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Abstract

Large Language Models (LLMs) frequently
generate hallucinated content, posing signif-
icant challenges for applications where fac-
tuality is crucial. While existing hallucina-
tion detection methods typically operate at the
sentence level or passage level, we propose
FactSelfCheck, a novel zero-resource black-
box sampling-based method that enables fine-
grained fact-level detection. Our approach rep-
resents long-form text as interpretable knowl-
edge graphs consisting of facts in the form of
triples, providing clearer insights into content
factuality than traditional approaches. Through
analyzing factual consistency across multiple
LLM responses, we compute fine-grained hal-
lucination scores without requiring external re-
sources or training data. Our evaluation demon-
strates that FactSelfCheck performs compet-
itively with leading sentence-level sampling-
based methods while providing more detailed
and interpretable insights. Most notably, our
fact-level approach significantly improves hal-
lucination correction, achieving a 35.5% in-
crease in factual content compared to the
baseline, while sentence-level SelfCheckGPT
yields only a 10.6% improvement. The granu-
lar nature of our detection enables more precise
identification and correction of hallucinated
content. Additionally, we contribute FavaMulti-
Samples, a novel dataset that addresses a gap in
the field by providing the research community
with a second dataset for evaluating sampling-
based methods.

1 Introduction

Large Language Models (LLMs) have gained sig-
nificant attention from academia and industry re-
cently. However, a major limitation of LLMs is
their tendency to generate hallucinated information
(Farquhar et al., 2024; Huang et al., 2025), pos-
ing significant challenges for applications where
factual correctness is crucial, such as healthcare
(Sallam, 2023). Although numerous methods have

been proposed to reduce hallucinations (Zhang
et al., 2023), it is not possible to eliminate them,
and LLMs will constantly hallucinate (Lee, 2023;
Xu et al., 2024). Therefore, there remains a critical
need for reliable hallucination detection in LLM re-
sponses, particularly for long-form text generation
tasks where complexity and information density in-
crease the risk of factual errors. Effective detection
enables system interventions by either preventing
the transmission of hallucinated content to users or
facilitating its correction (Zhang et al., 2023).

Previous approaches to hallucination detection
have primarily focused on classifying hallucina-
tions at either the passage or sentence level (Huang
et al., 2025). While valuable, these approaches
are limited in their granularity and interpretabil-
ity, as they do not provide detailed information
about specific hallucinated facts or clear insights
into what exactly is wrong. This limitation be-
comes particularly evident in long-form text gen-
eration. To address this limitation, we propose a
novel method for hallucination detection that op-
erates at the fact level, offering finer-grained and
more interpretable analysis. In our approach, we
define a fact as a triple consisting of a head, rela-
tion, and tail – a standard representation in knowl-
edge graphs (e.g., (Robert Smith, member of, The
Cure)) (Hamilton et al., 2017). Our method pro-
vides more precise, actionable, and interpretable
information by computing hallucination scores for
individual facts than traditional passage-level or
sentence-level classification approaches. This struc-
tured representation, through knowledge graphs,
provides enables straightforward interpretation and
verification (Pan et al., 2024).

Our granular approach is motivated by two key
observations. First, a single sentence can contain
multiple facts, with the number of facts varying sig-
nificantly across sentences, contexts, and domains.
This variability makes it challenging to identify
hallucinated aspects of generated output precisely
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Figure 1: The pipeline of FactSelfCheck in two variants. For response p, entities Ep and relations Rp are extracted,
followed by the construction of knowledge graphs KGp, for which hallucination scores Hfact are calculated.
Samples’ entities ES and relations RS are created by merging Ep and Rp with entities and relations from KGp. For
each sample s, the knowledge graph KGs is extracted. FactSelfCheck-KG assesses the consistency between a fact
and all KGs. FactSelfCheck-Text assesses the consistency between a fact and all s directly. To obtain sentence-level
score Hsentence, fact-level scores are aggregated, as indicated by dashed arrows.

when using sentence-level detection. Second, false
information can be dispersed throughout a text, as
a single fact may appear across multiple sentences.
That can mislead the sentence-level detection, as
the factuality of a sentence is dependent on the pre-
vious sentences (Zhang et al., 2024a). Fine-grained
fact-level detection provides a more precise under-
standing of text factuality than a sentence analysis.
It enables better assessment of content reliability
and, as we show later, more effective factuality
correction.

We propose FactSelfCheck, a black-box method
for fact-level hallucination detection, meaning it
does not require access to the model’s internal pa-
rameters. This design choice makes our approach
universally applicable across any LLM, including
closed models, like GPT (OpenAI et al., 2024).
Following a sampling-based detection paradigm,
introduced by Manakul et al. (2023), our method
utilizes multiple response generations and analyzes
the factual consistency of extracted facts across
these samples. This paradigm is based on the phe-
nomenon that factual information remains largely
consistent across different generations, while hal-
lucinated content tends to vary or contradict itself
between samples (Manakul et al., 2023; Wang et al.,
2023). This way, we can effectively identify hallu-
cinated facts without relying on external resources
(zero-resource) or access to the model’s internal
parameters (black-box). Our zero-resource, non-
parametric approach requires no external knowl-
edge bases or training data, making it broadly appli-
cable across domains. The FactSelfCheck pipeline

consists of three main steps: knowledge graph ex-
traction, which extracts sets of facts from the ini-
tial response and samples; fact-level hallucination
scoring; and calculating sentence-level scores by
aggregating fact-level scores.

We evaluated our method using the WikiBio
GPT-3 Hallucination Dataset (Manakul et al., 2023)
and the FavaMultiSamples dataset. WikiBio was
the only existing dataset for evaluating sampling-
based hallucination detection methods. To address
this significant gap, we developed FavaMultiSam-
ples, providing an additional evaluation benchmark.
We performed both sentence-level and fact-level
evaluation, with sentence-level scores aggregated
from fact-level scores. Our approach achieves per-
formance comparable to leading sampling-based
methods at the sentence level while providing more
detailed information about hallucinations. We also
demonstrate effective fact-level hallucination de-
tection and show that our fact-level approach sig-
nificantly improves hallucination correction. Com-
pared to a baseline, providing incorrect facts to
the correction method leads to a 35.5% increase in
factual content, while passing incorrect sentences
leads to an 10.6% increase.

Our key contributions are as follows:

1. The novel zero-resource black-box sampling-
based method for fact-level hallucination de-
tection – FactSelfCheck, designed for long-
form text generation. It enables fine-grained
hallucination detection in LLM responses
without requiring training data or external
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resources, as it is both non-parametric and
zero-resource. We propose two effective ap-
proaches for measuring factual consistency
across multiple samples: FactSelfCheck-KG
using knowledge graph comparisons and
FactSelfCheck-Text using direct text compari-
son.

2. The FavaMultiSamples dataset, a novel
dataset for evaluating sampling-based meth-
ods.

3. Comprehensive evaluation of our method,
which shows competitive performance with
leading sampling-based methods while pro-
viding more detailed insights.

4. Demonstration that fact-level detection sig-
nificantly improves hallucination correction
compared to sentence-level approaches.

Our code is available on GitHub 1. The
FavaMultiSamples dataset is available on Hugging
Face 2. We publish all the code and data, allowing
for the reproduction of the results.

2 Related work

Xu et al. (2024) have proven that hallucinations are
inevitable in LLMs. As LLMs are powerful tools,
many recent studies have been conducted regarding
hallucination mitigation and detection (Zhang et al.,
2023; Huang et al., 2025). The detection methods
can be divided into two groups: white-box and
black-box.

White-box methods analyze LLMs’ internal
states (Farquhar et al., 2024; Azaria and Mitchell,
2023). While these methods are universal across
all LLMs, they often require multiple generations,
similar to sampling-based methods. Notable ap-
proaches include: SAPLMA (Azaria and Mitchell,
2023), which predicts from hidden states whether
generated text is correct or incorrect; INSIDE
(Chen et al., 2024), which evaluates hidden state
consistency across generations; SEPs (Kossen et al.,
2024) that predict entropy directly from model hid-
den states; Lookback Lens (Chuang et al., 2024)
and AttentionScore (Sriramanan et al., 2024) that
uses attention maps to detect hallucinations.

1github.com/graphml-lab-pwr/FactSelfCheck license:
CC BY-SA 4.0

2huggingface.co/datasets/graphml-lab-
pwr/FavaMultiSamples license: CC BY-SA 4.0

Black-box approaches operate without access to
the model’s internal states and aim to detect halluci-
nations based solely on the text generated by LLMs.
Some of these methods use external resources to
collect evidence (Min et al., 2023; Chern et al.,
2023). Others leverage LLMs to detect hallucina-
tions like CoVe (Dhuliawala et al., 2024), which
utilizes the chain-of-thought paradigm for detec-
tion. Another category is sampling-based meth-
ods, such as SelfCheckGPT (Manakul et al., 2023),
which evaluate factuality by generating multiple
responses (stochastic samples) and assessing con-
sistency between the original response and these
samples. The paradigm of utilizing LLM to check
its own responses was widely studied and adopted
in many works (Kadavath et al., 2022; Lin et al.,
2024; Ferraz et al., 2024; Zhang et al., 2024b; Miao
et al., 2023). Many of these approaches employ a
multi-step decomposition strategy to break down
the complex task of hallucination detection into
more manageable subtasks, a methodology we also
adopt in our approach.

The most popular approach is to classify halluci-
nations at sentence-level or passage-level (Huang
et al., 2025). Few methods have been specifically
designed to detect hallucinations at the fact level,
i.e. where facts are defined as triples. GraphE-
val (Sansford et al., 2024) generates a KG from
LLM output and compares it with the context
provided in the LLM input. FactAlign (Rashad
et al., 2024) builds KGs from LLM output and
source text, then compares them after performing
entity alignment, a technique that pairs the same
entity in different KGs. Knowledge-centric detec-
tion (Hu et al., 2024) similarly extracts knowledge
triplets for fine-grained detection. All these meth-
ods require external context as reference, while our
method is designed to work without any external
knowledge sources by leveraging sampling-based
consistency analysis. When evaluating on well-
established sources like Wikipedia, methods with
access to source materials may achieve superior
performance (Manakul et al., 2023). However, our
zero-resource approach offers broader applicability,
as it can be applied to any task without requiring
external knowledge sources.

Most similar to our approach is GCA (Fang et al.,
2024), which constructs KGs from the response and
samples and then compares them by aggregating
multiple scores. However, GCA has significant
methodological concerns – they tuned 6 hyperpa-
rameters directly on the evaluation set (the only
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available split in the WikiBio GPT-3 hallucination
dataset (Manakul et al., 2023)), making it method-
ologically problematic. Due to these concerns, we
cannot provide a fair quantitative comparison with
GCA. In contrast, FactSelfCheck is truly zero-shot
and parameter-free, requiring no parameter tuning.
We achieved that by designing a constrained KG
extraction that works consistently across multiple
generation samples, rather than using freeform ex-
traction like GCA.

3 Method

We propose FactSelfCheck, a black-box sampling-
based method for fact-level hallucination detection,
as illustrated in Figure 1. Our method is specifically
designed for long-form text generation scenarios,
where passages typically contain several sentences
with complex factual information.

3.1 Notation
Let p denote the initial response passage generated
by the LLM to a user query, which we aim to eval-
uate for hallucinations. Let S = {s1, . . . , sN} rep-
resent a set of N stochastic LLM response samples.
The text passage p consists of a set of sentences U .
For each sentence u ∈ U and each sample s ∈ S,
we extract knowledge graphs KGu and KGs, re-
spectively. Each knowledge graph comprises a set
of facts, where a fact f is defined as a triple (h, r, t)
consisting of a head h, relation r, and tail t, e.g.
(Robert Smith, member of, The Cure). We define
KGp =

⋃
u∈U KGu as the knowledge graph con-

sisting of all facts from the passage p.
Our objective is to compute a fact-level halluci-

nation score Hfact for each fact f in KGp. Subse-
quently, to facilitate comparisons with other meth-
ods, we aggregate these scores to obtain a sentence-
level hallucination score Hsentence for each sentence
u.

3.2 FactSelfCheck pipeline
As shown in Figure 1, the pipeline of Fact-
SelfCheck consists of three main steps: (1) Knowl-
edge Graph Extraction that extracts sets of enti-
ties, relations, and finally, knowledge graph from
the initial response p and samples S; (2) Fact-
level Hallucination Scoring, that score facts by
measuring factual consistency between facts in
KGp and, depending on the variant, KGs in
FactSelfCheck-KG or directly s in FactSelfCheck-
Text; (3) Sentence-Level Score calculation by ag-
gregation of the fact-level scores.

3.3 Knowledge Graph Extraction

We adopt an approach that decomposes the knowl-
edge graph extraction task into simpler subtasks,
similarly to Edge et al. (2024). This process in-
volves three primary steps: extracting entities, iden-
tifying relations, and formulating facts, which are
implemented as a sequence of LLM prompts.

For each instance, we extract a list of entities Ep
by passing p to the LLM.

Ep = LLMentities(p) (1)

Next, we provide p and Ep to the LLM to extract
relation types between entities, resulting in Rp.

Rp = LLMrelations(p, Ep) (2)

We then input Ep, Rp, and each sentence u ∈ U
into the LLM to extract the knowledge graph KGu.
We also provide an initial response p to add contex-
tual information. The output is a set of facts:

KGu = LLMsentence_facts(u, p, Ep,Rp) (3)

After extracting KGu for each sentence u ∈ U ,
we compile the sets of entities ES and relations
RS required for extracting knowledge graph KGs

from each sample s 3:

ES = Ep ∪
⋃

u∈U
{h, t | (h, r, t) ∈ KGu} (4)

RS = Rp ∪
⋃

u∈U
{r | (h, r, t) ∈ KGu} (5)

KGs = LLMsample_facts(s, ES ,RS) (6)

Extracting KGs by utilizing ES and RS is more
convenient and robust than extraction without them,
as it eliminates the need for entity alignment and
ensures that the KG is built using the same schema
as KGp.

3Although we could theoretically use Ep and Rp for KGs

extraction, in practice, LLMs are not sufficiently accurate to
extract all entities and relations from the response p when cal-
culating Ep and Rp. This results in KGu containing entities
and relations not present in Ep and Rp, even if the prompt
restricts them. Empirical tests showed that extending ES and
RS by adding entities and relations from all KGu improved
the results.
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3.4 Fact-Level Hallucination Scores
We define two variants for measuring fact-level hal-
lucination scores. The first variant, FactSelfCheck-
KG, assesses the consistency between a fact and
the knowledge graphs extracted from samples. The
second variant, FactSelfCheck-Text, evaluates the
consistency between a fact and the samples directly.

3.4.1 FactSelfCheck-KG
In the FactSelfCheck-KG variant, we introduce two
metrics to assess the reliability of each fact.

Frequency-Based Hallucination Score The
frequency-based fact-level hallucination score is
based on the intuition that the probability of a fact
being hallucinated is inversely proportional to the
fraction of samples containing the same fact.

Hfact(f) = 1− 1

|S|
∑

s∈S
I{f ∈ KGs} (7)

where Hfact(f) is the hallucination score for fact
f , and I{f ∈ KGsn} is an indicator function that
equals 1 if fact f appears in KGsn and 0 other-
wise. The higher the Hfact value, the higher the
plausibility of hallucination.

LLM-Based Hallucination Score To allow se-
mantic matching and reasoning over knowledge
graphs, rather than only exact fact matching, we
introduce the LLM-based fact-level hallucination
score. We instruct the LLM to determine whether
each fact is supported by the knowledge graphs
extracted from the samples. The LLM is expected
to respond with ’yes’ or ’no’. We then average the
valid responses from the LLM to get the final score
as in Equation (8). Any invalid responses are not
included in the averaging.

Hfact(f) =
1

|Vf |
∑

s∈Vf

Ψ(f,KGs) (8)

where Vf represents the set of samples with valid
LLM responses for the fact f , and the function Ψ
is defined as follows:

Ψ(·) =
{
0 if the LLM returns ’yes’
1 if the LLM returns ’no’

(9)

3.4.2 FactSelfCheck-Text
In the FactSelfCheck-Text variant, we check if a
fact is supported by each textual sample directly

without using the knowledge graphs. We prompt
the LLM to evaluate whether a fact f is supported
by the textual sample s. As in the previous variant,
we average the valid LLM responses using the Ψ
function:

Hfact(f) =
1

|Vf |
∑

s∈Vf

Ψ(f, s) (10)

3.5 Sentence-Level Hallucination Score
While detecting hallucinations at the fact level of-
fers fine-grained insights, there are scenarios where
sentence-level detection is necessary, such as for
comparison with existing baselines. To achieve this,
we aggregate fact-level scores to compute sentence-
level scores Hsentence(u). This aggregation bridges
the gap between atomic fact-level judgments and
coarser sentence-level evaluations.

Hsentence(u) = Aggf∈KGu
Hfact(f) (11)

where u represents a single sentence, and U is the
set of sentences of the response p. The aggrega-
tion function Agg defines how the factuality of
individual facts determines the factuality of the sen-
tence. We employ two distinct aggregation strate-
gies: mean and max. The mean function com-
putes the average hallucination score of all facts
within a sentence, providing a smoothed measure
of the overall factual density. This is useful for
assessing general content quality where partial cor-
rectness matters. In contrast, the max function
identifies the most severe hallucination within the
sentence, based on the intuition that even a single
hallucinated fact is sufficient to identify the sen-
tence as hallucinated.

4 Experimental Setup

In this section, we describe the experimental setup,
including the used data, implementation details,
and aspects we investigated. Additionally, we con-
ducted a fact-level evaluation to provide a more
comprehensive analysis. The detailed description
of it is provided in Appendix C.2.

4.1 Evaluation Data
Since the method is designed for detecting hal-
lucinations in long generated passages, finding
appropriate datasets was challenging. We eval-
uated our method on two datasets. The first
one is the WikiBio GPT-3 Hallucination Dataset
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(Manakul et al., 2023) 4 (later referred to as
WikiBio). To the best of our knowledge, this was
the only dataset specifically designed for evaluat-
ing sampling-based hallucination detection meth-
ods, representing a significant research gap. To
address this, we developed FavaMultiSamples, a
novel dataset specifically designed for evaluating
methods that analyze multiple samples, providing
researchers with an additional benchmark for ro-
bust evaluation. We built it upon the FAVA dataset
(Mishra et al., 2024) and the detailed description
of creation is provided in Appendix A. WikiBio
covers generated biographical passages, while
FavaMultiSamples includes diverse knowledge-
intensive queries across various domains. Both
datasets were annotated by humans. The dataset
statistics are provided in Appendix B, and statis-
tics related to KG extraction are detailed in Ap-
pendix C.4. Both datasets contain only test data,
making it methodologically incorrect to tune pa-
rameters, including classification thresholds, on
these datasets.

Sentence-level While the datasets focus on
sentence-level evaluation, our approach provides
more fine-grained insights through fact-level analy-
sis. To ensure a meaningful comparison with Self-
CheckGPT, we evaluated these levels using aggre-
gation approaches (see Section 3.5). For WikiBio,
we followed the protocol established by Manakul
et al. (2023), merging the labels major-inaccurate
and minor-inaccurate into a single hallucination
class.

Fact-level To enable fact-level evaluation, we an-
notated facts from the extracted response knowl-
edge graph (KGp) using the LLM-as-judge ap-
proach (Zheng et al., 2023). For each fact, we
provided the external biography from Wikipedia as
a reference. The LLM-as-judge annotated whether
each fact is supported by the reference. We utilized
GPT-4o for this task, to ensure high quality of the
annotations. As a result, we obtained 5488 binary
annotated facts.

The reliability of this approach is high, and com-
monly used in the literature (Thakur et al., 2025).
The LLM-as-judge approach has been specifically
tested for annotating hallucinations in LLM output
given a knowledge source by Janiak et al. (2025)
and has demonstrated high alignment with human

4huggingface.co/datasets/potsawee/wiki_bio_
gpt3_hallucination (cc-by-sa-3.0 license)

annotations, outperforming other automated evalu-
ation methods such as ROUGE (Lin, 2004).

4.2 Baseline Models

We compared our method against several key base-
lines. The RandomSentence baseline predicts a
random class for each sentence with equal proba-
bility. The RandomFact baseline predicts random
scores for each fact and aggregates them to ob-
tain sentence-level scores. The probability-based
baselines, proposed by Manakul et al. (2023), use
−logp and H to measure likelihood and entropy of
each token respectively and aggregate the scores us-
ing Mean or Max functions to obtain sentence-level
scores.

We include the two best-performing variants of
SelfCheckGPT: Prompt and NLI. We implemented
the Prompt variant using the same LLM employed
in our method, namely Llama-3.1-70B-Instruct,
whereas the original method utilized an unspec-
ified release of GPT-3.5-turbo. For the NLI variant,
we used the same model as was used in the original
paper5. Finally, the AttentionScore leverages atten-
tion maps (Sriramanan et al., 2024), which is, to the
best of our knowledge, the only unsupervised in-
ternal state-based method. Its unsupervised nature
was crucial since the available datasets do not pro-
vide training data. We adapted the AttentionScore
for sentence-level detection by implementing two
variants: (1) Absolute, which analyzes the com-
plete attention map from the input start to the end
of the given sentence, and (2) Relative, which an-
alyzes on the attention map between the start and
end of the given sentence.

The AttentionScore and probability-based base-
lines are white-box methods, requiring access to
the model. Since we cannot access all models used
to generate the datasets, we passed the sequence of
tokens to the proxy LLM to obtain the scores. The
proxy LLM was the same as the one used in our
method.

As discussed in Section 2, fact-level methods
like GraphEval and FactAlign require external
knowledge source as reference, while GCA tuned
hyperparameters on test data. These design dif-
ferences make quantitative comparison with our
zero-resource approach methodologically inappro-
priate.

5huggingface.co/potsawee/
deberta-v3-large-mnli (Apache license 2.0)
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4.3 Implementation Details

We employed the Llama-3.1-70B-Instruct model
(Grattafiori et al., 2024) as the LLM in all steps
of our method and for baselines requiring access
to LLM. We hosted it locally using vLLM (Kwon
et al., 2023) on a server with 2 x Nvidia H100
94GB. For annotation of facts and hallucination
correction, we utilized GPT-4o (OpenAI et al.,
2024), as motivated in Sections 4.1 and 4.6. We set
the LLM’s temperature to 0.0 for all calls, except
during hallucination correction (see Section 4.6),
where we set it to 0.5. The used prompts are avail-
able in the code repository. We implemented the
methods and experiments using LangChain (Chase,
2022), Hugging Face Transformers (Wolf et al.,
2020) and Hugging Face Datasets (Lhoest et al.,
2021). All pipeline steps were defined using DVC
(Kuprieiev et al., 2025) to facilitate reproducibility.

To determine whether a language model’s re-
sponse was ’yes’ or ’no’ in Equation 9, we parsed
the text into individual words and verified the pres-
ence of the words ’yes’ or ’no’. If either word was
detected, the response was excluded from the av-
eraging process in Equations 8 and 10. Moreover,
our pipeline is vulnerable to not detecting facts in
short, uninformative sentences; for these cases, we
set the score to 0.5. The analysis of the number of
such sentences is provided in Appendix C.4.

4.4 Sentence-Level Detection

For a fair comparison, we employed the same evalu-
ation protocol as SelfCheckGPT. We reported area
under the precision-recall curve (AUC-PR). We
ensured consistency in the evaluation protocol by
reviewing their source code 6.

4.5 Fact-Level Detection

We evaluated all variants of FactSelfCheck using
the fact-level score Hfact. For comparison with Self-
CheckGPT we used the best performing variant –
Prompt. As SelfCheckGPT provides only sentence-
level granularity, we derived fact-level scores by
averaging the sentence-level scores across all sen-
tences containing each fact.

4.6 Role of Fact-Level Detection in
Hallucination Correction

One potential application of hallucination detec-
tion methods is their use in correcting hallucinated
responses. In this experiment, we investigate the

6github.com/potsawee/selfcheckgpt

effectiveness of our fact-level detection approach
in enhancing hallucination correction and compare
the results with those obtained using sentence-level
detection and a baseline method. Each of the three
tested approaches uses different input for the LLM:
(1) Baseline: the original prompt and the generated
response. (2) Sentence-level: the original prompt,
the generated response, and a list of hallucinated
sentences. (3) Fact-level: the original prompt, the
generated response, and a list of hallucinated facts.

As only the WikiBio dataset provides reference
in form of the real Wikipedia biography, and the
FavaMultiSamples dataset does not, we conducted
this experiment only on WikiBio. The original
prompt is the one used during the creation of the
dataset: "This is a Wikipedia passage about {con-
cept_name}:". We instructed the LLM to return a
list of sentences, allowing it to correct each sen-
tence or leave it unchanged if no hallucinations
were detected. We obtained the lists of incorrect
sentences/facts using the best variants of models on
this dataset (see Section 5.1) with thresholds that
achieved the highest F1-scores on the dataset (0.3
for FactSelfCheck-Text and 0.75 for SelfCheck-
GPT (Prompt)).

Subsequently, we evaluated the factuality of the
corrected responses using the LLM-as-judge ap-
proach (Zheng et al., 2023). For each corrected
sentence, we provided the external biography from
Wikipedia as a reference. As elaborated in Section
4.1, this approach has been tested for annotating
hallucinations and demonstrates high alignment
with human annotations (Janiak et al., 2025). We in-
structed LLM-as-judge to return ’yes’ if the source
supported the sentence, ’no’ if it was not, or ’re-
fused’ if the LLM declined to correct the sentence
(e.g., due to insufficient knowledge). We then cat-
egorized the responses into three labels: ’factual’,
’non-factual’, ’refused’.

As mentioned in Section 4.3, we utilized
GPT-4o for correction and judging instead of
Llama-3.1-70B-Instruct (used in detection). This
choice was motivated by the challenging nature of
the correction task – the model needs to correct
hallucinations using only its internal knowledge,
without access to external references. While the
model knows hallucinated parts, it must rely on its
knowledge to determine the correct information.

While the method of correction described here is
not our main contribution, we used it to study the
potential benefits of fact-level detection. Although
the correction method employed here may not be

5609

github.com/potsawee/selfcheckgpt


the most sophisticated, the key takeaway is the
observed difference in performance.

5 Results

This section presents the results of the experiments
described in Section 4. The additional results are
presented in Appendix C.

5.1 Sentence-Level Detection

Method Agg. AUC-PR

Sentence-level methods
SCGPT (Prompt) - 93.60
SCGPT (NLI) - 92.50
AttentionScore (Relative) - 83.85
Max(H) - 82.56
Mean(−logp) - 79.20
Mean(H) - 79.02
Max(−logp) - 78.41
AttentionScore (Absolute) - 77.95
RandomSentence - 72.96

Fact-level methods (ours)
FSC-Text max 92.45
FSC-KG (LLM-based) max 91.82
FSC-Text mean 91.01
FSC-KG (LLM-based) mean 90.24
FSC-KG (Frequency-based) max 88.48
FSC-KG (Frequency-based) mean 88.25
RandomFact mean 74.22

Table 1: WikiBio: Results on the sentence-level hal-
lucination detection task. Comparison of sentence-
level and fact-level methods based on AUC-PR scores.
SCGPT stands for SelfCheckGPT, FSC represents Fact-
SelfCheck, and Agg denotes the aggregation method
used for calculating sentence-level scores.

Tables 1 and 2 present a comparative analy-
sis of our method against baselines. For Wik-
iBio, FactSelfCheck-Text utilizing max as an ag-
gregation function achieves an AUC-PR score of
92.45. It demonstrates that our approach is com-
parable in performance to the leading SelfCheck-
GPT (SCGPT) variants – Prompt (93.60) and NLI
(92.50). Notably, while our method operates at a
more granular level, it maintains competitive per-
formance with a marginal decrease of 1.2% com-
pared to the best SCGPT. It is important to note that
comparing our method to SelfCheckGPT at the sen-
tence level inherently disadvantages our approach,
as we operate at a more granular level of analysis.

Method Agg. AUC-PR

Sentence-level methods
SCGPT (Prompt) - 46.91
SCGPT (NLI) - 32.58
Max(H) - 28.22
Max(−logp) - 26.20
AttentionScore (Relative) - 24.17
Mean(H) - 23.80
Mean(−logp) - 22.85
AttentionScore (Absolute) - 22.19
RandomSentence - 21.70

Fact-level methods (ours)
FSC-KG (Frequency-based) max 48.52
FSC-Text max 42.80
FSC-KG (LLM-based) max 40.63
FSC-Text mean 37.13
FSC-KG (Frequency-based) mean 36.16
FSC-KG (LLM-based) mean 35.81
RandomFact mean 21.22

Table 2: FavaMultiSamples: Results on the sentence-
level hallucination detection task. Comparison of
sentence-level and fact-level methods based on AUC-PR
scores. SCGPT stands for SelfCheckGPT, FSC repre-
sents FactSelfCheck, and Agg denotes the aggregation
method used for calculating sentence-level scores.

Nevertheless, our method still achieves competitive
performance despite this inherent challenge.

For FavaMultiSamples, FactSelfCheck-KG
(Frequency-based) with max aggregation achieves
the highest AUC-PR score of 48.52, outperforming
all sentence-level baselines, including SelfCheck-
GPT (Prompt) at 46.91. This result, together with
the findings from WikiBio, highlights that the best-
performing FactSelfCheck (FSC) variant depends
on the dataset. On WikiBio, FSC-Text, which per-
forms direct comparison between facts and sam-
ples, consistently achieves the highest hallucination
AUC-PR (92.45), outperforming FSC-KG, which
relies on knowledge graph comparisons. FSC-Text
offers computational advantages by eliminating the
knowledge graph extraction step. However, on
FavaMultiSamples, the frequency-based FSC-KG
variant surpasses both FSC-Text and LLM-based
FSC-KG. These differences suggest that the opti-
mal variant is influenced by dataset characteristics,
such as fact density, sentence length, and text style
(e.g., the prevalence of lists in FavaMultiSamples).
FSC-KG may be more computationally efficient
for longer samples with lower fact density due to
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reduced token usage, while FSC-Text is preferable
for shorter or denser samples. Regarding aggre-
gation functions, max outperformed mean across
both datasets. This makes intuitive sense – a sen-
tence is hallucinated if any fact within it is halluci-
nated.

An interesting side observation is that our re-
produced SCGPT (Prompt) with Llama-3.1-70B-
Instruct marginally surpassed the original imple-
mentation using GPT-3.5-turbo (93.60 vs 93.42 7).

5.2 Fact-Level Detection

Method AUC-PR

FactSelfCheck-Text 93.41
FactSelfCheck-KG (LLM-based) 92.25
FactSelfCheck-KG (Freq.-based) 87.99
SelfCheckGPT (Prompt) 86.18
RandomFact 65.79

Table 3: Results on the fact-level hallucination detec-
tion task. Comparison of sentence-level and fact-level
methods based on AUC-PR scores.

Table 3 presents the comparative results for
fact-level hallucination detection on WikiBio.
FactSelfCheck-Text demonstrates superior perfor-
mance with an AUC-PR score of 93.41, followed
by FactSelfCheck-KG (LLM-based) at 92.25. The
frequency-based method achieves 87.99, while
SelfCheckGPT (Prompt) scores 86.18. These re-
sults demonstrate the effectiveness of our method
in detecting hallucinations at the fact level. Fur-
thermore, the lower performance of averaging the
sentence-level scores highlights the importance of
designing fact-level methods and validating our
approach.

Comparing FactSelfCheck to SelfCheckGPT
could be seen as unfair because the latter oper-
ates at a lower granularity than required by the
evaluation task. However, this situation is anal-
ogous to the sentence-level evaluation presented
in Section 5.1. In both cases, direct comparisons
are not fully appropriate. The key difference is
that, at the fact level, FactSelfCheck significantly
outperforms SelfCheckGPT, while at the sentence
level, FactSelfCheck remains competitive despite
the unfavorable comparison.

7The scores on GPT-3.5-turbo were obtained from the
original paper (Manakul et al., 2023).

5.3 Role of Fact-Level Detection in
Hallucination Correction

Table 4 presents the results of our hallucination
correction experiment. The fact-level approach
shows substantial improvements over the baseline
and sentence-level methods. We observed a 35.5%
increase in factual content and 12.5% reduction in
non-factual content compared to the baseline. In
contrast, the sentence-level detection achieves only
modest improvements of 10.6% and 4.8%, respec-
tively, indicating that pointing out hallucinations
at the fact level enables more effective corrections
and underscoring the importance of our study and
contributions.

The overall rate of refusals remains low, increas-
ing only marginally from 0.04 in the baseline to
0.05 with fact-level and sentence-level detection.
We hypothesize that the model becomes more cau-
tious with provided information about hallucina-
tions and more likely to know its limitations.

Level Factual ↑ Non-Factual ↓ Refused

baseline 0.23 0.74 0.04
sentence 0.25 (+10.6%) 0.70 (-4.8%) 0.05 (+30.0%)
fact 0.31 (+35.5%) 0.64 (-12.5%) 0.05 (+30.0%)

Table 4: Effectiveness of hallucination correction by
providing detected hallucinations at sentence-level, fact-
level, and a baseline (without providing any hallucina-
tions). The table presents the proportions of factual, non-
factual sentences, and refused corrections. Percentages
in parentheses indicate the relative change compared to
the baseline. Arrows ↑ and ↓ denote whether a higher
or lower value is better.

6 Conclusion

We introduced FactSelfCheck, a fact-level halluci-
nation detection approach that achieves competitive
performance with existing methods while provid-
ing more interpretable insights through structured
knowledge representation. By detecting hallucina-
tions at the granular fact level rather than sentence
level, our method enables more effective halluci-
nation correction through precise identification of
incorrect facts. The zero-resource nature of our
approach makes it broadly applicable across di-
verse domains without requiring external knowl-
edge bases or domain-specific training data. Addi-
tionally, we contributed FavaMultiSamples, a novel
benchmark addressing the critical gap in evaluation
datasets for sampling-based hallucination detection
methods.
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Limitations

Our study faces three primary limitations. First,
we are constrained by the availability of suitable
datasets. Although we contributed FavaMultiSam-
ples, the second dataset for evaluating sampling-
based methods, it is still a dataset with annotations
at the sentence-level. The lack of datasets with long
generated passages and annotations at the fact-level
forced us to evaluate our method through aggrega-
tion rather than directly assessing our fact-level
detection capabilities. Second, while the granular
approach of FactSelfCheck justifies its increased
complexity, the multiple LLM-based steps make it
more computationally intensive compared to more
straightforward methods like SelfCheckGPT. Third,
our method could face challenges with very short
or uninformative sentences where fact extraction
may fail.

Several promising directions could address these
limitations. An important step would be creating
new datasets with fact-level hallucination annota-
tions, enabling direct evaluation of our method’s
core capabilities. Additionally, we see significant
potential for improving computational efficiency.
Our current prompt engineering was largely empiri-
cal and not optimized for token usage. Future work
could focus on reducing prompt lengths and merg-
ing steps, such as merging the KG extraction steps
or simultaneously assessing support for multiple
facts.

Ethical Considerations

Like all machine learning methods, FactSelfCheck
can produce false positives and false negatives.
Therefore, it should not completely replace hu-
man verification of factual correctness in LLM re-
sponses.
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Appendix

This appendix provides supplementary material or-
ganized as follows:

Appendix A: FavaMultiSamples dataset cre-
ation and annotation methodology.

Appendix B: Comprehensive statistics for both
evaluation datasets.

Appendix C: Additional results including com-
plete sentence-level metrics with precision-recall
curves, sample size ablation study, and evaluation
of the intermediate steps of the pipeline. As well
as confusion matrices and prediction statistics for
the fact-level evaluation.

Appendix D: Computational complexity analy-
sis.

Appendix E: Concrete example with knowledge
graph visualization demonstrating fact-level detec-
tion advantages.

Appendix F: Enhanced prompt experiment vali-
dating comparison fairness with SelfCheckGPT.

A FavaMultiSamples Dataset

Addressing the lack of evaluation benchmarks for
sampling-based hallucination detection methods,
we built FavaMultiSamples upon the FAVA dataset8

developed by Mishra et al. (2024). Prior to our con-
tribution, WikiBio was the only available dataset
for evaluating sampling-based methods, limiting
evaluation of different approaches. The original
FAVA dataset contains 460 passages generated by
GPT (gpt-3.5-turbo-0301) and Llama2-Chat-70B
in response to diverse information-seeking prompts.
Each passage was annotated by trained annotators
for factual accuracy. For more details about the
dataset construction and annotation process, please
refer to the original paper.

To create FavaMultiSamples, we generated 20
samples for each passage with the temperature of
1.0, matching the sample settings used in the Wik-
iBio dataset. We used the same models that pro-
duced the original responses, with one exception:
since gpt-3.5-turbo-0301 is no longer available, we
used gpt-3.5-turbo-1106, the most similar model
available at the time. The FAVA dataset uses an
HTML-like format for annotations, so we split each
generated response into sentences and annotated
them in binary format, where 1 indicates a sentence
containing a hallucination.

8https://huggingface.co/datasets/fava-uw/
fava-data license: CC-BY-4.0

B Dataset Statistics

The statistics of the used datasets are presented in
Table 5.

WikiBio FavaMulti-
Samples

# Passages 238 460
# Sentences 1908 5660
# Hall. sentences 1392 1228
# Fact. sentences 516 4432
% Hall. sentences 72.96 21.70
Avg. sent./passage 8.02 12.30
Avg. tok./passage 184.77 340.72
Avg. tok./sentence 23.48 30.30

Table 5: Statistics of the used datasets: WikiBio and
FavaMultiSamples. We summarize the number of pas-
sages, sentences, tokens and annotation statistics. The
number of tokens were calculated using appropriate to-
kenizers for each model.

C Additional Results

C.1 Sentence-Level Detection

Tables 6 and 7 provide a more comprehensive view
of the FactSelfCheck variants against baselines on
both datasets, including AUC-PR scores for de-
tecting factual sentences (Factuality AUC-PR) in
addition to hallucinated ones, and an average of
these two. While Section 5.1 focused on halluci-
nation detection, these extended results offer ad-
ditional insights into our approach. On WikiBio,
FSC-Text (max aggregation) shows comparable
performance in hallucination detection with 92.45
AUC-PR vs. 93.60 for SCGPT (Prompt). While
SCGPT (Prompt) achieves a higher factuality detec-
tion score (74.30 vs. 65.55), our method performs
well in identifying potential misinformation and
contributes to effective factual verification.

On the FavaMultiSamples dataset, FSC-KG
(Frequency-based, max aggregation) demonstrates
high overall performance, achieving a factuality
detection AUC-PR of 80.21 alongside solid hal-
lucination detection (48.52 AUC-PR compared to
SCGPT Prompt’s 46.91). This performance across
metrics shows the adaptability of our approach
to different datasets. While SCGPT (Prompt)
achieves a higher average AUC-PR (67.65 vs.
64.36) due to stronger factuality detection (88.39),
our method provides balanced performance across
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Method Agg. AUC-PR

Hallucination Factuality Avg.

Sentence-level methods
SCGPT (Prompt) - 93.60 74.30 83.95
SCGPT (NLI) - 92.50 66.08 79.29
AttentionScore (Relative) - 83.85 51.62 67.74
Max(H) - 82.56 41.80 62.18
Mean(−logp) - 79.20 44.11 61.65
Mean(H) - 79.02 49.18 64.10
Max(−logp) - 78.41 33.59 56.00
AttentionScore (Absolute) - 77.95 42.23 60.09
RandomSentence - 72.96 27.04 50.00

Fact-level methods (ours)
FSC-Text max 92.45 65.55 79.00
FSC-KG (LLM-based) max 91.82 64.64 78.23
FSC-Text mean 91.01 63.77 77.39
FSC-KG (LLM-based) mean 90.24 62.95 76.60
FSC-KG (Frequency-based) max 88.48 53.86 71.17
FSC-KG (Frequency-based) mean 88.25 55.27 71.76
RandomFact mean 74.22 29.74 51.98

Table 6: WikiBio: Extended results on the sentence-level hallucination detection task. Comparison of sentence-level
and fact-level methods based on AUC-PR scores for Hallucination, Factuality, and their Average. SCGPT stands
for SelfCheckGPT, FSC represents FactSelfCheck, and Agg denotes the aggregation method used for calculating
sentence-level scores. The results are sorted by AUC-PR scores for Hallucination.

both metrics, offering advantages for applications
where hallucination detection is important.

Figures 2 and 3 illustrate the precision-recall
curves for the sentence-level detection task on the
WikiBio and FavaMultiSamples datasets, respec-
tively. These curves show the performance across
various thresholds for both hallucination and factu-
ality detection.

C.2 Fact-Level Detection

To extend the demonstration of the effectiveness of
our fact-level detection approach, we present con-
fusion matrices and prediction statistics. Table 8
shows the confusion matrix for FactSelfCheck-
Text, while Table 9 presents results for SelfCheck-
GPT (Prompt) when adapted to fact-level predic-
tion.

FactSelfCheck-Text correctly identifies 3530 hal-
lucinated facts and 951 factual facts, achieving
higher true positive rates for hallucination detection
compared to SelfCheckGPT, which correctly iden-
tifies 3503 hallucinated facts but only 570 factual
facts.

Table 10 summarizes the overall prediction ac-

curacy of both methods. FactSelfCheck achieves
4481 correct predictions compared to 4073 for Self-
CheckGPT, representing an increase of 408 correct
predictions (10.02% improvement).

C.3 Effect of Sample Size on Detection
Performance

We investigated the impact of varying the num-
ber of samples on the detection performance of
our method. Specifically, we evaluated the perfor-
mance at the sentence level by changing the number
of samples from 1 to 20. We compared our method
with SelfCheckGPT.

Figure 4 illustrates that that on WikiBio, Fact-
SelfCheck exhibits similar behavior to SelfCheck-
GPT regarding sample requirements. The perfor-
mance improves dramatically with up to 5 samples,
after which the improvement curve flattens. While
additional samples continue to yield benefits, these
improvements become incremental, with modest
gains observed up to 20 samples. Factuality de-
tection exhibits similar patterns to hallucination
detection. This pattern confirms that more sam-
ples provide better evidence for accurate detection
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Method Agg. AUC-PR

Hallucination Factuality Avg.

Sentence-level methods
SCGPT (Prompt) - 46.91 88.39 67.65
SCGPT (NLI) - 32.58 85.64 59.11
Max(H) - 28.22 81.90 55.06
Max(−logp) - 26.20 80.84 53.52
AttentionScore (Relative) - 24.17 82.12 53.15
Mean(H) - 23.80 80.62 52.21
Mean(−logp) - 22.85 80.38 51.62
AttentionScore (Absolute) - 22.19 81.71 51.95
RandomSentence - 21.70 78.30 50.00

Fact-level methods (ours)
FSC-KG (Frequency-based) max 48.52 80.21 64.36
FSC-Text max 42.80 86.15 64.47
FSC-KG (LLM-based) max 40.63 85.01 62.82
FSC-Text mean 37.13 86.09 61.61
FSC-KG (Frequency-based) mean 36.16 79.92 58.04
FSC-KG (LLM-based) mean 35.81 84.65 60.23
RandomFact mean 21.22 77.77 49.50

Table 7: FavaMultiSamples: Extended results on the sentence-level hallucination detection task. Comparison of
sentence-level and fact-level methods based on AUC-PR scores for Hallucination, Factuality, and their Average.
SCGPT stands for SelfCheckGPT, FSC represents FactSelfCheck, and Agg denotes the aggregation method used
for calculating sentence-level scores. The results are sorted by AUC-PR scores for Hallucination.

Pred Fact. Pred Hall.

True Fact. 951 832
True Hall. 175 3530

Table 8: Confusion matrix of FactSelfCheck-Text on
fact-level evaluation.

Pred Fact. Pred Hall.

True Fact. 570 1213
True Hall. 202 3503

Table 9: Confusion matrix of SelfCheckGPT (Prompt)
on fact-level evaluation.

Method Correct Incorrect

SelfCheckGPT 4073 1415
FactSelfCheck 4481 1007

Table 10: Overall prediction accuracy comparison for
fact-level evaluation.

across both metrics.

Figure 5 shows a different pattern for FavaMul-
tiSamples, where hallucination detection perfor-
mance decreases with more samples. This occurs
because methods with few samples tend to over-
estimate hallucination scores, interpreting normal
variations as potential hallucinations. As sample
size increases, methods become more conservative
in their scoring, leading to better calibration. This
pattern likely stems from FavaMultiSamples hav-
ing shorter sentences with fewer facts compared to
WikiBio (see Section C.4).

The distinct patterns between datasets highlight
that sampling effects are context-dependent. While
more samples universally improve calibration qual-
ity, the impact on raw performance metrics depends
on dataset characteristics and initial score distribu-
tions. It’s important to note that AUC-PR, while
useful, has limitations. A classifier that consistently
returns the same score can achieve a high AUC-PR
value, which may not reflect true discriminative
ability. Therefore, the decrease in AUC-PR with
more samples might actually indicate better cali-
bration and more meaningful score distributions,
rather than worse performance.
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Figure 2: WikiBio: Precision-recall curve for the
sentence-level hallucination and factuality detection.

C.4 Evaluation of Intermediate Steps

Our method consists of multiple steps that cannot
be directly evaluated due to the lack of human an-
notations. While previous sections evaluated the
complete pipeline, to strengthen our study we also
analyzed and validated statistics from intermediate
steps. We examined the number of entities and
relations per passage, along with facts per sentence,
calculating mean, minimum, maximum values, and
the count and percentage of entries with zero el-
ements. Sentences with no facts are particularly
important as FactSelfCheck assigns them a default
score of 0.5 (see Section 4.3).

Table 11 reveals that both datasets have high
mean numbers of entities and relations per pas-
sage, indicating that knowledge graph construction
is not constrained by earlier steps. While Wik-
iBio shows acceptable minimum values for enti-
ties and relations per passage, FavaMultiSamples
exhibits notably lower minimums that could im-
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Figure 3: FavaMultiSamples: Precision-recall curve for
the sentence-level hallucination and factuality detection.

pact knowledge graph extraction performance. The
percentage of sentences without extracted facts is
relatively low in WikiBio (1.15%) but more sub-
stantial in FavaMultiSamples (6.08%), potentially
affecting detection accuracy. Both datasets show
considerable variability, with some passages con-
taining over 200 entities and relations, highlighting
the diverse complexity of the analyzed generated
responses.

D Computational complexity

While FactSelfCheck is more granular than Self-
CheckGPT, this comes with increased computa-
tional costs. In Table 12 we compare all variants
of FactSelfCheck with SelfCheckGPT (Prompt) in
terms of the number of LLM calls required. Ev-
ery variant of FactSelfCheck requires additional
calls for entity and relation extraction (constant
2), followed by knowledge graph construction for
each sentence (|U |), then it assesses factual consis-
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Figure 4: WikiBio: Impact of sample size on both hallu-
cination and factuality detection performance for differ-
ent methods.

tency of each fact in different ways with varying
complexity. As noted in Limitations, we did not
optimize for token usage, and future work could
merge steps to reduce complexity while maintain-
ing the fine-grained insights our method provides.

E Case Study of FactSelfCheck vs
SelfCheckGPT

Table 13 and Figure 6 present a comparative case
study of predictions from WikiBio made by Fact-
SelfCheck and SelfCheckGPT. The table contains
an external Wikipedia biography, sentences from
the response, facts extracted from the response,
and the predictions of both methods. This compari-
son demonstrates that fact-level detection provides
more detailed information about the factuality of
the response. We observe that LLM did not hal-
lucinate all facts, as some are consistent with the
external Wikipedia biography. However, when us-
ing sentence-level detection, we cannot distinguish
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Figure 5: FavaMultiSamples: Impact of sample size on
both hallucination and factuality detection performance
for different methods.

between correct and hallucinated facts – all sen-
tences are predicted as hallucinated.

F SelfCheckGPT with Enhanced Prompt

To ensure a fair comparison between
FactSelfCheck and SelfCheckGPT, during
preliminary studies, we conducted an additional
experiment using an enhanced prompt for Self-
CheckGPT. The original SelfCheckGPT prompt
is relatively simple, while our FactSelfCheck
prompts are more elaborate, directly allowing rea-
soning and inference of new facts, and providing
examples. These characteristics could potentially
increase the performance of methods. We designed
an alternative prompt for SelfCheckGPT, that
incorporates these features, making it similar to
our FactSelfCheck prompts.

For sentence-level detection on WikiBio, the
enhanced prompt for SelfCheckGPT achieved an
AUC-PR score of 93.38, slightly lower than the
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Figure 6: Example of a knowledge graph extracted from a response. Edge width represents the hallucination score
for each fact, with red edges indicating hallucinated facts and green edges indicating correct facts. Facts were
classified using a threshold of 0.3, which achieved the highest F1-score in the fact-level evaluation (C.2).

# entities/ # relations/ # facts/
passage passage sentence

WikiBio

mean 24.85 21.18 3.24
min 11 5 0
max 282 163 85
# 0 el. 0 0 22
% 0 el. 0.00% 0.00% 1.15%

FavaMultiSamples

mean 32.08 50.34 2.97
min 1 0 0
max 312 237 102
# 0 el. 0 2 344
% 0 el. 0.00% 0.43% 6.08%

Table 11: Statistics of intermediate steps in Fact-
SelfCheck across both datasets. The table shows the
distribution of entities per passage, relations per pas-
sage, and facts per sentence, including occurrences of
entries with 0 elements.

original prompt’s 93.60. This minimal difference
indicates that SelfCheckGPT’s performance is not
significantly affected by prompt design in our ex-
perimental setting. In fact, the enhanced prompt

Method Number of LLM calls

FSC-KG (Freq.) 2 + |U |+ |S|
FSC-KG (LLM) 2 + |U |+ |S|+ |KGp| × |S|
FSC-Text 2 + |U |+ |KGp| × |S|
SCGPT-Prompt |U | × |S|

Table 12: Computational complexity of different meth-
ods in terms of number of LLM calls required. U is the
set of sentences in the generated passage, S is the set
of stochastic LLM response samples, and KGp is the
knowledge graph containing all extracted facts.

even lowered the performance rather than increas-
ing it, despite its more sophisticated design.

Due to these findings, we chose to use the origi-
nal prompt for SelfCheckGPT in our experiments.
These consistent results confirm that our compar-
ison between methods is fair, as the enhanced
prompt did not improve the performance of Self-
CheckGPT.
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External Wikipedia Bio
Kenan Hasagić (born 1 February 1980) is a Bosnian football goalkeeper who plays for Balıkesirspor. His football career
began in his hometown with FK Rudar. At the age of 16, he made his debut in a first division match. He was the most
promising goalkeeper in Bosnia and Herzegovina; he played for youth selections and was later transferred to Austrian side
Vorwärts Steyr. After that, he was a member of Altay SK in Turkey but didn’t see much first team football. He went back
to Bosnia and played for Bosna Visoko. In 2003, he signed a contract with FK Željezničar. Here he found good form and
even became first choice goalkeeper for the Bosnian national team. In the 2004–05 season, he moved to Turkey once again
where he signed for Turkish Süper Lig side Gaziantepspor. He made his debut for the national team on 12 February 2003
in a game between Wales and Bosnia and Herzegovina which ended in a 2–2 draw.

Sentence 1 (SelfCheckGPT: 1.0)
Kenan Hasagić (born 28 April 1988) is a Bosnian professional footballer who plays as a midfielder for Bosnian Premier
League club Željezničar.

Fact FactSelfCheck
(’Kenan Hasagić’, ’DATE OF BIRTH’, ’April 28, 1988’) 1.00
(’Kenan Hasagić’, ’NATIONALITY’, ’Bosnian’) 0.00
(’Kenan Hasagić’, ’OCCUPATION’, ’professional footballer’) 0.20
(’Kenan Hasagić’, ’POSITION PLAYED’, ’midfielder’) 0.55
(’Kenan Hasagić’, ’LEAGUE’, ’Bosnian Premier League’) 0.45
(’Kenan Hasagić’, ’CURRENT CLUB’, ’Željezničar’) 0.85

Sentence 2 (SelfCheckGPT: 1.0)
Hasagić started his career at his hometown club Željezničar, where he made his professional debut in 2006.

Fact FactSelfCheck
(’Kenan Hasagić’, ’CURRENT CLUB’, ’Željezničar’) 0.85
(’Kenan Hasagić’, ’PROFESSIONAL DEBUT’, ’2006’) 0.90
(’Kenan Hasagić’, ’CURRENT CLUB’, ’Željezničar’) 0.85

Sentence 3 (SelfCheckGPT: 1.0)
He has since gone on to make over 200 appearances for the club, winning the Bosnian Premier League title in 2008 and
the Bosnian Cup in 2009.

Fact FactSelfCheck
(’Kenan Hasagić’, ’TEAM APPEARANCES’, ’Željezničar’) 0.60
(’Željezničar’, ’CHAMPIONSHIP WON’, ’Bosnian Premier League title’) 0.90
(’Željezničar’, ’YEAR OF CHAMPIONSHIP’, ’2008’) 1.00
(’Željezničar’, ’CHAMPIONSHIP WON’, ’Bosnian Cup’) 0.95
(’Željezničar’, ’YEAR OF CHAMPIONSHIP’, ’2009’) 1.00

Sentence 4 (SelfCheckGPT: 0.9)
He has also represented Bosnia and Herzegovina at international level, making his debut in 2011.

Fact FactSelfCheck
(’Kenan Hasagić’, ’COUNTRY REPRESENTED’, ’Bosnia and Herzegovina’) 0.05
(’Kenan Hasagić’, ’INTERNATIONAL DEBUT’, ’2011’) 0.85

Table 13: Comparison of fact-level FactSelfCheck with sentence-level SelfCheckGPT. An external Wikipedia
biography is provided to analyse the correctness of the methods. The red value indicates hallucinations, and the
green value indicates factual correctness. The facts were classified using a threshold of 0.3 utilizing FactSelfCheck,
and the sentences were classified using a threshold of 0.75 with SelfCheckGPT. These thresholds achieved the
highest F1-scores in fact-level (Appendix C.2) and sentence-level (Section 5.1) evaluation, respectively.
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