the initial correctness of the claim (re-
member that each claim can be either true or false).
An ideal system must leave a true claim unaltered
while correctly annotating a false one.

E Lucifer-M Dataset: Annotation

Three annotators independently performed claim
level annotations (hence, assigning one of 00, 01,
10, 11 per phrase) on the half of Lucifer-M dataset.
The Fleiss’s kappa score showed substantial inter-
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Example Lucifer-M phrase (correctness) Original Claims from FEVER 2018

1
Paradise was given in 2012, two years
before Selena Gomez starred in Spring
Breakers. (TF)

Claim 1 (T): Paradise was given in 2012.
Claim 2 (T): Selena Gomez starred in the
2013 film Spring Breakers.

2

The same man who founded the most
populous city in Trinidad and Tobago
also surrendered the island of Trinidad
in 1789. (TF)

Claim 1 (T): The most populous city in
Trinidad and Tobago was founded by José
María Chacón.
Claim 2 (F): José María Chacón surren-
dered the island of Trinidad in 1789.

3
Halle Berry does not have a child with
Olivier Martinez but with Gabriel Aubry.
(FT)

Claim 1 (T): Halle Berry has a child by
Olivier Martinez and one with Gabriel
Aubry.
Claim 2 (T): Gabriel Aubry and Halle
Berry have a child.

4
Most Albanians are Buddhist and the
remaining minor are Sunni Muslim.
(FF)

Claim 1 (F): Most Albanians are Buddhist.
Claim 2 (T): Most Albanians are Sunni
Muslim.

5
Since leukemia has to do with a lack of
normal blood cells, Marshall McLuhan
predicted his own death. (TF)

Claim 1 (T): Leukemia involves a lack of
normal blood cells.
Claim 2 (F): Marshall McLuhan predicted
his own death.

Table 9: Examples of challenging phrases in Lucifer-M (as evaluated by one of the annotators). Note that with
example 1, model needs to understand the difference between years, while with example 4 it needs to understand
the problem with “minor” given that Sunni Muslim are majority in Albania.

annotator agreement per DeepSeek-Llama (0.63),
DeepSeek-Qwen (0.65) and Ministral (0.63), while
for Mistral (0.26) and Osiris (0.27) it was rather
fair.

F Evaluation: Challenges and
Limitations

We identify two categories of limitations in our
evaluation methodology: those inherent to the eval-
uation protocol and those arising from model be-
havior (see Tables 10, 11 and 12).

Evaluation-based limitations The first limita-
tion refers to the fact that evaluation protocols
for Lucifer-A and Lucifer-M are not exactly the
same, mostly due to the fact that the claims in the
Lucifer-M instances are often intertwined and as
such, formulated differently from original FEVER
2018 claims. Therefore, unlike Lucifer-M, where
semantic equivalence is considered for assessing
absence/presence of a claim, the current claim-
level validation for Lucifer-A relies on exact string
matching and does not account for semantic equiv-
alence. This can lead to two failure modes: (i) cor-
rectly handled claims may be marked as incorrect

when they are semantically rephrased (see example
in Table 11), and (ii) incorrectly handled claims
may be marked as correct. Critically, when the
model rephrases a claim, our evaluation treats it
as absent, assigning a claim-level score of 0. An
ideal evaluation system would recognize semantic
preservation across paraphrases and assign a score
of 1 accordingly.

Model-based limitations Several distinct failure
modes emerge: (i) the model violates the prompt
specification by providing extended reasoning in-
stead of concise output (see Table 12, Example 1
for Osiris and DeepSeek-Llama, with Osiris even
providing contradictory output), (ii) the model rec-
ognizes factual errors but performs incorrect cor-
rections—for instance, attributing the middle name
“Victor” to David Beckham when the correct name
is Robert Joseph (see Table 12, Example 2, but also
Example 4), and (iii) the model produces partially
correct outputs that fail at downstream computa-
tions –for example, correctly identifying 2013 as
the film’s release year but subsequently miscalcu-
lating the year difference (see Table 12, Example 3).
The last case highlights a critical gap: our claim-
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level metric marks the response as correct despite
containing factual errors.

Phase Status Abbr.

Detection

OK D0
Not adhering to prompt D1

Failing to detect hallucination D2
Wrong correction D3

Providing contradictory
outputs

D4

Evaluation
OK E0

Not OK E1

Table 10: Error types observed in detection (model
behavior) and evaluation (evaluation protocol) and their
corresponding abbreviations.

G Experimental Setup and
Computational Resources

All experiments were conducted on a server
equipped with an NVIDIA L40S GPU. We eval-
uated six Open-source language models (detailed
in Section A) using the LangChain framework in
their default configuration. Each model was exe-
cuted sequentially, and no additional fine-tuning or
optimization was applied.
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Source Sentence Score Correct
score

Comment

Input
(TF)

Ethiopia is in the peninsula the Horn of Africa while Gong Yoo is
not an actor.

- - -

DSQ Ethiopia is in the peninsula known as the Horn of Africa, while
Gong Yoo is not an actor.

0 (0+0) 1 (1+0) E1, D1 (see
boldface)

Table 11: An illustration of a noted evalution problem on the Lucifer-A dataset. Notation: Osi: Qwen2.5-Osiris-7B-
Instruct; DSQ: DeepSeek-Qwen; DSL: DeepSeek-Llama; Min: Ministral; Mis: Mistral.

ID Source Sentence Score Correct
score

Comment

1

Input
(TT)

Franklin and Eleanor Roosevelt have six children together, while
Paul McCartney has one less.

- - -

Osi Franklin and Eleanor Roosevelt have six children together, while
Paul McCartney has two less. Original sequence : [...] Corrected se-
quence: Franklin and Eleanor Roosevelt have six children together,
while Paul McCartney has one fewer. [...] Original sequence : [...]
Corrected sequence: Franklin and Eleanor Roosevelt have six chil-
dren together, while Paul McCartney has one less child.

2 (1+1) 2 (1+1) E0, D1, D4

DSQ Franklin and Eleanor Roosevelt have six children together, while
Paul McCartney has one less.

2 (1+1) 2 (1+1) OK

DSL [...] Franklin and Eleanor Roosevelt did not have six children. They
had four children: Franklin D. Roosevelt Jr., Eleanor Roosevelt,
Franklin D. Roosevelt Jr. (the fourth), and Elliott Roosevelt. Paul
McCartney has three children: Mary, James, and Theo. The original
sentence incorrectly states the number of children both families
have. [...]

0 (0+0) 0 (0+0) E0, D1

Min Franklin and Eleanor Roosevelt have six children together, while
Paul McCartney has one less.

2 (1+1) 2 (1+1) OK

Mis Franklin and Eleanor Roosevelt had six children together, while
Paul McCartney has five.

2 (1+1) 2 (1+1) E0

2

Input
(FF)

Not only is David Beckham from America, but he also doesn’t have
any middle names.

- - -

Osi David Beckham is from England, and he has middle names. 2 (1+1) 2 (1+1) OK
DSQ Not only is David Beckham from America, but he also doesn’t have

any middle names.
0 (0+0) 0 (0+0) E0, D2

DSL Not only is David Beckham from America, but he also doesn’t have
any middle names.

0 (0+0) 0 (0+0) E0, D2

Min Not only is David Beckham from England, but he also doesn’t have
any middle names.

1 (1+0) 1 (1+0) E0, D2

Mis David Beckham is not from America, and he does have a middle
name (

::::::::
Victor).

2 (1+1) 1 (1+0) E1, D3 (see
underlined)

3

Input
(TF)

Paradise was given in 2012, two years before Selena Gomez starred
in Spring Breakers.

- - -

Mis Paradise was given in 2012,
:::::::
three years before Selena Gomez starred

in Spring Breakers (2013).
2 (1+1) 1 (1+0) E1, D3 (see

underlined)
all
other

Paradise was given in 2012, two years before Selena Gomez starred
in Spring Breakers.

1 (1+0) 1 (1+0) E0, D2

4

Input
(FT)

Neymar’s full name is Neymar Lebron James while Jobs’ is Steve
Paul Jobs.

- - -

Osi Neymar’s full name is Neymar da Silva Santos Júnior while Jobs’
is Steve Jobs.

2 (1+1) 2 (1+1) E0, D1

DSQ Neymar’s full name is
:::::::::::::::::::::::::::::::::::::

Jairzinho de Freitas Neves, while Jobs’ full
name is Steve Paul Jobs.

2 (1+1) 1 (0+1) E1, D1, D3 (see
underlined)

DSL Neymar’s full name is Neymar Lebron James while Jobs’ is Steve
Paul Jobs.

1 (0+1) 1 (0+1) E0, D2

Min Neymar’s full name is Neymar da Silva Santos Júnior while Jobs’
is Steve Paul Jobs.

2 (1+1) 2 (1+1) OK

Mis Neymar’s full name is Neymar da Silva Santos Júnior, while Jobs’
full name is Steve Paul Jobs.

2 (1+1) 2 (1+1) E0, D1 (see
boldface)

Table 12: An illustration of noted errors and challenges on the Lucifer-M dataset. Notation: Osi: Qwen2.5-Osiris-
7B-Instruct; DSQ: DeepSeek-Qwen; DSL: DeepSeek-Llama; Min: Ministral; Mis: Mistral.
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H Prompts

Prompt 1.1 :
Combine the following two claims into a single well-formed sentence, using different kinds of connectors:

1. {claim1}

2. {claim2}

Prompt 1.2 :
Write a sentence that smoothly integrates the following two facts in a natural and engaging way:

- {claim1}

- {claim2}

The sentence should flow naturally as if it were part of a larger narrative.

Prompt 1.3 :
Imagine you are writing an article that mentions both of these facts in a single sentence:

- {claim1}

- {claim2}

Construct a sentence that logically and naturally connects these two pieces of information.

Prompt 1.4 :
Create a single coherent sentence that naturally includes both of these facts:

- {claim1}

- {claim2}

Prompt 2.1 :
System message :
You are an advanced language model tasked with combining two given claims into a single, well-formed sentence. One of these claims is true, and
the other is false. However, you are NOT to indicate which one is which.
Your goal is to seamlessly integrate both claims into a single coherent sentence while ensuring that: - The true claim remains true. - The false
claim remains false. - The sentence is grammatically correct and sounds natural. - You do NOT explicitly state or imply which claim is true or
false. - Keep the claim exactly as it is.
Be creative in how you structure the sentence, e.g vary the kind of connectors, but keep the truth value of either claim.
User message :
Here are two claims:

- {claim1}

- {claim2}

Please generate a single sentence that naturally includes both claims without altering them.

Prompt 2.2
System message:
You are an advanced AI language model specializing in generating logically coherent and well-formed sentences.
Your task is to take two claims—one true and one false—and seamlessly integrate them into a single grammatically correct and natural-sounding
sentence. However, you must ensure that:
- The true claim remains completely accurate. - The false claim is included in a way that does not alter its incorrectness. - You do NOT
explicitly state or imply which claim is true or false. - The resulting sentence should sound natural and meaningful in everyday communication.
Be creative, but always ensure that the sentence does not introduce misleading or unintended meanings. Avoid artificial or forced phrasing.
User message :
Combine the following two claims into a single well-structured sentence, ensuring that their original veracity remains unchanged:

- {claim1}

- {claim2}

The sentence should be fluid and coherent while maintaining the truthfulness of each claim as they were given.
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Prompt 3: Automatic claims matching and merging
You are given two lists: one contains 10 true claims, and the other contains 10 false claims. Your task is to:
Select one true claim and one false claim from the lists.
Combine them into a single, smooth, grammatically correct sentence.
Do not alter the factual content of the selected claims—the true claim must remain true, and the false claim must remain false.
Your goal is to create the most natural-sounding sentence possible, despite the factual contradiction.
You may slightly adjust wording for grammar and flow, but not to change the truthfulness of the individual claims.
If no combination of a true and a false claim results in a sentence that sounds natural or smooth, respond with "No matched sentences".
Example input: True claims: [’John Cena won the UPW Heavyweight Championship in 2000 a year after starting his career.’, ’Saamy is a 2003 film
from India.’, "That’s So Raven debuted on January 17, 2003.", ’Lebanon is a country that experienced a period of violence.’, ’Jessica Chastain
is vocal about social issues.’, ’Tommy Lee Jones was an actor in The Fugitive.’, ’Hubert Humphrey was the DFL candidate for mayor of a county
seat.’, ’The character of Adam Stefan Sapieha features in Pope John Paul II.’, "Instagram is a service that allows users to share pictures and
it’s very popular.", ’Jerry Lewis is a performer.’] False claims: [’Watchmen premiered in 1990.’, ’Luxo Jr. is a 1984 film.’, ’Ketogenic diet is
incapable of containing carbohydrates.’, ’Jerome is unrecognized by the Roman Catholic Church.’, ’Alien: Covenant is a TV show.’, ’The United
Kingdom is an industrialized coffee.’, ’India is officially a Catholic country.’, ’FC Barcelona was formed before 1899.’, ’Break on Me is only
a short story.’, ’Richard Curtis has only ever created American companies.’]
Example output: Saamy is a 2003 film from India, which is by its constitution a Catholic country.

Your input: True claims:: {true_claims} False claims: {false_claims}

Prompt 4: Claims merging based on topic matching
You are given two lists of claims. Each claim is a short statement. Your task is to find at most one pair of claims—one from List A and one from
List B—that share the most similar topic. If no claims from the two lists are topically similar, respond with "no matches".
Rules:
You may output only one pair of claims at most.
The pair should have clearly similar topics.
If no suitable pair exists, respond only with: no matches.
Format your response as:
<1>first_claim</1> <2>first_claim</2>
If there are no match simply write no_matches.
Example : List 1: [’John Cena won the UPW Heavyweight Championship in 2000 a year after starting his career.’, ’Saamy is a 2003 film from India.’,
"That’s So Raven debuted on January 17, 2003.", ’Lebanon is a country that experienced a period of violence.’, ’Jessica Chastain is vocal about
social issues.’, ’Tommy Lee Jones was an actor in The Fugitive.’, ’Hubert Humphrey was the DFL candidate for mayor of a county seat.’, ’The
character of Adam Stefan Sapieha features in Pope John Paul II.’, "Instagram is a service that allows users to share pictures and it’s very
popular.", ’Jerry Lewis is a performer.’]
List 2: [’Watchmen premiered in 1990.’, ’Luxo Jr. is a 1984 film.’, ’Ketogenic diet is incapable of containing carbohydrates.’, ’Jerome is
unrecognized by the Roman Catholic Church.’, ’Alien: Covenant is a TV show.’, ’The United Kingdom is an industrialized coffee.’, ’India is
officially a Catholic country.’, ’FC Barcelona was formed before 1899.’, ’Break on Me is only a short story.’, ’Richard Curtis has only ever
created American companies.’]
Answer : <1>Saamy is a 2003 film from India.</1> <2>India is officially a Catholic country.</2>

Your input: List 1: {true_claims} List 2: {false_claims}

Answer :

Prompt 5: Connecting claims with “while”
You will be given two claims. Your task is to combine them into a single, complete sentence using the word "while" between them. The first claim
must appear first in the sentence. Insert the word "while" between the two claims. Capitalize only the first word of the sentence and any proper
nouns. The first word of the second claim should not be capitalized unless it is a proper noun. Apply standard English punctuation and grammar
rules.
Example input: Claim 1: The sun was setting. Claim 2: Birds were flying south. Example output: The sun was setting while birds were flying
south.

Your input: Claim 1: {claim1} Claim 2: {claim2}

<think>

Prompt 6: Claim 2 capitalization
You will be given a claim. Determine if the first word of the claim is a named entity (such as a person, organization, place, brand, etc.) that
should always retain its capitalized first letter, even when it’s not the first word in a sentence.
Answer with only "yes" or "no".

Claim: {claim}

Answer:
<think>
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Prompt 7: Topic Matching
You are given two lists of claims. Each claim is a short statement. Your task is to find at most one pair of claims—one from List A and one from
List B—that share the most similar topic. If no claims from the two lists are topically similar, respond with "no matches".
Rules:
You may output only one pair of claims at most.
The pair should have clearly similar topics.
If no suitable pair exists, respond only with: no matches.
Format your response as:
<1>first_claim</1> <2>first_claim</2>
If there are no match or simply write no_matches.
Example : List 1: [’John Cena won the UPW Heavyweight Championship in 2000 a year after starting his career.’, ’Saamy is a 2003 film from India.’,
"That’s So Raven debuted on January 17, 2003.", ’Lebanon is a country that experienced a period of violence.’, ’Jessica Chastain is vocal about
social issues.’, ’Tommy Lee Jones was an actor in The Fugitive.’, ’Hubert Humphrey was the DFL candidate for mayor of a county seat.’, ’The
character of Adam Stefan Sapieha features in Pope John Paul II.’, "Instagram is a service that allows users to share pictures and it’s very
popular.", ’Jerry Lewis is a performer.’]
List 2: [’Watchmen premiered in 1990.’, ’Luxo Jr. is a 1984 film.’, ’Ketogenic diet is incapable of containing carbohydrates.’, ’Jerome is
unrecognized by the Roman Catholic Church.’, ’Alien: Covenant is a TV show.’, ’The United Kingdom is an industrialized coffee.’, ’India is
officially a Catholic country.’, ’FC Barcelona was formed before 1899.’, ’Break on Me is only a short story.’, ’Richard Curtis has only ever
created American companies.’]
Answer : <1>Saamy is a 2003 film from India.</1> <2>India is officially a Catholic country.</2>

Your input: List 1: {true_claims} List 2: {false_claims}

Answer :

Prompt 8: Finding false information
Your task is to identify and mark factually false or incorrect information in the following sequences. You will correct word by word the
information in the answer, and rewrite the complete sentence by correcting the sentence. You will not provide any additional comments. If you
see a sentence without errors, simply return the original sentence. In any case the sentence must be as identical as possible to the original;
in particular, the sentence structure should be the same. Make sure you only change the minimum. Please note that your reply must include only
the corrected sentence and no comments, and not the original sentence. Make sure to end your answer with the corrected sentence. For structured
extraction use the following format/tags for the response: «<START»>[final_response_with_hallucinations_marked]«<END»>.
Example 1:
Original sequence : Alberto Fouillioux was a mexican basketball player and later a sports illustrator, best known for his time as a midfielder and
forward for Universidad Católica and the Irish national team «<START»>Alberto Fouillioux was a Chilean footballer and later a sports commentator,
best known for his time as a midfielder and forward for Universidad Católica and the Chilean national team«<END»>
Example 2:
Original sequence : Thorgan James Hazard (born 29 March 1983) is a Belgian professional footballer who plays as a defending midfielder and
winger for French League club Anderlecht and the Russia national team. «<START»>Thorgan Ganael Francis Hazard (born 29 March 1993) is a
Belgian professional footballer who plays as an attacking midfielder and winger for Belgian Pro League club Anderlecht and the Belgium national
team.«<END»>
Example 3:
Original sequence : Alamogordo is the County seat of Alamogordo County, New Mexico, United States. A city in the Tularosa Basin of the Sahara
Desert, it is bordered on the east by the Sacramento Mountains and to the west by Holloman Navy Base. The population was 304 as of the
2020 census. Alamogordo is widely known for its connection with the 1945 Trinity test, which was the first ever explosion of an atomic bomb.
«<START»>Alamogordo is the County seat of Otero County, New Mexico, United States. A city in the Tularosa Basin of the Chihuahuan Desert, it is
bordered on the east by the Sacramento Mountains and to the west by Holloman Air Force Base. The population was 31,384 as of the 2020 census.
Alamogordo is widely known for its connection with the 1945 Trinity test, which was the first ever explosion of an atomic bomb.«<END»>
———
Sequence to correct:

Original sequence : {input_a}

Prompt 9: v1
You are tasked with identifying and marking hallucinations in the following large language model (LLM) answers. A hallucination in this
context refers to an answer that provides incorrect or fabricated information. Your goal is to review each LLM generated text (provided in
<LLM_TEXT>[llm_text]</LLM_TEXT>) and highlight any incorrect or unsupported parts of the response using **<h>** tags. If the text is factually
correct, return it without any highlighting.
For each example, provide only the response sentence (R) with the highlighted hallucinations if present. Do not provide explanations or commentary.
For structured extraction use the following format/tags for the response: «<START»>[final_response_with_hallucinations_marked]«<END»>
Important: Ensure that the text remains exactly the same length as the original text, don’t change any amount of whitespace or newline characters.
You should only add tags and not delete any characters.
—
Example 1: <LLM_TEXT>No, Windows Neptune was not released. It was an internal project by Microsoft that aimed to merge the user interfaces
of Windows XP and Windows Tablet PC Edition into a single operating system. The project was later merged with another project called Windows
Longhorn, which eventually became Windows Vista. However, neither Neptune nor Longhorn were released as standalone products; instead, their
features were incorporated into Windows Vista, which was released in January 2007.</LLM_TEXT> «<START»>No, Windows Neptune was not released.
It was an internal project by Microsoft that aimed to <h>merge the user interfaces of Windows XP and Windows Tablet PC Edition into a single
operating system</h>. The project was later merged with another project called <h>Windows Longhorn</h>, which eventually became <h>Windows
Vista</h>. However, neither Neptune nor <h>Longhorn</h> were released as standalone products; instead, their features were incorporated into
Windows <h>Vista</h>, which was released in <h>January 2007</h>.«<END»>
Example 2: <LLM_TEXT>Dave played the role of Zack in the first season of Scary Movie 5.</LLM_TEXT> «<START»>Dave played the role of <h>Zack</h>
in the <h>first season</h> of <h>Scary Movie 5</h>.«<END»>
New Question: <LLM_TEXT>input_a</LLM_TEXT>

{input_a}
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Prompt 10: v2
You are tasked with identifying and marking hallucinations in the following large language model (LLM) answers. A hallucination in this
context refers to an answer that provides incorrect or fabricated information. Your goal is to review each LLM generated text (provided in
<LLM_TEXT>[llm_text]</LLM_TEXT>) and highlight any incorrect or unsupported parts of the response using **<h>** tags. If the LLM answer contains
no hallucinations, return it without any highlighting.
In short: - Carefully read the answer text. - Highlight each span of text in the answer text that is an overgeneration or hallucination (factual
distortion, excessive and unsupported output, typographic hallucination, nonexistent entities, contradictory statements) - Your annotations
should include only the minimum number of characters in the text that should be edited/deleted to provide a correct answer (in the case of
Chinese, these will be “character components”). - You are encouraged to annotate conservatively and focus on content words rather than function
words. This is not a strict guideline, and you should rely on your best judgments. - Ensure that you double-check your annotations. - Important:
Ensure that the text remains exactly the same length as the original text, don’t change any amount of whitespace or newline characters. You
should only add tags and not delete any characters.
To ensure accuracy, follow and write down ALWAYS these reasoning steps first and than provide the final response with hallucinations marked:
1. LLM Answer Break Down: Identify distinct factual claims or statements in the response. 2. Claim Verification: - Cross-check with reliable
knowledge sources. - Determine if the claim is logically consistent with known facts. - If a claim is unverifiable or fabricated, it is
a hallucination. 3. Identify Other Hallucinations and Overgenerations: - Check for typographic errors - Identify contradictions. - Look
for unsupported or excessive information. 4. Final Response: - Output only the final response for structured extraction in the format:
«<START»>[final_response_with_hallucinations_marked]«<END»> - Mark Hallucinations: Surround incorrect or unsupported parts with **<h>** tags. -
Do not provide explanations or extra formatting. - If no hallucinations are found, return the LLM answer as is inside the «<START»> and «<END»>
tags.
— Example of Question, LLM Answer and Final Response with Hallucinations Marked (but without the reasoning steps):
<LLM_TEXT>The municipality of Delley-Portalban was created on January 1, 2004. It was formed through the merger of two neighboring communes,
Delley and Portalban, as part of a wave of municipal consolidations in Switzerland.</LLM_TEXT> Response: 1. LLM Answer Break Down: [Here, you
would identify distinct factual claims or statements in the response.] 2. Claim Verification: [Here, you would cross-check each claim with
reliable knowledge sources and determine if they are logically consistent with known facts.] 3. Identify Other Hallucinations and Overgenerations:
[Here, you would check for typographic errors, contradictions, and unsupported or excessive information.] 4. Final Response: «<START»>The
municipality of Delley-Portalban was created on January 1, <h>2004</h>. It was formed through the merger of two neighboring communes, Delley
and Portalban, as <h>part of a wave of municipal consolidations in Switzerland</h>.«<END»>
— Remember, first provide the reasoning steps and then the final response with hallucinations marked.
<LLM_TEXT>input_a</LLM_TEXT>
Response: 1. LLM Answer Break Down:

{input_a}

Prompt 11: v3
You are tasked with identifying and marking hallucinations in the following large language model (LLM) answers. A hallucination in this
context refers to an answer that provides incorrect or fabricated information. Your goal is to review each LLM answer (provided in
<LLM_Answer>[llm_answer]</LLM_Answer>) highlight any incorrect or unsupported parts of the response using **<h>** tags. If the answer is
factually correct, return it without any highlighting.
For each example, provide only the response sentence (R) with the highlighted hallucinations if present. Do not provide explanations or commentary.
For structured extraction use the following format/tags for the response: «<START»>[final_response_with_hallucinations_marked]«<END»>
Important: Ensure that the text remains exactly the same length as the original text, don’t change any amount of whitespace or newline
characters. You should only add tags and not delete any characters. To this end a token list is provided for the LLM answer (provided in
<LLM_Answer_in_tokens>[LLM_Answer_in_token_list]</LLM_Answer_in_tokens>).
Note: You should be extremely critical in identifying hallucinations in the LLM answers. This means any character span that has the slightest
chance of being incorrect should be marked as a hallucination.
—
Example 1: <LLM_TEXT>No, Windows Neptune was not released. It was an internal project by Microsoft that aimed to merge the user interfaces
of Windows XP and Windows Tablet PC Edition into a single operating system. The project was later merged with another project called Windows
Longhorn, which eventually became Windows Vista. However, neither Neptune nor Longhorn were released as standalone products; instead, their
features were incorporated into Windows Vista, which was released in January 2007.</LLM_TEXT> «<START»>No, Windows Neptune was not released.
It was an internal project by Microsoft that aimed to <h>merge the user interfaces of Windows XP and Windows Tablet PC Edition into a single
operating system</h>. The project was later merged with another project called <h>Windows Longhorn</h>, which eventually became <h>Windows
Vista</h>. However, neither Neptune nor <h>Longhorn</h> were released as standalone products; instead, their features were incorporated into
Windows <h>Vista</h>, which was released in <h>January 2007</h>.«<END»>
Example 2: <LLM_TEXT>Dave played the role of Zack in the first season of Scary Movie 5.</LLM_TEXT> «<START»>Dave played the role of <h>Zack</h>
in the <h>first season</h> of <h>Scary Movie 5</h>.«<END»>
New Example: <LLM_TEXT>input_a</LLM_TEXT>

{input_a}
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