TrendFact: A Benchmark Towards Hotspot Perception in Automatic
Fact-Checking

Xiaocheng Zhang'*, Xi Wang?*, Yifei Lu’, Jianing Wang*, Zhuangzhuang Ye'
Mengjiao Bao’, Peng Yan®’, Xiaohong Su'
"Harbin Institute of Technology *National University of Defense Technology
3Northeastern University *East China Normal University Beihang University ®Tsinghua University
zxcheng123cc@163. com, wx_23ndt@nudt.edu.cn

Abstract

With the surge of online misinformation, Large
Language Models (LLMs) and Reasoning
Large Language Models (RLMs) serving as
Automatic Fact-Checking (AFC) systems have
emerged as a prominent paradigm for reliable,
explainable verification. However, our empiri-
cal study reveals that this paradigm faces a crit-
ical risk asymmetry challenge when deployed
in the real world under resource-constrained
environments. While Hotspot Perception Abil-
ity (HPA), the capacity to dynamically allocate
reasoning resources based on social impact, is
essential to mitigate this risk, existing bench-
marks lack the social metadata and evaluation
framework to meet this urgent evaluation needs,
thereby hindering the advancement of these
AFC systems. To bridge this gap, we introduce
TrendFact, the first benchmark capable of eval-
uating HPA and three fact-checking tasks. It
consists of 7,643 curated samples sourced from
trending platforms and professional datasets,
with an evidence library containing 366,634
entries. To enable HPA assessment, we pro-
pose two novel metrics: the Explanation Con-
sistency Score (ECS) to evaluate the reliabil-
ity of verification reasoning, and the Hotspot
Claim Perception Index (HCPI) to quantify the
overall HPA of AFC systems. Extensive ex-
periments demonstrate that existing AFC sys-
tems exhibit limited performance on TrendFact.
Furthermore, our proposed FactISR framework
effectively enhances HPA and computational
efficiency for RLMs-served AFC systems.

1 Introduction

The proliferation of counterfeit claims poses sig-
nificant social risks, including mass panic, social
destabilization, and even armed conflicts, as exem-
plified by the COVID-19 infodemic (van Der Lin-
den et al., 2020; Aondover et al., 2024). This crit-
ical challenge has driven substantial research ef-
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Figure 1: An illustration of the risk asymmetry chal-
lenge in LLMs/RLMs-served AFC systems and a repre-
sentative sample from the TrendFact benchmark.

forts in Automatic Fact-Checking (AFC) systems.
With the rapid evolution of Large Language Models
(LLMs) and Reasoning Language Models (RLMs)
(Atanasova, 2024; Rani et al., 2023), generating
natural language explanations to enhance the trans-
parency and trustworthiness of AFC has emerged
as a research hotspot (Wang and Shu, 2023; Bilal
et al., 2024; Kao and Yen, 2024). Unlike tradi-
tional black-box classifiers, this paradigm not only
provides verification labels but also leverages struc-
tured reasoning processes as evidence, significantly
bolstering user trust in the verification results.
However, our empirical study reveals a severe
challenge, the risk asymmetry, when this check-
ing paradigm is employed in the real world un-
der resource-constrained environments (Vosoughi
et al., 2018; Chen et al., 2023; Zhang et al., 2026).
As illustrated in the upper-left of Figure 1, high-
influence claims show heightened verification dif-
ficulty under identical resource settings. Further-
more, the upper-right of Figure 1 shows that incor-
rect verification of such hotspots can trigger social
consequences up to 20 times more severe than those
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of low ones. To mitigate these risks, an ideal AFC
system should possess Hotspot Perception Abil-
ity (HPA), the capacity to dynamically schedule
reasoning resources based on claim’s social impact.
For instance, allocating more evidence and "think-
ing steps" to high-influence claims to minimize
misjudgment, while streamlining resources for low-
influence claims to enhance overall efficiency.

Despite the necessity of HPA, current bench-
marks remain inadequate to guide the design and
iteration of such systems. A prerequisite for eval-
uating HPA is a benchmark that provides not only
foundational attributes (e.g., labels, evidence) but
also data reflecting real-world dissemination dy-
namics, such as social media metadata (e.g., views,
posts). Moreover, as reasoning faithfulness is the
cornerstone of LL.Ms/RLMs-served AFC, high-
quality textual explanations are indispensable for
reliable assessment. However, existing benchmarks
primarily focus on label accuracy, neglecting the
critical social influence and reasoning dimensions
required for a comprehensive HPA evaluation.

To bridge this gap, we construct TrendFact, the
first benchmark capable of evaluating HPA and
covering three fact-checking tasks. It comprises
7,643 samples with an evidence library of 366,634
pieces, built through a rigorous logical progression.
Specifically, TrendFact integrates four types of so-
cial metadata, views, discussions, engagements,
and posts, combined with a GPT-evaluated risk
score to quantify the Influence Score for each claim.
Additionally, TrendFact provides human-annotated
explanations and designs the Explanation Con-
sistency Score (ECS) to assess the reliability of
reasoning reliability. Finally, we propose a compre-
hensive HPA metric, the Hotspot Claim Percep-
tion Index (HCPI), which fuses the influence score
with ECS to quantitatively measure comprehensive
HPA performance across varying social impacts
on TrendFact. Extensive experiments show that
existing fact-checking methods and LLMs/RLMs-
served systems all exhibit limited performance on
TrendFact.

Furthermore, to address the deficiencies of
RLMs-served systems revealed by TrendFact, we
propose FactISR, an influence-aware enhancement
framework that incorporates the reasoning pro-
cess with dynamic resource scheduling capabili-
ties. FactISR synergizes dynamic evidence aug-
mentation for on-demand iterative retrieval with
influence-driven self-reflection for adaptive reason-
ing depth. This ensures that deeper cognitive ef-

fort and sufficient evidence are prioritized for high-
stakes claims. Experimental results confirm that
FactISR achieves significant performance gains
while improving overall computational efficiency.
In summary, our contributions are as follows:

* Our empirical analysis reveals the risk asym-
metry challenge in LLMs/RLMs-served AFC
and identifies the critical absence of HPA eval-
uation in existing benchmarks.

¢ We construct TrendFact, the first benchmark
capable of HPA evaluation with comprehen-
sive coverage of fact-checking tasks. It en-
ables the quantitative assessment of HPA
through the HCPI metric, which integrates the
ECS and the influence score to ensure both
reasoning reliability and social impact.

* We propose FactISR, an influence-aware
framework to enhance RLMs-served AFC
through dynamic evidence augmentation and
self-reflection tailored to claim impact.

* Extensive experiments demonstrate the limi-
tations of current fact-checking methods on
TrendFact and verify that FactISR improves
both HPA performance and resource effi-
ciency of RLMs-served AFC!.

2 Related Work

Fact-checking Benchmarks Existing fact-
checking benchmarks are generally divided
into two categories: one based on Wikipedia
data, such as Hover (Jiang et al., 2020) and
FEVER (Thorne et al., 2018), and another using
knowledge bases from fact-checking websites,
such as CLAIMDECOMP (Chen et al., 2022) and
QUANTEMP (Venktesh et al., 2024) (as shown
in table 1). These benchmarks primarily focus
on fact verification and evidence retrieval tasks,
often neglecting explanation generation evaluation.
With the growing role of LLMs and RLMs in
generating explanations, evaluating their reliability
is crucial. Moreover, it is also a pressing issue
in the field to evaluate the Hotspot Perception
Ability (HPA) of Automatic Fact-Checking (AFC)
systems (Solovev and Prollochs, 2022; Sehat et al.,
2024), which refers to the scheduling of reasoning
resources based on a claim’s social impact.

!Code and data are available at https://github.com/
zxc123cc/TrendFact
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Task

. Explanation
Dataset #Claims Source Language C[:)n tains Evidence Claim Explanation
Retrieval Verification Generation
Synthetic Claims
FEVEROUS(Aly et al., 2021) 87,026 WP English X X Yes Yes No
CHEF(Hu et al., 2022) 10,000 FCS Chinese X X Yes Yes No
Hover(Jiang et al., 2020) 26,171 WP English X X Yes Yes No
CFEVER(Lin et al., 2024) 30,012 WP Chinese X X Yes Yes No
STATPROPS(Thorne and Vlachos, 2017) 4,225 FB English X X Yes Yes No
Fact-checker Claims
CLAIMDECOMP(Chen et al., 2022) 1,250  Politifact  English X X Yes Yes No
DeClarE(Popat et al., 2018) 13,525 FCS English X X Yes Yes No
X-Fact(Gupta and Srikumar, 2021) 1,800 FCS Multi X X Yes Yes No
AVeriTeC(Schlichtkrull et al., 2024) 4,568 FCS English X X Yes Yes No
FlawCheck(Kao and Yen, 2024) 30, 349 FCS English v X Yes Yes Yes
QUANTEMP(Venktesh et al., 2024) 30,012 FCS English X X Yes Yes No
TrendFact 7,643 TP Chinese v v Yes Yes Yes

Table 1: Comparison of TrendFact with other fact-checking datasets. WP refers to Wikipedia, FCS refers to
fact-checking websites, FB refers to FreeBase, and TP refers to Trending Platforms. By "HPA’, we refer to whether
the dataset supports the evaluation of a fact-checking system’s hotspot perception ability.

Therefore, we construct TrendFact benchmark,
which evaluates both explanation generation
reliability and hotspot perception, is essential for
comprehensive fact-checking evaluation.

Automatic Fact-checking Research on Auto-
matic Fact-Checking primarily falls into two cate-
gories: fact verification and explanation generation.
Fact verification focuses on timely claim evalua-
tion and has been widely explored in contexts such
as Wikipedia articles, table-based data, and QA
dialogues. With the rise of LLMs and RLMs, meth-
ods like PROGRAMEC (Pan et al., 2023) generate
executable programs to support step-by-step veri-
fication. Explanation generation aims to produce
interpretable outputs, but most work treats it as an
intermediate step rather than a core objective. Few
studies explore using natural language to convey
both claim veracity and reasoning, which is critical
for model interpretability and user understanding.
For instance, He et al. (2023) generates counter-
misinformation responses to correct false claims.
Additionally, many methods overlook the HPA,
which is essential for improving fact-checking sys-
tems’ ability to solve different influential claims.
Incorporating HPA, along with the interplay be-
tween verification and explanation, can enhance
transparency, trust, and the solving capability of
high influence claims in the real world.

3 The TrendFact Benchmark

Aforementioned empirical analysis (see Figure 1)
demonstrates that existing LLMs/RLMs-served Au-

tomatic Fact-Checking (AFC) systems face a crit-
ical risk asymmetry challenge. We first attribute
this vulnerability to the Hotspot Perception Ability
(HPA), the capacity to dynamically modulate rea-
soning resources based on claim influence. Then,
the advancement of HPA of AFC systems is also
hindered by the limitations of existing benchmarks,
which focus solely on static accuracy and lack the
social influence metadata essential for HPA evalua-
tion. Therefore, we propose the TrendFact bench-
mark to bridge this critical gap.

In this section, we detail the dataset construction
and evaluation metrics formulation of our proposed
TrendFact, the first benchmark that incorporates
real-world hotspot indicators to establish influence
perception as a core evaluation dimension.

3.1 Dataset Construction

In this section, we detail the dataset construction
process of TrendFact. As illustrated in Figure 2, the
process comprises three phases: collecting claims
alongside critical hotspot indicators from diverse
sources, augmenting data to ensure verifiability,
and constructing a challenging evidence library.

3.1.1 Data Attributes

TrendFact covers five primary domains: public
health, science, society, politics, and culture. As
shown in Figure 1, each sample is annotated with
essential fact-checking attributes including claim,
label, gold evidence, textual explanation, risk score
and unique hotspot metadata. Specifically, meta-
data includes four hotspot indicators (views, dis-
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Figure 2: Overview of TrendFact. The overall construction process of TrendFact includes claim collection, filtering,
augmentation, evidence library construction, and a multi-stage sample review process.

cussions, posts, and engagements) and a derived
influence score, which serves as a key attribute to
calculate the subsequent Hotspot Perception eval-
uation metrics. Based on gold evidence density,
samples are categorized into single-evidence (85%)
and multi-evidence (15%). Detailed definitions are
provided in Appendix A.

3.1.2 Claim Collection

In contrast to previous datasets that primarily relied
on sources with limited timeliness and popularity
(e.g., Wikipedia), TrendFact collects claims from
two complementary sources to capture real-world
dissemination dynamics. Source One: Trending
Platforms. We collect claims from Weibo, DouYin,
and Baidu, which provide large-scale, dynamic
factual statements accompanied by hotspot meta-
data. The hotspot metadata is the four indicators
detailed in section 3.1.1. In total, we obtain approx-
imately 500,000 raw claims from these platforms
between 2020 and 2024. Source Two: Existing
Datasets. We further collect claims from existing
fact-checking datasets to broaden verification sce-
narios beyond trending platforms. Although such
datasets lack hotspot indicators, they offer valu-
able complex verification logic. In particular, we
incorporate claims from the CHEF dataset, which
aggregates data from multiple fact-checking web-
sites, as a representative supplement.

3.1.3 Data Augmentation

The collected raw claims exhibit distinct limita-
tions when applied to fact-checking tasks: trending
claims often lack verifiable structures and essential
attributes (e.g., labels, evidence), while claims from

existing datasets frequently contain judgmental
phrasing and lack textual explanations. To address
these, we design tailored augmentation pipelines.

Trending Claims. We first apply an LLM vot-
ing mechanism to filter out approximately 90% of
noise, specifically targeting entertainment trivia, in-
terrogative clickbait, and unstructured statements
lacking assessable factual content (details in Ap-
pendix 9). Then, our annotation team removes
sensitive or overlapping content, resulting in 6,512
claims. Since the remaining raw claims are often
unstructured, annotators transform them into ver-
ifiable fact-checking claims following a specific
rewriting guideline focused on resolving ambiguity
and supplementing missing context (e.g., temporal
or domain constraints). Comprehensive details of
the rewriting factors are available in Appendix C.

CHEF Claims. We first filter samples for factual
accuracy and sensitivity, then use the same LLM
voting mechanism to select claims that present
significant verification challenges. Each selected
claim is further annotated with a detailed explana-
tion by our team, ensuring the same explanatory
standard applied to trending claims. This process
results in 1,131 enhanced claims.

After augmentation, we merge two sets to con-
struct TrendFact dataset, consisting of 7,643 sam-
ples. To ensure reliability and quality of annota-
tions, we implement rigorous control mechanisms.
Annotators underwent comprehensive training to
ensure accuracy. The training process covers ex-
amples of claim rewriting, emphasizing the im-
portance of maintaining semantic integrity while
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transforming claim into verifiable, fact-checkable
statement. As shown in Figure 2, all rewritten and
annotated outputs are validated through a three-
level standardized human evaluation criteria, ensur-
ing semantic integrity and label consistency across
the benchmark (details in Appendix D).

3.1.4 Evidence Library Construction

As illustrated in Figure 2, the evidence library con-
struction of the TrendFact follows a three-stage
process: decomposition, generation, and retrieval.
Specifically, we first employ an LLM to extract
three or more key elements from each claim. We
generate new claims for elements and retrieve sup-
porting evidence from websites, which is then com-
bined with the gold evidence from the initial Trend-
Fact dataset to form a comprehensive evidence li-
brary containing 366,634 entries. More detailed
descriptions are provided in Appendix E.

3.2 Metric Formulation: Quantifying Hotspot
Perception Ability (HPA)

It is essential that a reliable AFC system provides
trustworthy reasoning for its judgments, ensuring
its verification results are deduced from evidence
rather than merely predicted. Therefore, we for-
mulate our evaluation framework by integrating
verification reliability evaluation metric, ECS, into
the final HPA assessment metric, HCPI.

Verification Reliability: Explanation Consis-
tency Score (ECS). Generating a correct label
based on flawed reasoning (i.e., hallucination) fun-
damentally undermines the credibility of an AFC
system. To quantify this reasoning fidelity, we
introduce ECS as a system-level evaluation met-
ric—designed to assess benchmark-wide consis-
tency and interpretability, rather than serving as
a user-facing trustworthiness signal. Specifically,
ECS assesses the consistency between the gener-
ated explanation and the gold standard, relative to
the predicted label. As detailed in Table 2, we estab-
lish a five-level scoring rubric in which five discrete
consistency levels are normalized and mapped onto
the interval [0.2, 1.0]. It assigns graded reliability
weights to verification results, significantly attenu-
ating the contribution of “correct but hallucinated”
samples (e.g., Category T-CD) while affirming log-
ically consistent predictions with high confidence
scores (e.g., Category T-FC). To verify the reliabil-
ity of our LLM-as-a-Judge evaluator, we conduct a
human expert validation study, with detailed results
provided in Appendix F.

Category Label Acc Explain Cons ‘ Score

F-D F Full Discrepancy 0.2
F-C F Consistency 0.4
T-CD T Content Divergence | 0.6
T-PC T Partial Consistency 0.8
T-FC T Full Consistency 1.0

Table 2: Definition of ECS. Label Acc indicates the
accuracy of the fact verification, and Explain Cons rep-
resents the consistency of the explanation generated by
the system and the gold one that evaluated by LLM .

Integration: Hotspot Claim Perception Index
(HCPI). We formally define the HCPI metric to
quantify an AFC system’s HPA by dynamically
weighting each claim based on its influence score,
verification label, and the reliability coefficient,
ECS. First, we calculate an influence score s; for
each claim c¢; to capture its social impact. This
score integrates the risk level (r;) evaluated by GPT
and four hotspot indicators, views v, discussions d,
engagements e, and posts p, formulated as:

Si=1T; - Z wy - log(1 + ;) €))

rev,d,e,p

where w, denotes the weight for each indicator
derived from the statistical distribution of the raw
hotspot data, and the logarithmic term smooths the
heavy-tailed distribution of social media metrics.
A sensitivity analysis with +20% perturbations on
all w, shows negligible impact on HCPI scores
and fully consistent model rankings, confirming
the robustness of our metric. Based on this score,
we then define the HCPI metric as the normalized
influence-weighted score of N claims in Trend-

Fact: N
21':1 S(Cz‘> 33@)
N

i=15i

HCPI = ) 2)
where the numerator aggregates the AFC system’s
performance, while the denominator represents the
total social influence across the benchmark.

The core of HCPI lies in the scoring function
S(+), which integrates the ECS; and applies asym-
metric penalties based on error types. Let y; denote
the ground truth label and §; represent the system’s
predicted label. The scoring function is defined as:

. —2-8; if y; = SUP A §; = REF
S(ci, 9:) = . ~ 3
(e, 1) —1-s; if y; = NEI A §; = REF 3)
0 otherwise

The design rationale for this function is as follows:
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* Reliability-Weighted Score (s; - ECS;): For
samples with correct verification labels, we
multiply influence score by ECS-served re-
liability coefficient, to weight the final out-
come. This ensures that the evaluation ac-
counts for both trustworthy reasoning and
influence-aware essential for AFC systems.

¢ Critical and Conservative Penalty (—2s;
and —1s;): We impose varying penalties
for incorrect predictions labeled as REFUTE.
Specifically, a severe penalty is applied
for falsely debunking a true claim (y; =
SUP, §J; = REF), as labeling a true event as a
rumor causes fatal damage to credibility. Sim-
ilarly, a moderate penalty is used for fabri-
cating a debunking verdict without sufficient
evidence (y; = NEI, §J; = REF), thereby dis-
couraging unfounded judgments.

4 FactISR

In this section, we detail our proposed method,
FactISR, a reasoning framework designed to en-
hance the fact-checking capabilities and Hotspot
Perception Ability (HPA) of RLMs. As illustrated
in Figure 3, it consists of two key components: the
Dynamic Evidence Augmentation (DEA) and the
Iterative Self-Reflection (ISR). Unlike traditional
RAG, which loads evidences at once for reason-
ing, FactISR dynamically leverages DEA to sup-
plement evidence throughout the reasoning process.
And based on the claim’s influence score and the
intermediate reasoning results, ISR is selectively
activated by RLM to further refine this process and
achieve more accurate outcomes.

Dynamic Evidence Augmentation (DEA) Tra-
ditional RAG process loads all evidence at once,
which can lead to issues such as insufficient, re-

dundant, or irrelevant evidence, hindering accu-
rate judgment. To address these, FactISR’s DEA
module dynamically retrieves and adds relevant
evidence during the reasoning process based on on-
going analysis of RLMs. This continuous addition
of evidence guarantees more refined evidence and
produces better fact-checking performance.

Iterative Self-Reflection (ISR) Traditional RAG
evaluates all claims equally and lacks the capability
to adjust its reasoning budget based on a claim’s
popularity. Existing reflection mechanisms are typi-
cally reactive, triggering only when a model detects
its own uncertainty—a model-centric paradigm
that risks overlooking the social impact of high-
influence claims. This limitation can lead to redun-
dant inference for low-influence claims and insuffi-
cient reasoning for high-influence ones, ultimately
detracting from HPA performance. To address
these, we introduce the Iterative Self-Reflection
module, which shifts the reflection trigger from
internal model uncertainty to external social risk.
Rather than relying on the model’s self-assessed
confidence, ISR proactively initiates deeper reason-
ing when a claim is identified as having high social
impact, ensuring that high-stakes claims receive rig-
orous verification while computational resources
are allocated efficiently. This risk-centric reason-
ing paradigm is particularly essential in real-world
deployment scenarios where resources are finite.

Specifically, if a claim has a high influence score,
the probability of reflection reasoning increases.
Moreover, as the reasoning process advances, the
probability gradually decreases, effectively prevent-
ing excessive reflection. The formal definition of
the reflection probability is as follows:

Si — Smin n—1 (4)

P o— (. i Smin__
( Smax — Smin T € 7

]

Where P;* represents the probability of the n-
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Methods R@l R@2 R@3 R@5
BM25 -w/o date 12.08 2046 2598 33.70
BM25 12.99 20.76  26.65 3491
text-emb-ada-002 | 12.10 21.44 26.88 35.42
bge-m3(dense) 1410 2276 29.63 39.97

Table 3: Experimental Results on Evidence Retrieval.

th reflection for the i-th sample, while sy, and
Smax denote the minimum and maximum scores
among all claims, respectively. A small constant
€ is included to prevent division by zero, typically
setto 1 x 1078, The hyperparameter k € [0, 1] is
crucial for flexibly controlling the overall reflection
intensity across samples, with a default value of
1, and v € [0, 1] is the decay factor. where the
superscript n in " indicates exponentiation.

5 Experiment

5.1 Setup

Metrics For evidence retrieval task, we choose
R@k, where k=1,2,3,5. For verification task, we
choose Fl-macro, Precision, Recall, and Accu-
racy. For explanation generation task, in addition
to ECS, we also employ BLEU-4, ROUGE-(1, 2,
L), and BERTScore. For assessing the HPA of
fact-checking systems, we employ HCPI.

Baselines In this work, we choose the fol-
lowing types of methods as baseline, including
RLMs, LLMs, and existing fact-checking meth-
ods. For RLMs, we select the most advanced QwQ-
32B, QwQ-32B-Preview (qwe, 2024), Qwen3-32B
(Think) (Yang et al., 2025), and DeepSeek-R1-
0528 (Guo et al., 2025). For LLMs, we choose
GPT-4.1 (Hurst et al., 2024), DeepSeek-v3 (Liu
et al.,, 2024), and Qwen2.5-72B-Instruct (qwe,
2024), Qwen3-32B (No Think). For fact-checking
methods, we select PROGRAMEFC (Pan et al.,
2023) and CLAIMDECOMP (Chen et al., 2022).
For retrieval methods, we choose the following ad-
vanced methods, including BM-25 (without date),
BM-25, OpenAT’s text-embedding-ada-002, and
bge-m3 (dense) (Chen et al., 2024).

Experimental Settings The detailed experiment
settings are provided in the Appendix J.

5.2 Main Results

Evidence Retrieval Results We evaluate the se-
lected retrieval methods based on their ability to

Methods F1 P R Acc

PROGRAM-FC 4046 41.66 4330 43.17
CLAIMDECOMP 4253 44.18 4490 45.28
QwQ-32B-Preview 49.52 5232 5348 55.29
Qwen2.5-72B-instruct | 47.10 53.51 5251 55.96
Qwen3-32B(No think) | 50.06 53.00 5392 58.84
DeepSeek-V3-0324 52.10 55.19 5594 60.67
GPT-4.1 5245 5623 5588 61.29
Qwen3-32B(Think) 58.14 58.05 59.82 66.09
QwQ-32B 58.58 58.89 60.09 68.61
DeepSeek-R1-0528 58.89 59.15 60.58 68.44
FactISR(Qwen3-32B) | 58.68 58.55 60.84 67.49
FactISR(QwQ-32B) 61.17 61.04 6337 69.70

Table 4: Comparison of FactISR with other baselines
on fact verification task.

retrieve the target gold evidence from the Trend-
Fact evidence library. As shown in Table 3, the
best performing method, bge-m3, achieves a rela-
tively low performance with an R@5 less than 40%.
This suggests that our unique evidence library con-
struction effectively gathers challenging evidence
that distinguishes original gold evidence, thereby
increasing the difficulty.

Fact Verification Results We conduct a com-
prehensive evaluation of selected baselines on the
verification task of TrendFact, with the results pre-
sented in Table 4. The key findings are as follows:
First, traditional fact-checking methods perform
the worst, with all verification scores falling below
50%. Second, both LLMs and RLMs consistently
perform better than 50%. Notably, RLMs outper-
form LLMs, as they are better equipped to handle
the complex reasoning required by many Trend-
Fact samples. However, even the best-performing
DeepSeek-R1-0528 fails to achieve an overall ver-
ification score above 60%, highlighting the sig-
nificant challenge posed by the high-quality and
reasoning-intensive nature of TrendFact. Moreover,
FactISR contributes to improved verification per-
formance for RLMs. For instance, it enhances the
performance of the RLM QwQ-32B, enabling it
to achieve an overall verification F1 score of 61,
surpassing DeepSeek-R1-0528.

Explanation Generation Results We evaluate
both LLMs and RLMs on the explanation genera-
tion task in TrendFact, with the results presented in
Table 5. Our findings are as follows: First, RLMs
generally produce lower-quality explanations com-
pared to LLMs on surface-level metrics such as
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Methods ‘ HCPI ECS BLEU-4 BERTScore ROUGE-1 ROUGE-2 ROUGE-L
QwQ-32B-Preview 0.4820 0.7843  0.1573 0.7525 0.4699 0.2781 0.4048
Qwen2.5-72B-instruct | 0.5061  0.7207  0.2632 0.8015 0.5637 0.3712 0.5080
Qwen3-32B(No think) | 0.5001 0.7574  0.2491 0.8049 0.5649 0.3658 0.5106
DeepSeek-V3-0324 0.5427 0.7674  0.2360 0.7918 0.5423 0.3427 0.4887
GPT-4.1 0.5488 0.7726  0.2214 0.7735 0.5380 0.3341 0.4736
Qwen3-32B(Think) 0.5575 0.8332  0.2181 0.7836 0.5188 0.3138 0.4603
QwQ-32B 0.5621 0.8531 0.1940 0.7712 0.4896 0.2864 0.4247
DeepSeek-R1-0528 0.5681 0.8399  0.2041 0.7764 0.5016 0.2954 0.4383
FactISR(Qwen3-32B) | 0.5926 0.8426  0.2281 0.7912 0.5365 0.3334 0.4833
FactISR(OwQ-32B) 0.6010 0.8610 0.2175 0.7835 0.5156 0.3107 0.4592
Table 5: Comparison of FactISR with Other Baselines on Explanation Generation.
BLEU and ROUGE. However, this gap actually Methods ‘ F1 ECS HCPI
highlights the limitations of these metrics—they
. o FactISR(OwQ-32B) 61.17 0.8610 0.6010
measure surface-level lexical similarity rather than
. . o - w/o DEA 59.79 0.8501 0.5833
the validity of the reasoning process, which is pre-
cisely why we introduced ECS. We attribute this - wlo ISR o888 08388 05675
phenomenon to the design philosophy of RLMs: FactISR(Qwen3-32B) | 58.68 0.8426 0.5926
their training places greater emphasis on optimiz- - w/o DEA 5846 0.8372 0.5785
ing reasoning logic, at the cost of output fluency - w/o ISR 5830 0.8390 0.5650

and linguistic style. This observation is consistent
with the findings reported in several RLM technical
reports (Guo et al., 2025), which similarly note that
traditional metrics often fail to capture the true rea-
soning quality of RLMs, and explicitly highlight
challenges such as poor readability and language
mixing. Since FactISR is built upon an RLM and
deliberately avoids heavy few-shot prompting with
reference examples, its lower explanation quality
compared to non-reasoning LL.Ms is expected. Sec-
ond, RLMs outperform LLMs in explanation con-
sistency, as measured by ECS. This is expected, as
ECS reflects the alignment between explanations
and the model’s internal reasoning process. Fur-
thermore, FactISR enhances both the explanation
quality and consistency of RLMs. For example,
FactISR improves the performance of QwQ-32B
by 1-3 percentage points across all explanation
metrics, enabling it to approach the performance
of LLMs in explanation quality. This demonstrates
that, despite the inherent disadvantage of RLMs on
surface-level text metrics, FactISR can effectively
improve the explanatory expressiveness of RLMs
without relying on extensive reference examples.

HPA Assessment Results Since the verification
results affect the calculation of HCPI, RLMs nat-
urally exhibit a higher HCPI compared to LLMs.
However, without the capability to adjust reason-

Table 6: Ablation Study for Evaluating Each Compo-
nent of method FactISR.

Methods | FI Time Length
QwQ-32B 58.89 0.5960 2664

+ DEA 58.88  0.4594 (122.92%) 1442 (147.31%)
Qwen3-32B | 58.14 0.5515 2664

+ DEA 58.30 0.4380 (430.17%) 1316 (150.62%)

Table 7: Impact of DEA on Per-Sample Generation
Time and Input Evidence Length.

ing budgets according to claim influence, RLMs
risk redundant inference on low-influence claims
and insufficient reasoning on high-influence ones,
ultimately undermining HPA performance. In con-
trast, FactISR effectively addresses this imbalance
via the influence score-based ISR module com-
bined with DEA, improving the RLM’s HCPI score
by up to nearly 4%. Notably, FactISR’s modest
gains on standard metrics stem from our resource-
constrained experimental setup (average of 3 evi-
dence items per claim), under which standard met-
rics—by weighting all claims equally—inherently
fail to capture the targeted robustness on high-
impact events, which is precisely what HCPI is
designed to quantify.
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Figure 4: Performance comparison between RAG and
FactISR under resource constraints.

5.3 Ablation Study

Component Effectiveness We conduct experi-
ments by individually removing one of the two
modules from the fully integrated QwQ-32B and
Qwen3-32B. We evaluate comprehensive perfor-
mance using accuracy, ECS, and HCPI. The results
are shown in Table 6. It demonstrates that removing
any single module leads to performance degrada-
tion across all tasks, confirming the effectiveness
of all components in FactISR.

DEA Efficiency We conduct experiments to ana-
lyze the efficiency gains of the DEA module. Un-
like traditional RAG, which loads all evidence at
once, DEA dynamically introduces evidence to mit-
igate redundancy and information overload, opti-
mizing reasoning quality and efficiency rather than
directly boosting verification accuracy. As shown
in Table 7, DEA maintains accuracy while achiev-
ing maximum reductions of 30% and 50% in rea-
soning time and length, respectively. Notably, the
marginal performance drop in the ablation study
(w/o DEA) is largely attributable to the per-claim
evidence limit of 3 items imposed for experimental
fairness, which compresses DEA’s practical benefit
space. These results demonstrate that DEA effec-
tively mitigates reasoning inefficiencies caused by
lengthy evidence, making it particularly valuable
in resource-constrained settings.

Evaluation with Limited Resources We con-
duct experiments to evaluate the influence of Fac-
tISR on HPA performance and checking efficiency
of RLMs under resource constraints.

As shown in Figure 4, we adjust the number of
input evidence pieces for RAG and the reflection
intensity hyperparameter k for FactISR. It is evi-
dent that FactISR achieves a consistently higher
HPA with the same amount of evidence and signifi-
cantly reduces the average inference time required
to reach the same HPA level, thereby greatly im-
proving overall verification efficiency.

6 Conclusion

In this paper, we introduce TrendFact, the first
benchmark capable of evaluating HPA and all
fact-checking tasks. It comprises 7,643 challeng-
ing samples with an evidence library containing
366,634 entities through a rigorous construction
process. We also propose two novel metrics, ECS
and HCPI, to assess the explanation reliability and
HPA of automatic fact-checking (AFC) systems.
In addition, we present FactISR framework to en-
hance the HPA and computational efficiency for
RLMs-served checking systems. Experimental re-
sults demonstrate that TrendFact poses challenges
to existing AFC methods, while FactISR effectively
improves overall performance.

7 Limitations

In this paper, we propose a fact-checking bench-
mark, TrendFact, which includes structured natu-
ral language explanations. However, to improve
its real-time relevance, the claims in our dataset
are sourced from trending statements on platforms,
which require significant human effort to convert
into more complex reasoning claims. Additionally,
the evidence and explanations in the benchmark are
manually gathered and summarized, resulting in
high labor costs. We explore whether, in the future,
more powerful LLMs with human-like summariza-
tion abilities can alleviate this issue. Furthermore,
the current benchmark is limited to a single lan-
guage, and we aim to extend it to a multilingual
setting in future work to enhance its broader appli-
cability.

8 Ethics and Compliance

The claims in TrendFact are derived from trend-
ing platforms and existing datasets, with evidence
sourced from public content on the Internet, and
its construction does not violate relevant platform
rules or legal regulations (Calzada, 2022; Chen
and Sun, 2021), making it suitable for academic
research. Specifically, the claims collected from
trending platforms are taken exclusively from pub-
lic pages that do not require login. The collection
process strictly follows the platform’s open-access
agreements (e.g., Weibo Open Platform Agreement:
https://open.weibo.com), and only public data is
retrieved, without involving any non-public inter-
faces, private user content, or data requiring autho-
rization. During this process, we only collected
information such as trending titles, dates, and urls,
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which fall within the lowest-risk category, and do
not include sensitive data such as user nicknames
or user IDs. Date information is retained only to
the level of “year—month—day” rather than exact
timestamps; additionally, we applied rate limiting
(< 1 request per second) to avoid imposing load
on the servers.
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A Details of Data Attributes

The hotspot indicators of the TrendFact sample
include: views, discussions, posts, and engage-
ments. These indicators are crucial for assessing
the hotspot perception capabilities of fact-checking
systems. Specifically, views represent the number
of times the sample has been viewed on sampled
trending platforms; discussions indicate the num-
ber of times the sample has been discussed; posts
refer to the number of posts triggered by the sam-
ple; engagements represent the number of users

T-CD T-PC
96.82  95.68

T-FC
96.34

Category F-D F-C
Acc 100 98.96

Table 8: Human-LLM agreement rates (%) across five
ECS categories, based on manual expert validation of
over 100 randomly sampled instances.

involved. Additionally, the influence score, which
is assessed by an LLM to indicate the potential
threat level if the claim were false, ranges from 1
to 5, with 5 being the highest threat. This score
is also a key component in evaluating the hotspot
perception capabilities of fact-checking systems.
Figure 5 shows the data distribution of TrendFact
samples, including labels, gold evidence count, and
domains.

Public Health

m Science
48%
Politics
14%
Society Cluture
12%
Domain
NEI
Multi Evidence (Not Enough Info)
15% 19%
Single Evidence SUPPORT REFUTE
——/
85% 54% 27%
Evidence Quantity Label

Figure 5: Overview of the data distribution, including
labels, gold evidence count, and domains.

B Data Cleaning and Hard Example
Selection

Figure 6 demonstrates data cleaning examples from
the CHEF dataset, primarily showing the removal
of samples containing extensive garbled text in evi-
dence sources. For filtering trending headlines with
fact-checking potential from social platforms, this
paper implements a progressive human-Al collabo-
rative filtering strategy. The pipeline sequentially
eliminates headlines at different stages: (1) Initial
filtering using large language models (LLMs) with
stage-specific prompts, followed by (2) manual ver-
ification when sample quantities become manage-
able. This multi-stage approach yields challenging
yet verifiable candidate samples through layered re-
finement. Table 9 and Figure 7 respectively present
examples of stage-specific prompts and the sample
filtering workflow.
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Figure 6: Examples of CHEF Dataset Cleaning.

C Fact-Checking Claim Rewriting Factor

As shown in Table 10, six critical factors are pro-
posed to systematically transform social media
headlines into verifiable claims: (1) Temporal An-
choring converts vague temporal expressions into
specific time references; (2) Data Granularity de-
composes aggregated data into measurable units;
(3) Ambiguity Resolution replaces probabilistic
terms with deterministic statements; (4) Compara-
tive Standard introduces quantifiable benchmarks;
(5) Domain Knowledge integrates industry-specific
parameters; and (6) Source Implication embeds
provenance cues. These factors collectively en-
hance claim verifiability while preserving seman-
tic coherence for automated processing. Concrete
rewriting examples are illustrated in Figure 8.

D Annotate Evaluation Criteria

Our human evaluation criteria, as illustrated in Fig-
ure 2, are divided into three components: attribute-
level review, fact verification review, and explana-
tion generation review. Specifically, in the attribute-
level review, we assess the individual quality and
mutual consistency of each sample’s claim, evi-
dence, and explanation. For the fact verification
review, annotators independently determine the ve-
racity of each claim based on the corresponding
evidence and compare their judgments with the la-
beled result. In the explanation generation review,
we manually verify whether the annotated expla-
nation meets the predefined standards, given the

claim, evidence, and label of the sample.

E Evidence Library Construction Process

First, we employ GPT-4.1 to extract multiple key-
element phrases from the original claims and to
generate rewritten statements based on the original
claims. Figure 10 showcases the specific rewrit-
ing prompt. Specifically, we transform original
statements into challenging variants by maintain-
ing core fact relevance (relevance score >0.6) and
introducing at least three types of semantic alter-
ations: subject displacement (e.g., institution —
individual), causal inversion (e.g., "A leads to B"
— "B triggers A"), degree conversion (e.g., "sig-
nificant growth" — "slight fluctuation"), spatiotem-
poral shift (across years/regions), and quantifica-
tion method change (absolute value — percent-
age), allowing for reasonable logical leaps. The
rewritten claims are then processed through Bing
web retrieval, retaining the top 10 search results
and extracting their textual content. Subsequently,
we merge and deduplicate the newly collected ev-
idence with pre-existing gold evidence, followed
by publication date crawling for each webpage to
finalize the evidence library.

F Human Validation of LLM-as-a-Judge
for ECS

Table 8 demonstrates that the LL.M-as-a-Judge eval-
uator achieves strong agreement with human expert
assessments across all ECS categories.
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Figure 7: Examples of Progressively Staged Data Filtering Workflow for Fact-Checking Potential Data Selection.

G Prompt of FactISR

Figure 11 shows the prompt of FactISR.

H Example of FactISR

Figure 13 illustrates an example of FactISR. With-
out ISR, the model directly outputs a conclusion of
insufficient evidence and prematurely ends the rea-
soning process. Our reflection mechanism encour-
ages the model to reassess its previous judgment,
leading to a reconsideration that ultimately results
in the correct outcome.

I Experiments Under Gold Evidence
Conditions

Tables 11 and 12 present experimental results of
fact verification and explanation generation tasks
under gold evidence conditions for LLMs and
RLMs. Since gold evidence was pre-defined (ren-
dering the DEA module inapplicable), our FactISR
method is excluded from this comparison. The
results demonstrate significant improvements in
fact verification metrics (accuracy: +5-10 percent-
age points; F1) and explanation generation quality.
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The average monthly salary in the 2020-01-02  seeeeesssnes In the third quarter of 2019, the average salary for live streaming was ¥9,423 per month.
live streaming industry is ¥9,423. Besides streamers, positions such as video planning, scriptwriting, and directing, which
require creative planning skills, also offered good salaries, with the recruiting salary for
directors being the highest.
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Ket y Jati i ;j hed 2020-01-03  seeeeeeeeees In 2019, the frequency of real estate market regulations nationwide nearly doubled. and the
market regu'ations nationwide reached issuance of talent policies increased by over 40% compared to the same period last year.
as high as 620 times.
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for up to 5 days and is transmitted 2020-02-03  ceeeeeeeeees The novel coronavirus can survive for up to 5 days and is transmitted via droplets, but is
P ays ) ) more commonly spread through contact with hands.
through droplets and other means.
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Oil prices may experience three 2024-05-26  seseenserens l:l As of May 27th, 2024, domestic oil price adjustments have experienced "five increases, three

consecutive decreases.

decreases, and two pauses," with 92-octane gasoline seeing the largest decline.

Figure 8: Examples of Rewriting Trending Headlines into Fact-Checkable Claims.
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Figure 9: Evidence Library Construction Process.

Specifically, the fact verification accuracy of these
methods significantly improved by 5 to 10 per-
centage points, with DeepSeek-R1 and ol-preview
achieving scores of 77.92% and 78.98%, respec-
tively. Similarly, for the explanation generation
task, DeepSeek-V3 achieved a BLEU-4 score of
0.3573, which is nearly 0.1 points higher than when
using retrieval-based evidence.

J Details of the Experimental Settings

We conduct experiments on PyTorch? and 2 x A100
GPUs. The evaluation for ECS was conducted us-
ing GPT-4.1, while BERTScore evaluations are
conducted on chinese-bert-Base®. The small con-
stant € to prevent division by zero, the hyperpa-
rameter k£ controlling the reflection strength, and
the decay factor -y are set to 1 x 1078, 1 and 0.5,
respectively. The maximum number of reflections
is set to 3. The maximum input length is set to
16k, while the maximum output lengths for LLMs
and RLMs are set to 300 and 5k. The maximum
length of retrieved results is 3k. The maximum
number of retrievals is set to 3, and to ensure fair
comparison, the maximum number of dynamically

thtps://pytorch.org/
3https://huggingface.co/google—bert/
bert-base-chinese

added evidences by our DEA is also limited to the
same. All inference experiments utilized greedy
search as the strategy. In this paper, for the HCPI
metric, the values of «, 3, k and X used to calculate
the influence score are set to 0.05, 0.2, 0.15, and
0.6, respectively. Missing values are imputed using
the 25th percentile, and the scores are scaled to en-
sure that the ratio of the maximum to the minimum
influence score remains within a factor of 10.
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Iteration | Prompt

1 You are a trending topics analysis assistant, capable of accurately identifying the category of trending topics,
mainly referring to trends on platforms like Weibo and Baidu.
I will provide you with data on trending topics, and you need to help me determine their category.
Note: I do not want entertainment-related trending topics. This means you do not need to output specific
categories; you only need to decide whether a trending topic belongs to the entertainment category, and simply
output one word: "Yes" or "No."
Next, I will give you several examples for your reference in making judgments and outputs.
{Example Trending Topics}
Note: To emphasize again, you need to determine if a trending topic belongs to the entertainment category,
and output only one word (Yes/No)!
Note: If the trending topic is garbled text, also output No!

2 You are a trending topics analysis assistant, capable of accurately analyzing the category of trending topics,
mainly referring to trends such as Weibo and Baidu hot searches.
I will provide you with some trending topics data, and you need to help me determine whether these data are
in question form.
Note, you do not need to output specific categories; you only need to determine whether a trending topic is in
question form and simply output one word: "Yes" or "No."
Next, I will give you several examples for your reference to make judgments and outputs.
{Example Trending Topics}
Note: To emphasize again, you need to determine if the trending topic is in the form of a question and output
only one word (Yes/No)!
Note: Questions here may not necessarily contain a question mark or have obvious question features; they
might be guiding sentences designed to attract clicks.

3 You are a fact-checking assistant, capable of accurately determining whether the current input can serve as a
sample for fact-checking.
It is known that a fact-checking task involves assessing the truthfulness of a claim based on provided evidence.
However, I do not need to assess its truthfulness now; rather, I want to determine whether the current input
has the potential to serve as a sample for a fact-checking dataset.
I will provide you with real trending topics data from Weibo, and you need to help me assess whether these
data have the potential to be included as samples in a fact-checking dataset.
Note, you do not need to identify where the potential lies; you only need to output one word: "Yes" or "No."
Next, I will give you several examples for your reference to make judgments and outputs. Examples are as
follows:
{Example Trending Topics}
Note: You need to assess whether the trending topic has the potential to serve as a sample for a fact-checking
dataset, and output only one word (Yes/No)!
Note: Having potential means it contains elements that can be assessed and requires support from evidence,
rather than abrupt statements or blessing words, etc.!

4 You are a fact-checking assistant, capable of accurately determining whether the current input can serve as a

sample for fact-checking.

It is known that a fact-checking task involves assessing the truthfulness of a claim based on provided evidence.
However, I do not need to assess its truthfulness now; rather, I want to determine whether the current input
has the potential to serve as a sample for fact-checking.

More specifically, if the current input is merely in noun form, then it does not have the potential to be included
as a sample in a fact-checking dataset.

I will provide you with real trending topics data from Weibo, and you need to help me assess whether these
data have the potential to be included as samples in a fact-checking dataset.

Note, you do not need to identify where the potential lies; you only need to output one word: "Yes" or "No."
Next, I will give you several examples for your reference to make judgments and outputs. Examples are as
follows:

{More Challenging Trending Topic Examples}

Note: To emphasize again, you need to assess whether the trending topic has the potential to serve as a sample
for a fact-checking dataset, and output only one word (Yes/No)!

Note: Having potential means it is not merely a noun and contains elements that can be assessed, requiring
support from evidence, rather than abrupt statements or blessing words, etc.!

Table 9: Progressively Staged Prompts for Fact-Checking Potential Selection.
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Factor Category Definition Rewriting Mechanism

Temporal Anchoring Adding/specifying temporal refer- Transforming vague temporal ex-

ence pressions into specific time nodes
Data Granularity Disaggregating composite data into Decomposing aggregated data
verifiable units into independently verifiable di-

mensions

Ambiguity Resolution  Eliminating probabilistic/uncertain Replacing fuzzy quantifiers with
expressions deterministic statements

Comparative Standard  Establishing quantifiable reference Introducing quantified compari-

standards son objects and proportions
Domain Knowledge Incorporating professional contex- Supplementing industry-specific

tual information parameters or mechanisms
Source Implication Indirectly indicating information Using industry-characteristic ex-

provenance pressions to imply data sources

Table 10: Fact-Checking Claim Rewriting Factor

Methods Acc F1 P R

PROGRAM-FC 56.55 54.05 54.17 56.62
CLAIMDECOMP | 59.35 56.86 56.65 59.41

Qwen-72B-instruct | 65.14 60.56 66.97 63.65
QwQ-32B-Preview | 65.31 61.76 63.68 65.53

DeepSeek-V3 63.74 60.31 66.09 63.96
GPT4.1 7229 69.68 69.02 72.88
DeepSeek-R1 7792 7256 7372 72.64
ol-preview 7898 75.16 75.13 75.72

Table 11: Experimental Results of Baselines Under Gold Evidence Conditions in Fact Verification Task.

Methods BLEU-4 BERTScore ROUGE-1 ROUGE-2 ROUGE-L ECS

QwQ-32B-Preview | 0.2093 0.7804 0.5330 0.3459 0.4669 0.8198
Qwen-72B-instruct | 0.3366 0.8364 0.6441 0.4589 0.5906 0.7787
DeepSeek-V3 0.3573 0.8432 0.6596 0.4805 0.6087 0.7812
GPT4.1 0.2958 0.8270 0.6191 0.4189 0.5561 0.8622
DeepSeek-R1 0.2705 0.8143 0.5832 0.3821 0.5188 0.9115
ol-preview 0.2693 0.8022 0.5602 0.3960 0.5206 0.8986

Table 12: Experimental Results of Baselines Under Gold Evidence Conditions in Explanation Generation Task.
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7

Claim Rewriting Prompt for Evidence Retrieval

In-Depth Claim Rewriting Guidelines for Fact-Checking Systems

Core Objective
Generate challenging adversarial variants through transformative claim rewriting, requiring:

1. Maintain core factual relevance (semantic similarity score > 0.6)
2. Incorporate at least three semantic transformations from:

Subject substitution (e.g., organization — individual)

Causal inversion (e.g., "A causes B" — "B triggers A")

Magnitude alteration (e.g., "significant increase" — "minor fluctuation")
Spatiotemporal shift (across years/regions)

Quantification method change (absolute numbers — percentages)

3. Permit reasonable logical leaps
Transformation Strategies

Subject Generalization: "Tesla brake incidents" — "Safety defects in an EV manufacturer" (Difficulty: Medium)
Temporal Ambiguity: "Q2 2023" — "Recent summer seasons" (Difficulty: Low)

Data Recontextualization: "30% growth" — "Falling short of projections" (Difficulty: High)

Causal Restructuring: "Smoking causes lung cancer" — "Lung cancer patients frequently have smoking history" (Difficulty:
Very High)

Composite Transformation: "20% PM2.5 reduction in Beijing 2023" — "Northern China's air quality improvements failed to
meet pledged targets" (Difficulty: Expert)

Input-Output Demonstration

[ Input:

"Tesla Model 3 sales in China increased 45% YoY in 2023, accounting for 18% of total NEV sales"
Outputs:

1. "A foreign EV brand's China market share exceeded 15% last year despite growth rates below industry expectations"
2. "North China sales records suggest potential discrepancies in delivery figures for a popular EV model during 2022-2023"

3. "Industry sources indicate leading EV manufacturers achieved annual sales growth primarily through price reductions"

Implementation Requirements
Generate ONE adversarial paraphrase that:

Modifies >3 critical elements
Employs distinct transformation strategies
Maintains surface plausibility
Avoids explicit factual errors

Output format: Modified claim only (omit transformation labels)

Figure 10: Claim Rewriting Prompt for Evidence Retrieval.
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Prompt of FactISR

ask Description

[You are a fact-checking expert with retrieval capabilities. You need to determine the veracity of a given statement based on evidence
and provide a textual explanation.

The labels for statements are limited to three types: true, false, or insufficient evidence.
The system will provide initial evidence. If the existing evidence is insufficient to determine the veracity, you must use retrieval tools to|
gather additional evidence.

Tools

I will provide you with retrieval tools to add additional evidence.

Output Format

Your output should follow one of the two formats below:

<explanation>
Generate a textual explanation for the confirmed answer to present to the user.
</explanation>

[Notes

1. You must strictly adhere to the two formats above.

2. Do not mention in your response that you need to call search tools!

3. If the additional evidence returned by the system is still insufficient to determine the veracity of the statement, you should|
continue using the tools to add evidence rather than responding directly. You can call the tools multiple times until the system|
reaches the maximum call limit.

4. Some statements have a broader impact and wider dissemination. Users may ask you to reconsider these statements. In such|
cases, prioritize responding to the user's request. If you find no issues with the previous reasoning logic, simply repeat thel
previous textual explanation in the correct format, i.e., [<explanation>M</explanation> WUy you identify errors in the previous|
reasoning, correct them promptly and proceed with the next step (continue calling tools to gather more information or reassess
the veracity based on existing information and generate a new explanation in the correct format).

5. When making time-related judgments, if the publication date is empty, use the actual date mentioned in the evidence. Otherwise,
assume the current evidence aligns with the statement in terms of time.

6. Never conclude "insufficient evidence" without collecting adequate evidence first.

7. Labeling an ambiguous statement as false (a rumor) can have more severe consequences unless the evidence contains sufficient
details to justify labeling it as false.

8. Keep the final explanation concise, ideally within 150 words, and no more than 300 words!

[Fianl Explanation Output Format

1. True:

N

The evidence indicates [...] Therefore, the claim is refuted sUSNIEItItIeg

3. Insufficient Evidence:

~1

The evidence indicates [...] Therefore, the claim cannot be verified due to insufficient evidence. sSSaEEISOWN

Figure 11: English-Translated FactISR Prompt (partial formatting directives omitted for space constraints).
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Claim: In China, crimes committed more than 20 years ago cannot be prosecuted under criminal proceedings.

I*l <think>

Alright, I need to assess the veracity of the statement "In China, crimes committed more than 20 years ago cannot be
prosecuted under criminal proceedings.” First, examining the initial evidence, the user-provided Supreme People's
[Procuratorate report primarily discusses trends in criminal activity from 1999 to 2019, such as decreases in violent crime
and increases in economic crime, but does not directly address the statute of limitations for prosecution. Therefore, the
existing evidence does not cover whether crimes committed over 20 years ago are exempt from prosecution,
necessitating further investigation into relevant legal provisions. Due to insufficient current evidence, additional
evidence is required for verification.

</think>

'tool calls": [{'type": "function’,'function": {'name': '"AddEvidence', 'arguments":

ég {'role': 'tool', 'name': 'AddEvidence', 'content': '......"}

Kél<think>

Alright, I now have an additional piece of evidence, which I'll evaluate alongside the previous content to determine if it
can verify the current claim. The new evidence is from the 2020 Amendment (XI) to the Criminal Law, which primarily
deals with revisions concerning the age of criminal responsibility and hindrance of infectious disease prevention, but
does not directly specify the statute of limitations period for prosecution. Therefore, further legal text investigation is
needed to address the statute of limitations issue. Current evidence remains insufficient, necessitating additional
evidence for verification.

</think>

'tool calls': [ e': "function','function': {'name': 'AddEvidence', 'arcuments':

{'role": 'tool', 'name': 'AddEvidence', 'content": '......"}

l* »<think>

Alright, I now have another piece of evidence, and I'll evaluate it along with the previous content to determine if it can
verify the claim's accuracy. The new data from the Ministry of Public Security shows a decline in crime rates but does
not address specific provisions concerning the statute of limitations. With evidence added twice, further additions are
not possible. According to Article 87 of the Chinese Criminal Law, the statute of limitations varies by punishment type,
with a maximum of 20 years, but if the crime is not prosecuted within this period without special circumstances, it may
no longer be pursued. The claim that "after 20 years, crimes cannot be prosecuted" is overly absolute. Article 88 states
that if the crime is discovered after the limitation period has passed, the prosecution may be initiated by the
procuratorate. Therefore, the existing evidence indicates that the statement is not entirely accurate.

</think>

The evidence indicates that according to Chinese Criminal Law, the statute of limitations for prosecuting crimes

varies depending on the type of punishment, with a maximum of 20 years. However, if a crime is discovered after
the limitation period has expired, the procuratorate can still prosecute according to the law. Therefore, the claim
is incorrect.

Figure 12: Example of Dynamic Evidence Addition.
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FactISR Example
Claim: On May 2, 2022, the price of electricity in France surged to four times its historical lowest price.

'*'<think>

Okay, I need to determine whether the statement "On May 2, 2022, the price of electricity in France surged to four times its historical lowest price." i
s true. First, let's look at the initial evidence, which mentions that French electricity prices surged by 400%, and that May 2 became a trending topic.
he evidence states that the price rose to four times that of the same period last year, but the statement refers to "four times the historical lowest pric
e." There might be a crucial difference here. Are the historical lowest price and the price from the same period last year the same? If the French electri]
city price in the same period last year was not the historical lowest, then the statement might be inaccurate. It is necessary to confirm whether the elec
tricity price on May 2, 2022, was indeed four times the historical lowest price. This may require searching for historical data on French electricity pric|
es, especially the lowest price in the past ten years, as well as the actual price in May 2022. If the evidence does not explicitly mention the historical |
owest price, further research may be needed. However, the current evidence only mentions that the price rose to four times that of the same period last
ear, without mentioning the historical lowest price, so the statement may be inaccurate. It is necessary to use tools to obtain more information.

</think>

'tool calls': [{'type": "function’,'function": {'name": '"AddEvidence', 'arguments": {'num": 1}}}

& {'role": 'tool', 'name": '"AddEvidence', 'content': '......"}

k§'<think>

Okay, now I need to analyze the user's statement and the provided evidence again. The user's statement is: "On May 2, 2022, French electricity prices

soared to four times the historical lowest price." Both the initial and supplementary evidence mention that French electricity prices surged by 400% o

n May 2, 2022, which means they rose to four times the price of the same period last year. However, the issue is that the statement refers to "four time
s the historical lowest price," while the evidence does not mention the historical lowest price, only making a comparison with the same period last yea
r. Therefore, it is necessary to confirm whether the electricity price during the same period last year was indeed the historical lowest. If the price durin
2 the same period last year was already the historical lowest, then the statement is accurate; otherwise, the statement may be inaccurate. Since the exis
ting evidence does not provide historical price data, further investigation is needed to find the historical lowest point of French electricity prices, but t
he user may not be able to provide more evidence. Therefore, based on the current information, it is not possible to determine whether the price was f
our times the historical lowest; we can only conclude that the evidence is insufficient

</think>

<explanation>

[The evidence shows that on May 2, 2022, French electricity prices rose to four times the level of the same period last year, but did not mention the sp

ecific value of the "historical lowest price." Therefore, the evidence is insufficient to verify the accuracy of the current statement.

<explanation>
L , Reflection . J
P<think>

I should reflect on my previous reasoning to ensure the accuracy of my judgment. It is correct that the evidence did not mention the specific value of t
he "historical lowest price." However, I made the mistake of drawing a conclusion prematurely after adding only one piece of evidence. In fact, when
evidence is insufficient, I should continue to add more evidence until there is clear information to support my judgment or until the maximum number
of additions is reached. Therefore, regarding the current statement, I should continue to use tools to obtain more information.

</think>

'§'<think>

Okay, based on the newly supplemented information, I have obtained the historical lowest price of French electricity. On May 2, 2022, the French ele
ctricity price was much more than four times the historical lowest price. Therefore, this statement can be judged as false.

</think>

<explanation>

[The evidence shows that on May 2, 2022, French electricity prices surged to four times the level of the same period last year, not four times the histori
cal lowest price. Therefore, this statement is incorrect.
<explanation>

Figure 13: An Example of FactISR.
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