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Abstract

The rise of social media and generative Al has
led to a surge of misinformation online, mak-
ing reliable fact-checking increasingly critical.
Most existing fact-checking research adheres
to the decompose-then-verify paradigm, em-
phasizing verification of individual facts while
overlooking the validity of logical dependen-
cies among them. As a result, text containing
logical errors may still be misjudged as factual.
Moreover, existing datasets and metrics focus
on fact completeness and coverage, failing to
capture the logical dimension. To help bridge
this gap, we propose a content—logic coupled
factuality evaluation paradigm, which concep-
tualizes factuality along two complementary
dimensions: content factuality and logic fac-
tuality. Under this paradigm, we introduce a
holistic solution consisting of LOREFACT, the
first long-form fact-checking dataset that sys-
tematically incorporates the logical dimension;
LoRe-Factcheck, a simple yet effective frame-
work for joint content—logic evaluation; and a
logic-aware metric named LoReFactScore for
exposing and penalizing logical fallacies. Ex-
periments demonstrate the importance of logi-
cal factuality and the effectiveness of our pro-
posed paradigm for fact-checking.'

1 Introduction

With the widespread deployment of large lan-
guage models (LLMs) and the growth of online
information platforms, the internet has become
increasingly populated with content generated by
both human users and LLMs. To attract attention
or enhance persuasiveness, some of this content
blends partially correct information with mislead-
ing narrative logic, posing new challenges for fact-
checking (Huang et al., 2025; Zhang et al., 2023).

Most existing fact-checking research adopts
the decompose-then-verify paradigm. The core
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idea is to decompose the text into atomic claims,
verify them individually against external knowl-
edge sources, and aggregate the resulting claim-
level judgments into an overall factuality score
for the text. Following this paradigm, prior stud-
ies mainly focus on optimizing individual steps of
the pipeline, such as improving the extraction of
atomic claims (Min et al., 2023; Song et al., 2024;
Gunjal and Durrett, 2024; Fatahi Bayat et al., 2025),
and employing LLMs as agents for retrieval and
verification (Chern et al., 2023; Wei et al., 2024).

However, the decompose-then-verify paradigm
mainly focuses on individual atomic claims and
overlooks the logical dependencies among them.
Intuitively, this leads to a potential issue: when par-
tially correct facts are combined through incorrect
logical relationships, existing methods may mis-
judge the text containing logical fallacies as factual,
as illustrated in Figure 1 (a). To quantify this issue,
we conducted a small-scale preliminary study using
50 logic-related samples collected from PolitiFact
(politifact.com). We evaluated three representative
methods, SAFE (Wei et al., 2024), VeriScore (Song
et al., 2024), and FactCheck-GPT (Wang et al.,
2024). The experimental results in Figure 1 (b)
show that these methods exhibited limitations in
capturing logical dependencies.

Considering the limitations of the existing
paradigm and the importance of logical dependen-
cies in fact-checking, we propose a content—logic
coupled fact-checking paradigm, which models fac-
tuality along two complementary dimensions: con-
tent factuality and logical factuality. This paradigm
assesses not only the correctness of atomic claims
but also the validity of the logical dependencies
among them. However, integrating the logical di-
mension introduces three major challenges:

* Challenge 1: Existing fact-checking datasets pri-
marily focus on single facts. Even more chal-
lenging long-form datasets are limited to simple
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Figure 1: (a) An example illustrating the limitation of the decompose-then-verify paradigm. The text connects two
correct facts through an incorrect logical dependency. Existing fact-checking methods verify each atomic claim
individually but overlook whether the logical dependency holds, leading to misjudgment of the text as factual. (b)
Proportion of logical omissions for three representative fact-checking methods in the preliminary study.

enumerations of facts without modeling relations
among them. Moreover, existing annotations
evaluate factual correctness and coverage by pro-
viding reference facts, lacking annotations for
logical dependencies and their validity.

* Challenge 2: Current fact-checking methods
predominantly follow the decompose-then-verify
paradigm, emphasizing the completeness and cor-
rectness of atomic claim extraction and verifica-
tion while overlooking logical factuality.

* Challenge 3: Traditional metrics such as factual
precision and recall measure only fact-level cor-
rectness and coverage, failing to capture logical
dimension.

To address Challenge 1, we introduce a Logic
Relation-aware Fact-checking benchmark, named
LOREFACT. It is constructed through a controlled
data generation and annotation pipeline that explic-
itly embeds diverse logical relations into long-form
responses and annotates their validity. The dataset
contains 1,080 samples with 5,706 annotated logi-
cal statements, covering 36 topics across 4 domains.
To the best of our knowledge, LOREFACT is the
first long-form fact-checking dataset that systemat-
ically incorporates the logical dimension, as shown
in Table 1.

To address Challenge 2, we propose LoRe-
Factcheck, a simple yet effective framework for
content—logic coupled factuality evaluation. It
comprises two complementary pipelines: con-
tent factuality evaluation, which follows standard
decompose-and-verify procedures to assess the cor-
rectness of atomic claims, and logic factuality eval-
uation, which detects logical relations, identifies

Benchmark Logic Annotations #Prompts #Topics
FELM X 847 5
FActScore X 500 1
LongFact X 2,280 38
FactCheckBench X 94 -
FactRBench X 1,096 -
LOREFACT (Ours) v 1,080 36

Table 1: Comparisions of existing long-form fact-
checking benchmarks.

their types, and verifies their validity using external
evidence and a multi-model LLM committee.

To address Challenge 3, we design a logic-aware
factuality metric, LoReFactScore. It combines Con-
tentScore for content correctness and LogicScore
for logical validity into a unified score, thereby
more faithfully reflecting textual factuality. By ex-
plicitly incorporating logical factuality into scoring,
LoReFactScore enables the detection and penal-
ization of logical fallacies, while supporting error
source decomposition and interpretability.

We summarize our contributions as follows:

* We introduce a content—logic coupled paradigm
for fact-checking, which explicitly incorporates
the logical dimension of factuality.

* We present a holistic solution consisting of
a new long-form fact-checking dataset called
LOREFACT, an evaluation framework named
LoRe-Factcheck, and the LoReFactScore metric,
enabling joint evaluation of content and logical
factuality.

» Experimental results highlight the crucial role
of the logical dimension in fact-checking and
demonstrate that our proposed paradigm enables
a more comprehensive and faithful evaluation of
textual factuality.
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2 Dataset

Our current understanding of textual factuality re-
mains limited, as existing fact-checking datasets
fail to capture logical dependencies between facts.
To fill this gap, our goal is to construct a fact-
checking dataset that explicitly incorporates the
logical dimension, aiming to obtain texts contain-
ing diverse and complex logical statements along
with their corresponding logical annotations.

2.1 Data Collection

Prompt Collection. The first step of construct-
ing LOREFACT is to collect a diverse set of logic-
oriented prompts. We manually select 36 topics
covering four major domains—engineering and
technology, humanities, natural sciences, and social
sciences—as illustrated in Figure 2. We then adopt
a hybrid strategy that combines manual design with
LLM-based generation. For each topic, a small
number of logic-driven seed prompts are manually
drafted and used as few-shot demonstrations with
GPT-4o0 to generate candidate prompts. After filter-
ing out semantically redundant or logically weak
instances, we retain 30 high-quality prompts per
topic, resulting in a total of 1,080 prompts.
Response Generation. Following the prompt
collection, we employ GPT-40 to generate re-
sponses for the collected prompts. We design a
controlled three-stage process to ensure that logical
relations are explicitly and verifiable, rather than
implicitly embedded in vague expressions.

Stage 1: Claim Generation. For each prompt, GPT-
4o first generates 20 semantically complete claims
related to the prompt (10 correct and 10 incorrect).
These claims serve as the basic units for subsequent
logical composition, enabling diverse error types.
Stage 2: Logical Statement Generation. We follow
studies in the field of formal semantics (Asher and
Lascarides, 2005; Kamp and Reyle, 1993) and pre-
define four types of logical relations: causal, condi-
tional, temporal, and concessive. Then, we instruct
GPT-4o to generate at least two logical statements
for each prompt, based on the predefined logical re-
lations and the generated claims. Each logical state-
ment is required to contain a logical error, either
arising from an incorrect logical relation between
correct claims or involving at least one incorrect
claim. This design reflects common error patterns
in real-world logical reasoning, where fallacious
statements often stem from flawed inference over
accurate information or from reasoning based on

LoReFact

Figure 2: Overview of the four domains and their corre-
sponding 36 topics covered in the LOREFACT.

false content, thereby resulting in compound errors
at both the content and logic levels.

Stage 3: Response Generation. Finally, we employ
GPT-40 to draft a response for each prompt based
on the generated logical statements. Each response
is required to naturally incorporate all given logi-
cal statements. Compared with directly generating
responses, this process preserves naturalness while
significantly improving logical density and verifi-
ability. The detailed instructions used in the data
collection process are provided in Appendix A.1.1.

2.2 Data Annotation

Given the diversity of topics and the high density
of logical statements, annotation requires strong
retrieval and tool-use abilities. Therefore, we re-
cruited three graduate students with research back-
grounds in fact-checking and prior annotation ex-
perience to annotate the dataset.

The annotation scope covers all logical state-
ments appearing in the responses, including both
the controlled logical statements explicitly embed-
ded during generation and the spontaneous logical
expressions generated by the model. Each logical
statement is annotated along three dimensions: (1)
Content factuality. For each logical statement,
annotators need to identify all included claims and
assign binary factuality labels. (2) Logical relation
type. For each logical statement, annotators label
the main type of logical relation involved, includ-
ing causal, conditional, temporal, and concessive
relations. Specifically, a causal relation describes
one claim as the cause or result of another; a condi-
tional relation indicates that the truth of one claim
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Statistics All Engineering & Technology = Humanities Natural Sciences  Social Sciences
#Sample 1,080 240 300 330 210

Avg. Length 818.67 850.51 808.73 805.94 816.49
#Logical statement 5,706 1,215 1,501 1,843 1,147

— #TRUE 1,277 215 276 495 291
—#FALSE 4,429 1,000 1,225 1,348 856
Agree rate (%) 92.18 94.73 88.14 93.49 92.68

Table 2: Statistics of LOREFACT benchmark. "Avg. Length" is the average number of words of responses.
"#TRUE"/"#FALSE" denotes the number of the logic factuality of logical statements labeled as true and false
respectively. "Agree rate" is the agreement rate of two annotators during annotation.
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Figure 3: Distribution of samples by the number of
logical statements.

depends on the premise set by another; a tempo-
ral relation captures the sequence or simultaneity
of events among claims; and a concessive relation
denotes that one claim remains true despite an ap-
parent conflict with another. (3) Logical factuality.
Annotators assess whether the claimed logical de-
pendency holds and assign a binary factuality label.

To ensure annotation quality, each sample was
independently annotated by two expert annotators,
with disagreements resolved by a third annotator to
reach consensus. The agreement rate between the
two annotators is reported in Table 2, with consen-
sus reached in 92.18% of the cases.

2.3 Data Analysis

Data statistics. Table 2 presents an overview of
the LOREFACT dataset. It contains 1,080 samples,
with an average response length of 818.67 words. It
provides annotations for 5,706 logical statements,
of which 4,429 contain logical factuality errors.
The relatively high proportion of logically false
statements stems from our data generation design.
As described in Section 2.1, during the logical state-
ment generation stage, we explicitly instruct the
model to generate logically flawed statements to
ensure sufficient coverage of logical fallacies.

Data characteristics. From the perspective of
prompt design, unlike prompts in prior fact-
checking datasets that focus on single knowledge
points or surface-level factual descriptions, the
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Figure 4: Distribution of samples across different logical
relationship types.

prompts in LOREFACT are logic-oriented, empha-
sizing logical reasoning and multi-dimensional re-
lational understanding. Specifically, they encour-
age responses to explain not only what but also
why, and often involve interactions among multiple
variables in complex systems, naturally leading to
associations among multiple factors. We provide
illustrative examples in Appendix A.1.2.

From the perspective of response content, each
response in LOREFACT contains a sufficient num-
ber of verifiable logical statements. As shown in
Figure 3, most samples contain 3—7 logical state-
ments, balancing logical density and complexity.

Furthermore, we analyze the distribution of logi-
cal relation types among these logical statements,
as shown in Figure 4. Causal and conditional re-
lations account for the majority, whereas temporal
and concessive relations constitute a smaller pro-
portion, consistent with their relative prevalence in
natural language narratives. Overall, LOREFACT
preserves diverse logic types while highlighting
common logical patterns.

3 Methodology

3.1 Task Definition and Framework Overview

In our study, fact-checking is formulated as a logic-
aware factuality evaluation task. Given a text 7',
the objective is to compute its overall factuality
score using retrieved evidence, detect statements
involving logical dependencies, identify the logical
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Figure 5: The overall framework of LoRe-Factcheck.

relation type, and verify their validity.

Figure 5 presents an overview of the framework.
LoRe-Factcheck first decomposes the input text
into multiple statements and then initiates two par-
allel evaluation pipelines. In the content factuality
evaluation, we assess the truthfulness of each state-
ment at the content level and obtain its content
factuality score. In the logic factuality evaluation,
we examine the correctness of logical dependencies
and obtain the corresponding logic factuality score.
Finally, LoRe-Factcheck integrates the results from
both dimensions to produce a factuality score for
each statement and further aggregates them into the
overall factuality metric LoReFactScore(T').

3.2 Statement Decomposition and
Decontextualization

The text is first split into individual sentences. We
then apply decontextualization to resolve contex-
tual dependencies (Choi et al., 2021), making each
sentence self-contained (e.g., “it rotates” — “Mars
rotates”’). Checkworthiness filtering is further per-
formed to exclude non-verifiable sentences, includ-
ing opinions, questions, or those with little sub-
stantive content (e.g., “The solar system is fascinat-
ing.”). All these steps are conducted by GPT-40,
with further details provided in Appendix A.2.2.
The remaining objective and verifiable factual state-
ments serve as the common input for both content
and logic factuality evaluation, formally denoted
as S = {s1,52,..., Sn}.

3.3 Logic Factuality Evaluation

The logic factuality evaluation is devised to assess
the validity of the logical dependencies within the

statement. This process consists of logical relation-
ship detection and logical factuality verification.

Logical Relationship Detection. We first iden-
tify the dominant logical relation type of each state-
ment s;. This task is framed as a five-class classifi-
cation problem with the following label set: T =
{causal, conditional, temporal, concessive, None}.
We employ GPT-40 as the logic detector to assign
a logical relation type label ¢; € T for each
statement, where #; = None indicates that the
statement does not involve any logical relation.

Logical Factuality Verification. If {; = None,
the statement contains no logical dependency and
requires no logical factuality verification or scor-
ing. If {; # None, we further evaluate whether
the claimed logical dependency is factually valid.
To ensure reliable verification, we first generate
a query based on s; and #; to retrieve the top-3
most relevant evidence from Google Search?, and
then employ a multi-model committee composed
of five advanced large language models to assess
the logical factuality based on the retrieved evi-
dence. Each model independently outputs a binary
judgment ;% € {TRUE, FALSE}, and the final
logical factuality label /;°¢' is determined by an
unweighted majority vote.

For statements with #; # None, the logical factu-
ality score LogicScore is defined as follows:

LogicScore(s:) 1, if [°¥*° = TRUE, 0
0gICHCOre(s;) = P
0, if[}°**° = FALSE.

“We use Serper as the Google Search API, available at
https://serper.dev/.
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3.4 Content Factuality Evaluation

The content factuality evaluation follows the
decompose-then-verify pipeline, aiming to verify
the factuality of atomic claims within a statement.

Atomic Claim Decomposition and Decontex-
tualization. We first decompose each statement s;
into atomic claims, each containing only one piece
of information.

Following the same principles as those described
in Section 3.2, we decontextualize atomic claims
to ensure independent verifiability and filter out
subjective opinions. Finally, we obtain the set of
atomic claims to be verified for each statement s;,
denoted as s; = {C,"l, Ci2y--- ,C@m}.

Atomic Claim Verification. We formulate the
factual verification of atomic claims as a binary
classification task. For each atomic claim c; j, we
use it as a query to retrieve the top-3 most rele-
vant document snippets from Google Search as
evidence. GPT-4o then serves as the verifier, tak-
ing (c; x, evidence) as input and outputting a binary
factual label [5Me" € {TRUE, FALSE}.

We use factual precision to quantify the con-
tent factuality of a statement s;, and denote it as
ContentScore(s;). It measures the proportion of
true atomic claims within a statement.

3.5 LoReFactScore

We propose a logic-aware factuality metric,
LoReFactScore, which unifies the results of logic
and content factuality evaluation.

For each statement s;, when s; does not in-
volve any logical relation, LoReFactScore(s;) de-
generates into ContentScore(s;), which is equiv-
alent to the factual precision used in previous
studies. When a logical relation is involved,
LoReFactScore(s;) incorporates the logical factu-
ality dimension, thereby providing a unified charac-
terization of both content truthfulness and logical
validity.

C-Score(s;), if £; = None,
LoReFactScore(s;) = 4 a x C-Score(s;)+ )

{ B x L-Score(si), otherwise,
where C-Score and L-Score denote ContentScore
and LogicScore, respectively, and «, 5 € [0, 1] are
trade-off hyperparameters satisfying o 4+ g = 1.

Finally, we aggregate LoReFactScore(s;) of all
statements to obtain the overall factuality score of
the input text 7', denoted as:

[S|

LoReFactScore(T") Z LoReFactScore(s;), (2)
i=1

:Ei

where S = {s1,s9,...,8,} is the set of factual
statements in the text.

Higher values indicate better overall factuality
of the text.

4 Experiments

4.1 Baseline Systems

We choose three representative fact-checking
frameworks, including SAFE (Wei et al., 2024),
VeriScore (Song et al., 2024), and FactCheck-
GPT (Wang et al., 2024), as baselines for com-
parison. SAFE is the first method in long-form
fact-checking that introduces the use of external ev-
idence retrieved from search engines (e.g., Google
Search) for verification. VeriScore places greater
emphasis on claim verifiability. FactCheck-GPT
focuses on fine-grained factuality assessment.

4.2 Evaluation Metrics

We adopt the logic-aware factuality metric
LoReFactScore(7") defined in Section 3.5 as the
overall metric, where we set « = § = 0.5. In
addition, we further introduce three logic-related
metrics to demonstrate the effectiveness of the pro-
posed framework in evaluating logical factuality:
Logic Recall measures the ability to identify
statements that involve logical relations.

1 [fi # None N t; # None}

1=

k3

LogicRecall =

~ )
> 1[t: # None]
i=1

where ¢; denotes the ground-truth logical type. 1[']
is an indicator function.

Logic Type Accuracy measures accuracy in
classifying logical relation types.

15|

1 N

LogicTypeAcc = s 1t = ti]. 4)
-1

2

Logic Factuality Accuracy measures accuracy
in assessing the factuality of logical relations.

1l08i¢ — 1 [ii =t; AL0BIC = l}"gic] : Q)
Zzy ]llogic
LogicFactualityAcc = =Lt — | (6)
it 1t = ti]
where 1,8 is the ground-truth logical factuality.
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Domain Method LoReFactScore  Logic Recall  Logic Type Acc  Logic Factuality Acc
SAFE 93.01 3.15 - -
All VeriScore 93.33 1.01 - -
Factcheck-GPT 89.23 0.96 - -
LoRe-Factcheck (Ours) 59.24 (32.62 ]) 80.49 78.71 73.70
SAFE 92.36 3.13 - -
Engineering & VeriScore 93.23 1.57 - -
Technology Factcheck-GPT 89.59 1.04 - -
LoRe-Factcheck (Ours) 57.74 (33.99 |) 87.82 79.57 76.38
SAFE 93.15 3.16 - -
Humanities VeriScore 94.08 0.79 - -
Factcheck-GPT 87.93 0.99 - -
LoRe-Factcheck (Ours) 52.59 (39.13 |) 84.68 79.70 72.46
SAFE 92.51 2.98 - -
Natural Sciences VeriScore 92.59 0.83 - -
Factcheck-GPT 89.76 0.99 - -
LoRe-Factcheck (Ours) 66.65 (24.97 |) 73.96 78.80 74.03
SAFE 94.35 3.44 - -
Social Scien VeriScore 94.03 1.06 - -
OCIal SCEIENCES  Ractcheck-GPT 89.84 0.79 - -
LoRe-Factcheck (Ours) 58.80 (33.94 |) 77.77 76.12 71.75

Table 3: Comparison results of different methods on the LOREFACT dataset. Values in parentheses indicate
LoRe-Factcheck’s score decrease relative to the average of the baselines.

4.3 Main Results

Table 3 shows the comparison results between our
LoRe-Factcheck and three representative baselines.
We summarize observations below:

LoRe-Factcheck yields stricter yet more faith-
ful overall score. In terms of the overall
LoReFactScore, our LoRe-Factcheck framework
shows an average decrease of around 30 points
compared with previous methods. This gap stems
from LoRe-Factcheck’s explicit penalization of
logical-relation errors, yielding a stricter and more
faithful assessment of factuality. It further suggests
that existing methods tend to underweight logi-
cal soundness and thus systematically overestimate
overall factuality.

Reliable logic evaluation with robust cross-
domain performance. Overall, the proposed
LoRe-Factcheck framework performs strongly on
Logic Recall, Logic Type Accuracy, and Logic
Factuality Accuracy, indicating that it effectively
identifies statements involving logical relations.
Moreover, across domains, these logic-related met-
rics exhibit small variance and consistent trends,
demonstrating LoRe-Factcheck’s strong adaptabil-
ity and generalization to diverse scenarios with
logical dependencies.

Interplay between Logic Recall and Overall
Score. We observe that as the framework more ag-
gressively identifies logical relations (higher Logic
Recall), a larger portion of statements undergoes

logical verification, which exposes and penalizes
more potential logical errors—thereby lowering
the LoReFactScore. This implies that reporting
LoReFactScore alone may yield superficially high
scores due to missed logic. LoReFactScore should
be interpreted jointly with Logic Recall to distin-
guish truly more factual outputs from those scoring
highly due to insufficient detection.

4.4 Results by Relation Type and Error
Analysis

Table 4 reports the performance of LoRe-Factcheck
broken down by logical relation type. Causal rela-
tions achieve the highest accuracy on both metrics,
while concessive and temporal relations are more
challenging. To better understand this gap, we ran-
domly sampled 50 error cases and identified three
representative failure modes.

Logic type misclassification. For instance, the
statement “When the jet emissions from quasars
are believed to travel near the speed of light, the
formation of quasars is unrelated to the growth
of supermassive black holes” is labeled as condi-
tional (with “when” introducing a premise), but
the framework misclassified it as temporal by inter-
preting “when” as a time marker. This reflects a
systematic difficulty in distinguishing conditional
from temporal relations when surface-level connec-
tives are ambiguous.

False negatives in logic detection. For exam-
ple, “Ocean acidification has accelerated coral
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Logic Type #Samples Type Acc Factuality Acc Logic Detector Logic Recall Logic Type Acc
Causal 3358 82.07 76.95 GPT-40 80.49 78.71
Conditional 1551 75.31 70.28 Gemini-2.5-Pro 78.72 77.76
Concessive 324 70.06 64.81 Deepseek-R1 78.88 74.22
Temporal 473 72.09 68.08 Claude-Opus-4 74.88 74.33
All 5706 7871 73.70 Qwen3-235B-Instruct 80.54 73.26

Table 4: Results of LoRe-Factcheck by relation type on
LOREFACT.

Domain Method LoReFactScore  Logic Recall
All LoRe-Factcheck 59.24 80.49
- w/o L-Eval 88.97 1.05
Engineering & LoRe-Factcheck 57.74 87.82
Technology - w/o L-Eval 89.11 1.23
Humanities LoRe-Factcheck 52.59 84.68
- w/o L-Eval 87.22 0.87
Natural Sciences LoRe-Factcheck 66.65 73.96
- w/o L-Eval 89.87 1.19
Social Sciences LoRe-Factcheck 58.80 77.77
s - wlo L-Eval 89.88 0.87

Table 5: Ablation results on removing Logic Factuality
Evaluation (L-Eval) from LoRe-Factcheck.

bleaching; meanwhile, reef fish populations have
declined sharply in affected regions” carries an im-
plicit causal relation, but the framework classified
it as having no logical relationship, treating the
two claims as independent parallel observations.
This failure mode arises when logical connectives
are weak or implicit, causing the detector to under-
detect genuine logical dependencies.

Incorrect logical factuality verification. The
statement “If the Earth’s axial tilt were reduced
to zero degrees, seasonal temperature variations
would completely disappear” is factually false due
to its absolute quantifier, yet the framework incor-
rectly verified it as true. This occurs when the logic
is directionally correct but overstated, leading the
verifier to overlook the absoluteness of the claim.

4.5 Ablation Studies

To further validate the contribution of our logical
factuality evaluation module, we design two ab-
lation studies: (i) removing the logic evaluation
module and retaining only content-level evaluation;
and (ii) replacing the logical-relation detector with
different LLLMs to examine how detector choice
impacts overall performance.

Effect of Removing Logic Factuality Evalua-
tion Module. As shown in Table 5, removing the
logic factuality evaluation module raises the overall
LoReFactScore from about 60 to 89, which is com-
parable to the three baselines in Table 3, but results
in a marked drop in Logic Recall. This indicates
that our content factuality evaluation module is in-

Table 6: Results of different LLMs as logic detectors.

Method LoReFactScore Logic Recall
SAFE 58.37 40.00
VeriScore 60.82 22.00
Factcheck-GPT 57.73 52.00
LoRe-Factcheck (Ours) 40.48 94.00

Table 7: Results of different methods on the preliminary
data.

herently strong, while the lower overall score of the
full framework primarily reflects its stricter logical
verification. The decline in Logic Recall further
underscores that our framework demonstrates solid
performance in detecting and verifying statements
involving logical relations.

Effect of Different Logic Detectors. We further
investigate the performance of different LLMs as
logical-relation detectors, and the results are shown
in Table 6. Overall, models exhibit small gaps
in Logic Recall but notably larger differences in
Logic Type Accuracy. GPT-40 maintains the high-
est type classification accuracy while preserving
high recall, yielding the most stable overall behav-
ior. Leveraging this advantage, we adopt GPT-40 as
the logical-relation detector in our LoRe-Factcheck
framework to ensure the reliability of the logical
relationship detection module.

4.6 In-depth Analysis of Preliminary Study

Initially, as shown in Figure 1(b), we conducted
a preliminary study on 50 real-world political
statements to assess whether current fact-checking
frameworks overlook logical relations. To further
evaluate the effectiveness of our framework on real-
world data, we compared it against three baselines.
Table 7 reports findings consistent with those on
our synthetic LOREFACT dataset. The results sug-
gest that existing methods often neglect logical
factuality and consequently overestimate overall
factuality, whereas our framework exposes these in-
consistencies and yields a more faithful assessment.
Moreover, this indicate that explicitly incorporating
logical validity into factuality evaluation is neces-
sary in real-world settings.
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...... Since echolocation involves emitting sound waves
Text and interpreting the echoes that bounce off objects, bats
use echolocation mainly at night. ......

"content factuality": {

"atomic claims": ["echolocation involves emitting
sound waves and interpreting the echoes that bounce
off objects.", "bats use echolocation mainly at night."]

"labels": [True, True]}

"logical relationship type": "causal"
"logical factuality": False

Ground Truth

"atomic claims": ["echolocation involves emitting sound
waves.", "echolocation involves interpreting the echoes
that bounce off objects.", "echolocation involves emit-
ting sound waves and interpreting the echoes that bounce
off objects.", "bats use echolocation mainly at night."]
"verification results": [True, True, True, True]

— Factual Precision = 4/4 = 1.0

SAFE

"atomic claims": ["echolocation involves emitting sound
waves and interpreting the echoes that bounce off ob-
jects.", "bats use echolocation mainly at night."]
"verification results": [True, True]

— Factual Precision =2/2 =1.0

VeriScore

"atomic claims": ["echolocation involves emitting sound
waves and interpreting the echoes that bounce off ob-
jects.", "bats use echolocation mainly at night."]
"verification results": [True, True]

— Factual Precision =2/2=1.0

Factcheck-GPT

"atomic claims": ["echolocation involves emitting sound
waves and interpreting the echoes that bounce off ob-
jects.", "bats use echolocation mainly at night."]
"verification results": [True, True]

LoRe-Factcheck — ContentScore = Factual Precision =2/2 = 1.0
(Ours) "logical relationship type": "causal"

"logical verification result": False

— LogicScore = 0.0

— LoReFactScore = ContentScore x 0.5 + Logic-
Score x 0.5=0.5

Table 8: Prediction comparison between different meth-
ods on a test sample.

4.7 Case Study

To better demonstrate the advantage of our con-
tent—logic coupled factuality evaluation paradigm,
we present a test example along with predictions
from different methods in Table 8. In this case,
although the two atomic statements are both true
at the content level, the causal relation asserted
between them does not hold. The three represen-
tative baselines assess only content factuality and
therefore assign a perfect Factual Precision (i.e.,
our ContentScore) = 1.0, failing to detect the logi-
cal error. In contrast, our LoRe-Factcheck detects
the logical relation type (causal) and further deter-
mines its logical factuality to be False. Moreover,
under our overall (LoReFactScore) metric, the case
receives a factuality score of 0.5. This reduction
indicates that our paradigm exposes and penalizes
hidden logical fallacies, thereby providing a more
comprehensive and reliable factuality assessment.

5 Conclusion

We propose a content—logic coupled evaluation
paradigm for fact-checking.  Following this
paradigm, we provide a complete set of re-
sources consisting of a logic-driven long-form fact-
checking dataset, a joint content-logic evaluation

framework, and a logic-aware metric for compre-
hensive factuality assessment. Experimental results
demonstrate that our proposed paradigm leads to
more reliable factuality evaluation. We hope this
work provides useful foundations and resources for
future studies on logic-aware fact-checking.

Limitations

While our work introduces a content-logic coupled
evaluation paradigm to bridge the logic gap in fact-
checking, there are still several limitations remain.
(1) Although we focus on fundamental logical re-
lations commonly found in narrative texts, these
relations do not encompass all complex reasoning
structures. (2) LOREFACT is constructed through
controlled LLM generation, which ensures high
logical density and annotation reliability, but may
not fully capture the complexity of logical fallacies
in natural texts and may exhibit distributional shift.
(3) LoRe-Factcheck does not guarantee global con-
sistency across multi-step reasoning chains, as our
work focuses on the logical dimension systemati-
cally overlooked in fact-checking rather than com-
plete reasoning verification.

Future work can mitigate these limitations by ex-
panding the real-world data from our preliminary
study, incorporating broader logical fallacy types,
and exploring methods to verify global logical con-
sistency across reasoning chains.

Ethical Considerations

During the dataset construction process, all con-
tent generated by LLMs was manually reviewed by
the authors to ensure that the LLM-generated ques-
tions and responses included in the dataset do not
pose any ethical concerns or introduce undesirable
biases. In addition, all annotators involved in the
data annotation process were paid at rates above
the local minimum wage.
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A Appendix
A.1 Details of LOREFACT

A.1.1 Data construction process

To ensure broad domain coverage, the topics
in LOREFACT are manually selected with ref-
erence to multiple existing resources, including
MMLU (Hendrycks et al., 2021), SAFE (Wei et al.,
2024), Quora (quora.com ), and HC3 (Guo et al.,
2023). The complete list of domains and topics is
shown in Table 9.

To guide the generation of logic-oriented ques-
tions, we designed a small set of high-quality
topic—question pairs as in-context demonstrations.
Examples of these demonstrations were shown in
Table 10. Each demonstration was manually veri-
fied to ensure that the corresponding question en-
couraged long-form responses involving explicit
reasoning structures rather than surface-level fac-
tual recall. Prompt templates for question genera-
tion is shown in Table 11.

To ensure that the generated responses explicitly
contain verifiable logical relations, we employed a
controlled three-stage generation pipeline to ensure
controllability. Prompt templates for claim gener-
ation, logical statement generation, and response
generation are shown in Table 12, Table 13, and
Table 14, respectively.

A.1.2 Comparison of LOREFACT with other
benchmarks

As shown in Table 15, we illustrate the design dif-
ferences between prompts in LOREFACT and those
in existing long-form fact-checking benchmarks.
The examples indicate that prior datasets primarily
emphasize listing or summarizing factual informa-
tion, whereas LOREFACT adopts a logic-oriented
design that encourages reasoning and generation
from a logical perspective.

A.1.3 Examples of LOREFACT

We provide an example prompt for each of the
topics in LOREFACT. These example prompts are
shown in Table 16, 17, 18, 19.

A.2 Details of LoRe-Factcheck
A.2.1 Implementation

For the baselines, we follow the official imple-
mentations released by the original authors. To
ensure a fair comparison, we uniformly employ
GPT-4o to perform all LLM-driven operations, in-
cluding atomic claim decomposition, decontextu-

alization, and verification. Since the baselines do
not model logical relations, their scores are entirely
determined by the content factuality score. For the
logic-related metrics, we only estimate Logic Re-
call indirectly. Specifically, considering that the
process of atomic claim decomposition may also
retrieve a subset of logic-related claims, we com-
bine semantic similarity computation with manual
reviewing to determine which logic-related claims
are covered and thereby estimate recall.

For our proposed LoRe-Factcheck, logical fac-
tuality verification is conducted by a model com-
mittee composed of GPT-40, Gemini-2.5-Pro (Co-
manici et al., 2025), Claude-Opus-4 (Anthropic,
2025), DeepSeek-R1 (DeepSeek-Al et al., 2025),
and Qwen3-235B-Instruct (Yang et al., 2025). All
remaining steps are performed using GPT-4o.

A.2.2 Instructions used in LoRe-Factcheck

We present all instructions used in LoRe-Factcheck
in Table 20, 21, 22, 23, 24, 25.

Decontextualization. To address the issue that
some sentences rely on contextual information, we
perform sentence-level decontextualization by ex-
plicitly resolving pronouns and implicit entity men-
tions, so that each sentence can convey its original
meaning independently. The specific instructions
for decomposition and decontextualization at the
sentence and atomic-claim levels are provided in
Table 20 and Table 24.

Checkworthiness Filtering. Not all sentences
obtained after segmentation and decontextualiza-
tion are factual statements. Some sentences are
not objectively verifiable, including opinions, ques-
tions, exclamations, imperatives, or sentences with
little substantive information (e.g., introductory or
closing greetings). We therefore apply a checkwor-
thiness filtering step to remove such non-verifiable
cases. The same instruction is used for checkwor-
thiness filtering at both the sentence and atomic-
claim levels, as provided in Table 21.

A.3 Computational Cost Analysis

We analyze the number of LLM inference calls
and the associated monetary cost of the complete
LoRe-Factcheck pipeline. For a given sample, let
n denote the number of statements retained after
segmentation and checkworthiness filtering, m the
number of statements detected as containing logi-
cal relations (m < n), and k the average number of
atomic claims per statement after decomposition.
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The pipeline incurs 1 call for statement decompo-
sition and decontextualization, 1 call for check-
worthiness filtering, n calls for logical relationship
detection, m x 5 calls for logical factuality veri-
fication via the five-model committee, n calls for
atomic claim decomposition and decontextualiza-
tion, and n x k calls for atomic claim verification,
yielding approximately 2 + 2n 4+ bm +n X k calls
per sample in total. On average, each sample re-
quires approximately 110 LLM inference calls, and
the estimated monetary cost for processing a single
sample through the complete pipeline is approxi-
mately $0.32, based on the official API pricing of
each model and the Serper Google Search API.

B Related Work

B.1 Decompose-then-Verify Paradigm

With the rapid growth of online information, effec-
tive fact-checking has become crucial to prevent
the spread of misinformation. Given that the text
often conveys multiple pieces of information, eval-
uating its factuality as a whole is challenging (Li
et al., 2023). Existing research mainly follows the
decompose-then-verify paradigm. Following this
paradigm, early research primarily focused on how
to effectively decompose input text into atomic
claims (Min et al., 2023; Kamoi et al., 2023). Sub-
sequent work further investigated the verifiability
of these atomic claims (Jiang et al., 2024; Song
et al., 2024; Fatahi Bayat et al., 2025). Meanwhile,
other studies revealed limitations of existing ap-
proaches, such as challenges introduced during
decomposition and decontextualization, showing
that improper claim splitting may distort semantics
or omit critical information (Gunjal and Durrett,
2024; Hu et al., 2025). More recent work has also
recognized that facts in long-form text are not in-
dependent but often exhibit dependencies, and has
attempted to address information omission through
more fine-grained fact extraction, thereby improv-
ing recall and accuracy in fact verification (Liu
et al., 2025). In addition, some studies leverage
large language models as agents and combine them
with search engines (e.g., Google Search) to per-
form retrieval and verification (Chern et al., 2023;
Wei et al., 2024; Li et al., 2024). While these meth-
ods enhance fact extraction and external evidence
acquisition, their primary focus remains on improv-
ing factual coverage and verification, thereby plac-
ing less emphasis on the validity of logical depen-
dencies among facts. As a result, texts containing

logical fallacies may not be fully captured by exist-
ing approaches.

In contrast, our proposed LORE-FACTCHECK
framework extends the conventional decompose-
then-verify pipeline by explicitly detecting and val-
idating logical relationships among facts, enabling
content—logic coupled factuality evaluation.

B.2 Fact-checking Datasets and Metrics

Early datasets (such as TruthfulQA (Lin et al.,
2022), HaluEval (Li et al., 2023), FreshQA (Vu
et al., 2024), and HalluQA (Cheng et al., 2023))
primarily focus on single factual knowledge. Even
current more challenging long-form fact-checking
datasets FActScore (Min et al., 2023), FELM (Chen
et al., 2023), LongFact (Wei et al., 2024), and Fact-
Bench (Fatahi Bayat et al., 2025)) consist of bio-
graphical questions or declarative questions. Their
responses are generally organized as linear narra-
tives centered around factual statements. Moreover,
existing datasets mainly provide annotations for
factual correctness and coverage based on reference
fact sets, without explicitly annotating the logical
relationships among facts and their validity (Chen
et al., 2023; Wang et al., 2024; Liu et al., 2025). In
contrast, LOREFACT adopts a logic-driven dataset
design, providing explicit annotations of logical re-
lationships among facts and their validity, thereby
filling a gap in logical factuality that has not been
fully explored in existing fact-checking datasets.

Regarding metrics, traditional metrics reflect
textual factuality from the perspective of atomic
claims through factual precision or recall (Wei
et al., 2024; Liu et al., 2025). To our knowledge,
LoReFactScore is the first structured metric to ex-
plicitly incorporate logical factuality into scoring,
enabling logical fallacies to be directly identified
and penalized. By decoupling content and logical
factuality, it further supports error source decom-
position and enhances interpretability.

Existing evaluation datasets, frameworks, and
metrics primarily center on atomic claims, with rel-
atively limited attention to the logical dimension.
Our content-logic coupled factuality evaluation
paradigm addresses this limitation by jointly as-
sessing content and logical dimensions, providing
a comprehensive and reliable view of factuality.
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Topic

Domain

Anthropology
Archaeology

Art

Artificial Intelligence
Astronomy
Biology

Botany

Chemistry

Civil Engineering
Computer Science
Culture
Cybersecurity
Economics
Education
Electrical Engineering
Ethics

Gender Studies
Geology

History

Human Biology
Law

Linguistics
Literature
Mechanical Engineering
Medicine
Meteorology
Oceanography
Philosophy
Physics

Political Science
Psychology
Religion

Renewable Energy Technologies

Robotics
Sociology
Zoology

Social Sciences
Humanities

Humanities

Engineering & Technology
Natural Sciences

Natural Sciences

Natural Sciences

Natural Sciences
Engineering & Technology
Engineering & Technology
Humanities

Engineering & Technology
Social Sciences

Social Sciences
Engineering & Technology
Humanities

Humanities

Natural Sciences
Humanities

Natural Sciences

Social Sciences
Humanities

Humanities

Engineering & Technology
Natural Sciences

Natural Sciences

Natural Sciences
Humanities

Natural Sciences

Social Sciences

Social Sciences
Humanities

Engineering & Technology
Engineering & Technology
Social Sciences

Natural Sciences

Table 9: Summary of all 36 topics used in LOREFACT.



Topic

Questions

Animals

- How have deep-sea organisms adapted to extreme pressures, perpetual darkness, and scarce nutrient
sources, and what unique sensory and metabolic strategies (e.g., chemosynthesis, bioluminescence)
have emerged in these isolated environments?

- Why did the evolution of flight evolve independently in such phylogenetically distant groups as
insects, pterosaurs, birds, and bats, and how did the unique structural adaptations (e.g., wing membrane
vs. feather) in each lineage constrain their subsequent ecological diversification?

- How did continental drift during the Triassic, Jurassic, and Cretaceous periods influence the diversifi-
cation and geographic distribution of dinosaur species?

- Why do some migratory species, like the Arctic tern or monarch butterfly, undertake phenomenally
long-distance journeys across generations, and how do they integrate innate genetic programming with
environmental cues for navigation and timing?

- Why did the evolution of the amniotic egg represent such a pivotal reproductive innovation for
vertebrates, and how did it enable the colonization of dry, terrestrial environments by reptiles, birds,
and mammals?

Computer Science

- How do operating systems manage system resources such as CPU, memory, and I/O devices to ensure
efficient and fair usage by multiple applications?

- Why did the von Neumann architecture become the dominant model for general-purpose computers,
and how do its inherent limitations drive research into alternative computing paradigms like quantum
or neuromorphic computing?

- How do compilers translate high-level programming languages into machine code, and what opti-
mizations are commonly used to improve performance?

- Why do modern operating systems implement hierarchical memory management with multiple cache
levels, and how do these designs mitigate the growing processor-memory performance gap?

- How did the separation of concerns in software engineering (e.g., MVC architecture) evolve, and why
does this principle remain central to managing complexity in large codebases?

Economics

- What are the key factors that determine the elasticity of demand for essential goods and services, and
how do these factors impact pricing strategies?

- Why do certain industries tend towards natural monopoly structures, and how do regulatory interven-
tions attempt to balance efficiency gains from scale with the social costs of market power?

- Why do financial markets experience cycles of boom and bust, and what role do investor expectations
and speculative activities play in these cycles?

- Why do some regions within a country experience higher economic growth rates than others, and how
do policies like regional development funds address these disparities?

- Why did the Bretton Woods system of fixed exchange rates collapse, and how does the modern regime
of floating rates interact with national monetary policy autonomy and international capital flows?

Literature

- Why do certain canonical texts sustain multiple, even conflicting interpretations over time, and how
does this interpretive openness relate to their internal logical structure?

- Why do certain literary movements emerge in response to political or economic crises, and how are
these conditions encoded in narrative form rather than explicit themes?

- How did social class structures shape character motivation and plot development in nineteenth-century
realist novels?

- Why did fragmented narrative structures become a dominant strategy for representing trauma in
post-war literature?

- How do metafictional strategies challenge traditional causal logic between plot, character, and meaning
in postmodern literature?

Table 10: We provide a set of twenty manually-created in-context demonstrations across four topics.
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Instruction:

1. Given a TOPIC, generate a naturally phrased scientific QUESTION.

2. The question must be open-ended and begin with a question word such as "Why", "How", "What", or "Does".

3. The question should focus on a specific and observable phenomenon or mechanism within the given topic, with a clear and well-defined
scope.

4. The question should be designed to elicit answers containing multiple logical relationships, such as causal, conditional, or temporal
reasoning, resulting in rich and logically structured explanations.

5. Avoid vague or overly broad questions. Focus on a concrete concept, process, or contradiction that is interesting, counterintuitive, or
fundamental.

6. The question must be factually grounded and suitable for an informative scientific or educational answer.

7. Do not include subjective opinions or speculative content in the question.

8. Wrap the question in square brackets.

9. Your task is to do this for the TOPIC under "Your Task". Some examples have been provided for you to learn how to do this task.

TOPIC:
[EXAMPLE TOPIC #1]

QUESTION:
[EXAMPLE QUESTION #1]

TOPIC:
[EXAMPLE TOPIC #N]

QUESTION:
[EXAMPLE QUESTION #N]

Your Task:
TOPIC:
[TOPIC_PLACEHOLDER]

QUESTION:

Table 11: Prompt template used for question generation. The [TOPIC_PLACEHOLDER] will be replaced by a
given topic term, and the [EXAMPLE TOPIC #1—N] together with their corresponding [EXAMPLE QUESTION
#1—N] are filled with N topic—question pairs serving as in-context exemplars.
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Instruction:

1. Generate 20 atomic claims related to the given question, including 10 factually correct claims and 10 factually incorrect claims.

2. An atomic claim is a sentence containing a singular piece of information, which should be a basic, indivisible, and independently verifiable.

3. The content of each atomic claim should be as rich and diverse as possible, covering different aspects of the given QUESTION.

4. Provide the atomic claims and wrap them in a markdown code block with an unordered list format, listing each atomic claim as a separate bullet point (-).
5. Your task is to do this for the QUESTION under "Your Task". Some examples have been provided for you to learn how to do this task.

EXAMPLE #1:
QUESTION:
Does the weight of the planet really impact the speed it would move along its own axis?

ATOMIC CLAIMS:
The correct atomic claims are as follows:

- The angular momentum acquired during a planet’s formation primarily determines its rotational speed.
- Mars has a smaller mass than Earth.

- Venus rotates extremely slowly.
The incorrect atomic claims are as follows:

- The Moon’s rotational period is not synchronized with Earth’s.
- Mars rotates faster than Earth.

- A planet’s rotational speed is entirely controlled by the strength of its magnetic field.

EXAMPLE #2:
QUESTION:
‘What makes hurricanes so powerful?

ATOMIC CLAIMS:
The correct atomic claims are as follows:

- Hurricanes draw their energy from the warm ocean waters they pass over.
- The Coriolis effect contributes to the rotation of hurricanes.

- A well-organized eye structure usually indicates a powerful hurricane.
The incorrect atomic claims are as follows:

- The eye of a hurricane is typically the most violent part of the storm.
- Hurricanes can sustain themselves without contact with warm waters.

EXAMPLE #N:
QUESTION:
[EXAMPLE QUESTION #N]

ATOMIC FACTS:
The correct atomic claims are as follows:

[EXAMPLE CORRECT ATOMIC FACT #N-#1]

[EXAMPLE CORRECT ATOMIC FACT #N-#M]
The incorrect atomic claims are as follows:

[EXAMPLE INCORRECT ATOMIC FACT #N-#1]

[EXAMPLE INCORRECT ATOMIC FACT #N-#M]

Your Task:
QUESTION:
[QUESTION_PLACEHOLDER]

ATOMIC CLAIMS:

Table 12: Prompt template used for claim generation. The [QUESTION_PLACEHOLDER] will be replaced by a
given question. For clarity and conciseness, we present two complete examples. The placeholders [EXAMPLE
QUESTION #N] and [EXAMPLE CORRECT/INCORRECT ATOMIC FACT #N-#1—M] are filled with the
corresponding questions and atomic claims, serving as in-context exemplars.
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Instruction:

. Given a list of ATOMIC CLAIMS, generate at least 2 LOGICAL STATEMENTS by logically combining two or more atomic claims.

The logical relationship between atomic claims should be one of the following types: causal, conditional, temporal, or concessive.

DO NOT introduce any additional information that is not contained in the atomic claims, and DO NOT alter the components of the atomic claims in the logical statement.
Each logical statement must contain a logical error. Specifically, this falsehood must arise in one of the following ways:

- An incorrect or illogical relationship connecting atomic claims that are all factually correct, or

- An incorrect or illogical relationship in which at least one of the involved atomic claims is factually incorrect.

Do NOT explicitly indicate uncertainty or falsity (e.g., avoid using words like "assume", "might", etc.).

Make the logical statement fluent, coherent, and logically connected on the surface, even with the inclusion of false logic.

Provide the logical statements and wrap them in a markdown code block with an unordered list format, listing each logical statement as a separate bullet point (-).
Your task is to do this for the ATOMIC CLAIMS under "Your Task". Some examples have been provided for you to learn how to do this task.

Bl

® N W

EXAMPLE #1:
ATOMIC CLAIMS:
The correct atomic claims are as follows:

- The angular momentum acquired during a planet’s formation primarily determines its rotational speed.

- Mars has a smaller mass than Earth.

- Changes in mass distribution have a greater impact on a planet’s rotational speed than changes in total mass.
- Tidal interactions between Earth and the Moon gradually slow down Earth’s rotation.

- Venus rotates extremely slowly.
The correct atomic claims are as follows:

- The Moon’s rotational period is not synchronized with Earth’s.

- Mars rotates faster than Earth.

- Earth’s rotational speed has remained constant.

- An increase in a planet’s mass directly causes a proportional increase in its rotational speed.

- A planet’s rotational speed is entirely controlled by the strength of its magnetic field.

LOGICAL STATEMENTS:

- Because the angular momentum acquired during a planet’s formation primarily determines its rotational speed, so Venus rotates extremely slowly. [causal]

- Tidal interactions between Earth and the Moon gradually slow down Earth’s rotation after the Moon’s rotational period is not synchronized with Earth’s. [temporal]

- If changes in mass distribution have a greater impact on a planet’s rotational speed than changes in total mass, then Venus rotates extremely slowly. [conditional]

- Although an increase in a planet’s mass is often assumed to directly cause a proportional increase in its rotational speed, Mars rotates faster than Earth despite having a
smaller mass than Earth. [concessive]

EXAMPLE #N:
ATOMIC CLAIMS:
The correct atomic claims are as follows:

[EXAMPLE CORRECT ATOMIC FACT #N-#1]

[EXAMPLE CORRECT ATOMIC FACT #N-#M]
The incorrect atomic claims are as follows:
[EXAMPLE INCORRECT ATOMIC FACT #N-#1]

[EXAMPLE INCORRECT ATOMIC FACT #N-#M]

LOGICAL STATEMENTS:

[EXAMPLE LOGICAL STATEMENT #N-#1]

[EXAMPLE LOGICAL STATEMENT #N-#M]

Your Task:
ATOMIC CLAIMS:
[ATOMIC_CLAIMS_PLACEHOLDER]

LOGICAL STATEMENTS:

Table 13: Prompt template used for logcial statement generation. The [ATOMIC_CLAIMS_PLACEHOLDER]
will be replaced by the given atomic claims. For clarity and conciseness, we present one complete example. The
placeholders [EXAMPLE CORRECT/INCORRECT ATOMIC FACT #N-#1—M] and [EXAMPLE LOGICAL
STATEMENT #N-#1—M] are filled with the corresponding atomic claims and logical statements, serving as
in-context exemplars.
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Instruction:

1. Given a QUESTION and a list of LOGICAL STATEMENTS, generate a RESPONSE.

2. Ensure the RESPONSE includes all given logical statements, exhibits clear logical organization, and is no fewer than 500 words.

3. The RESPONSE should use precise and formal language, avoiding vague generalizations and rhetorical fillers, with a clear focus on delivering
informative content.

4. The output should be wrapped in a code block and contain only the RESPONSE.

5. Your task is to do this for the QUESTION under "Your Task". Some examples have been provided for you to learn how to do this task.

EXAMPLE #1:
QUESTION:
Does the weight of the planet really impact the speed it would move along its own axis?

LOGICAL STATEMENTS:

- Because the angular momentum acquired during a planet’s formation primarily determines its rotational speed, so Venus rotates extremely
slowly.

- Tidal interactions between Earth and the Moon gradually slow down Earth’s rotation after the Moon’s rotational period is not synchronized with
Earth’s.

- If changes in mass distribution have a greater impact on a planet’s rotational speed than changes in total mass, then Venus rotates extremely
slowly.

- Although an increase in a planet’s mass is often assumed to directly cause a proportional increase in its rotational speed, Mars rotates faster than
Earth despite having a smaller mass than Earth.

RESPONSE:

The weight—or more precisely, the mass—of a planet does not directly determine how fast it rotates around its own axis. Instead, a planet’s
rotation speed ...... Because the angular momentum acquired during a planet’s formation primarily determines its rotational speed, so Venus
rotates extremely slowly. ......

That said, mass can indirectly influence rotation rate through its effects on planetary structure and interactions. Although an increase in a planet’s
mass is often assumed to directly cause a proportional increase in its rotational speed, Mars rotates faster than Earth despite having a smaller
mass than Earth. More massive planets ...... If changes in mass distribution have a greater impact on a planet’s rotational speed than changes in
total mass, then Venus rotates extremely slowly. Additionally, massive gas giants ......

On the other hand, smaller rocky planets like Mercury ...... Tidal interactions between Earth and the Moon gradually slow down Earth’s rotation
after the Moon’s rotational period is not synchronized with Earth’s. ......

In conclusion, ...... The initial conditions of formation and subsequent gravitational interactions have far more direct influence on how fast a
planet rotates.

EXAMPLE #N:
QUESTION:
[EXAMPLE QUESTION #N]

LOGICAL STATEMENTS:

[EXAMPLE LOGICAL STATEMENT #N-1]

[EXAMPLE LOGICAL STATEMENT #N-M]

RESPONSE:

[EXAMPLE RESPONSE #N]

Your Task:
QUESTION:
[QUESTION_PLACEHOLDER]

LOGICAL STATEMENTS:
[LOGICAL_STATEMENTS_PLACEHOLDER]

RESPONSE:

Table 14: Prompt template used for response generation. [QUESTION_PLACEHOLDER] will be replaced by the
given question, and [LOGICAL_STATEMENT_PLACEHOLDER] will be replaced by the given logical statements.
For clarity and conciseness, we present one complete example. The placeholders [EXAMPLE QUESTION
#N], [EXAMPLE LOGICAL STATEMENT #N-#1—M], and [EXAMPLE RESPONSE #N] are filled with the
corresponding question, logical statements, and response, serving as in-context exemplars. The locations of the
given logical statements within the response are highlighted with a blue background to facilitate readability.
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Dataset

Example

FELM Tell me about the World Happiness Report.
FActScore Tell me a bio of Bridget Moynahan.
LongFact Can you provide an overview of the International Monetary Fund?
FactCheckBench Give me a list of the top 10 tallest buildings in the world.
FactRBench what states are part of the southeast region of Brazil?
LOREFACT (Ours) How do plants regulate gas exchange through stomata, and what factors influence their opening and closing mechanisms?
Table 15: Comparison of prompts in LOREFACT and existing long-form fact-checking benchmarks.
Domain Topic Example
o . "Why does the choice of activation function impact the performance and behavior of
Artificial Intelligence . N
deep learning models?
.. . . "Why do different bridge designs, such as suspension and arch bridges, exhibit varying
Civil Engineering . Lo . . N
levels of efficiency in distributing loads and resisting environmental forces?
Computer Science "Why do cert'flivn al gOFi.th}’]WS exhi'bit expoTlenFial tiine complexity, and what strategies
are used to mitigate this in practical applications?
i ) Cybersecurit "Why do certain types of malware, such as ransomware, exhibit rapid adaptation and
Engineering & ¥ y evolution in response to cybersecurity defenses?"
Technology . . - N
. . . "Why does the frequency of alternating current influence the operation of transformers
Electrical Engineering . "
and electrical motors?
. . . "How do material properties such as strength, ductility, and thermal conductivity
Mechanical Engineering . . . . . . M
influence the design of mechanical components in engineering systems?
Renewable Energy Technologies "How do gdvancements in photovoltaic c?ll materials improve the efficiency and
cost-effectiveness of solar energy systems?
. "How do advancements in sensor technology improve the ability of robots to perceive
Robotics . . . . "
and interact with their environments?
Table 16: Topics and examples from the Engineering & Technology domain in the LOREFACT.
Domain Topic Example
"What can isotope analysis of human remains reveal about migration patterns and diet
Archaeology . R . "
in ancient populations?
Art "How does the interaction between light and different types of varnishes used in
paintings alter the visual perception of color and texture?"
Culture "How does the concept of cultural relativism help explain the diversity of moral and
ethical systems across societies?"
Ethics "What mechanisms determine how individuals prioritize competing ethical obligations
in complex situations?"
Humanities "What impact does the inclusion of non-binary and transgender identities have on

Gender Studies o .
traditional frameworks of gender studies?"

"What impact does the inclusion of non-binary and transgender identities have on

Histor ., .
y traditional frameworks of gender studies?"
Lineuistics "How does the study of syntax help us understand the underlying rules and structures
guistics that govern sentence formation in different languages?"
Literature "How do narrative structures in literature influence the reader’s perception of time and
causality within a story?"
. "Why do different philosophical traditions interpret the nature of consciousness in
Philosophy . "
fundamentally distinct ways?
Religion "Why do different philosophical traditions interpret the nature of consciousness in

fundamentally distinct ways?"

Table 17: Topics and examples from the Humanities domain in the LOREFACT.
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Domain Topic Example

"How do animals with specialized coloration, such as camouflage or warning col-

Animals . . L. . . . "
oration, use these adaptations to survive in their specific environments?
"How do gravitational interactions between celestial bodies influence the formation
Astronomy . . "
and stability of planetary systems over time?
Biolo "Why do certain organisms exhibit cooperative behavior in ecosystems, and what
24 evolutionary mechanisms drive this phenomenon?"
. "Why does the rate of a chemical reaction change with temperature, and how does the
Chemistry . . . . N . . on
Arrhenius equation mathematically describe this relationship?
Geolo "Why do certain minerals crystallize in specific shapes, and how does their atomic
£y structure influence their physical properties?"
Natural Sciences "How does the regulation of blood glucose levels involve coordinated feedback mech-
Human Body . . . "
anisms between the pancreas, liver, and other tissues?",
.. "How does the regulation of blood glucose levels involve coordinated feedback mech-
Medicine . . . "
anisms between the pancreas, liver, and other tissues?",
Ocean "Why does the thermohaline circulation play a critical role in regulating Earth’s
climate, and what mechanisms drive its movement?"
Physics "Why do gyroscopic effects stabilize rotating objects, and what physical principles
Y govern their precession under external forces?"
Plants "How do plants regulate gas exchange through stomata, and what factors influence
) their opening and closing mechanisms?"
Weather "How do variations in atmospheric pressure drive the formation and movement of

high- and low-pressure systems, influencing weather patterns globally?"

Table 18: Topics and examples from the Natural Sciences domain in the LOREFACT.

Domain Topic Example
"Why did bipedalism evolve in early hominins, and what environmental or anatomical
Anthropology . . S on
factors may have driven this transition?
. "Why do some economies experience hyperinflation, and what mechanisms drive this
Economics . "
extreme devaluation of currency?
Education "Why do some teaching methods, such as inquiry-based learning, foster deeper con-
ceptual understanding compared to traditional lecture-based approaches?"
Social Sciences Law "How does the principle of stare decisis influence the consistency and predictability of

judicial decisions in common law systems?"

"How does the distribution of economic resources within a society influence patterns

Political Science .. C N
of political participation and voter turnout?

"How does the distribution of economic resources within a society influence patterns

Psychol .. e
SYChOlogy of political participation and voter turnout?"

"Why do individuals conform to group norms, and what mechanisms drive this

Sociolo, S . .
24 conformity in different social settings?"

Table 19: Topics and examples from the Social Sciences domain in the LOREFACT.

Your task is to perform sentence segmentation and de-contextualization.

Let’s define a function named process(input:str).

The return value should be a list of strings, where each string should be a decontextualized sentence.

For example, if a user call process("Mary is a five-year old girl. She likes playing piano. She doesn’t like cookies.").
You should return a python list without any other words,

["Mary is a five-year old girl.", "Mary likes playing piano.", "Mary doesn’t like cookies."]

Note that your response will be passed to the python interpreter, SO NO OTHER WORDS!

process([TEXT_PLACEHOLDERY])

Table 20: Instruction used for statement decomposition and decontextualization. The [TEXT_PLACEHOLDER]
will be replaced by a given text.
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Your task is to identify whether texts are checkworthy in the context of fact-checking.
Let’s define a function named checkworthy(input: List[str]).

The return value should be a list of strings, where each string selects from ["Yes", "No"].
"Yes" means the text is a factual checkworthy statement.

"No" means that the text is not checkworthy, it might be an opinion, a question, or others.

For example, if a user call checkworthy(["I think Apple is a good company.", "Friends is a great TV series.", "Are you sure
Preslav is a professor in MBZUAI?", "The Stanford Prison Experiment was conducted in the basement of Encina Hall.", "As
a language model, I can’t provide these info."]).

You should return a python list without any other words,

["No", "Yes", "No", "Yes", "No"]

Note that your response will be passed to the python interpreter, SO NO OTHER WORDS!

checkworthy([TEXTS_PLACEHOLDER])

Table 21: Instruction used for statement and atomic claim filtering. The [TEXTS_PLACEHOLDER] will be
replaced by the given statements or atomic claims.

Your task is to identify the logical relationship between the claims in the input statement.

Let’s define a function named detect_logic_type(input:str).

The returned value should be a string, where the string is a logic type label that best describes the relationship between the
claims in the input.

Use the following predefined logical relationship types: ["causal", "conditional", "concessive", "temporal",
"no_logical_relationship"].

For example, if a user calls detect_logic_type("Mary is very tired, so she decided to go to bed early.").
You should return "causal".
Return the logical relationship type without any other words.

Note that your response will be passed to the python interpreter, SO NO OTHER WORDS!

detect_logic_type([STATEMENT_PLACEHOLDER])

Table 22: Instruction used for logical relationship detection. The [STATEMENT_PLACEHOLDER] will be replaced
by a given statement.

You are given a statement, a logical relationship type, and an evidence text, and you need to decide whether the evidence
supports, refutes, or is irrelevant to the logical relationship claimed in the statement.

Choose from the following three options.

A. The evidence supports the logical relationship.

B. The evidence refutes the logical relationship.

C. The evidence is irrelevant to the logical relationship.

For example, you are give Statement: "Because Mars has a smaller mass than Earth, it rotates slower than Earth.", Logical
relationship: "causal", Evidence: "A planet’s rotational speed is not directly determined by its mass, but rather by factors such
as its initial angular momentum during formation.".

You should return "B".

Pick the correct option "A", "B", "C" without other words.

Statement: [STATEMENT_PLACEHOLDER]
Logical relationship: [LOGICAL_RELATIONSHIP_PLACEHOLDER]
Evidence: [EVIDENCE_PLACEHOLDER]

Table 23: Instruction used for atomic claim verification. The placeholders [STATEMENT_PLACEHOLDER],
[LOGICAL_RELATIONSHIP_PLACEHOLDER], and [EVIDENCE_PLACEHOLDER] will be replaced by the
given statement, logical relationship type, and evidence.
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Your task is to decompose the statement into atomic claims.

Let’s define a function named decompose(input:str).

The returned value should be a list of strings, where each string should be a context-independent claim, representing one fact.
For example, if a user call decompose("Mary is a five-year old girl, she likes playing piano and she doesn’t like cookies.").
You should return a python list without any other words:

["Mary is a five-year old girl.", "Mary likes playing piano.", "Mary doesn’t like cookies."]

Note that your response will be passed to the python interpreter, SO NO OTHER WORDS!

decompose([STATEMENT_PLACEHOLDER])

Table 24: Instruction used for atomic claim decomposition and decontextualization. = The [STATE-
MENT_PLACEHOLDER] will be replaced by a given statement.

You are given a claim and an evidence text, and you need to decide whether the evidence supports, refutes, or is irrelevant to
the claim.

Choose from the following three options.

A. The evidence supports the claim.

B. The evidence refutes the claim.

C. The evidence is irrelevant to the claim.

For example, you are give Claim: "Preslav is a professor.", Evidence: "Preslav Nakov is a Professor in MBZUAI NLP group,
and also the department chair.".

You should return "A".

Pick the correct option "A", "B", "C" without other words.

Claim: [ATOMIC_CLAIM_PLACEHOLDER]
Evidence: [EVIDENCE_PLACEHOLDER]

Table 25: Instruction used for atomic claim verification. The placeholders [ATOMIC_CLAIM_PLACEHOLDER]
and [EVIDENCE_PLACEHOLDER] will be replaced by the given atomic claim and evidence.
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