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Abstract

The rapid development of Large Language
Models (LLMs) has transformed fake news de-
tection and fact-checking tasks from simple
classification to complex reasoning. However,
evaluation frameworks have not kept pace. Cur-
rent benchmarks are static, making them vulner-
able to benchmark data contamination (BDC)
and ineffective at assessing reasoning under
temporal uncertainty. To address this, we intro-
duce LiveFact1 a continuously updated bench-
mark that simulates the real-world "fog of war"
in misinformation detection. LiveFact uses
dynamic, temporal evidence sets to evaluate
models on their ability to reason with evolving,
incomplete information rather than on mem-
orized knowledge. We propose a dual-mode
evaluation: Classification Mode for final verifi-
cation and Inference Mode for evidence-based
reasoning, along with a component to moni-
tor BDC explicitly. Tests with 22 LLMs show
that open-source Mixture-of-Experts models,
such as Qwen3-235B-A22B, now match or out-
perform proprietary state-of-the-art systems.
More importantly, our analysis finds a signifi-
cant "reasoning gap." Capable models exhibit
epistemic humility by recognizing unverifiable
claims in early data slices-an aspect traditional
static benchmarks overlook. LiveFact sets a
sustainable standard for evaluating robust, tem-
porally aware AI verification.

1 Introduction

Fake news detection has long been a foundational
task in Natural Language Processing (NLP) and
information verification, evolving from simple lin-
guistic analysis to complex system verifications
(Guo et al., 2022). Early research treated this as a
binary classification problem, relying heavily on
feature engineering, such as writing style analysis,
word-frequency statistics, and sentiment patterns

1https://github.com/bebxy/livefact
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Figure 1: Cost-performance trade-off on LiveFact (Nov.
2025). Qwen3-235B-A22B-Instruct-2507 achieves the
best performance (72.4%), while Qwen3-30B-A3B-
Instruct-2507 provides optimal cost-efficiency at 14×
lower cost than comparable GPT models.

(Zhou and Zafarani, 2020). As social media plat-
forms proliferated, the scope expanded to include
propagation analysis, where researchers modeled
the spread of information across networks to iden-
tify anomalies (Rocha et al., 2021; Sadeghi et al.,
2022; Mishra, 2020; Chen et al., 2023). These
traditional approaches laid the groundwork for au-
tomated verification, but they were largely con-
strained by reliance on static features that cannot
capture the semantic depth required for effective
detection of fake news (Xu et al., 2025b; Xu and
Kechadi, 2025).

The advent of Large Language Models (LLMs)
has fundamentally transformed this landscape
(OpenAI, 2024; Anthropic, 2024; Team et al.,
2024), shifting the paradigm from pattern recog-
nition to semantic reasoning (Zhang et al., 2024b;
Havrilla et al., 2024; Tong et al., 2025). Modern
LLMs possess unprecedented capabilities in knowl-
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edge retrieval, context understanding, and logical
inference, enabling them to approach fact-checking
with a level of sophistication that mirrors human
cognition (Zhang et al., 2025; Xiao et al., 2025; Ma
et al., 2024b). The task has consequently evolved
from simple "true/false" classification into a com-
plex reasoning challenge. Systems are now re-
quired to verify claims against multi-hop evidence,
identify contradictions in long-form context, and
provide interpretable explanations for their verdicts
(Liao et al., 2023; Atanasova et al., 2020; Alhindi
et al., 2018). This shift has raised the ceiling for
what is possible in automated fake news detection.

However, there is a critical misalignment be-
tween the rapid advancement of LLMs and the
stagnation of the benchmarks used to evaluate them
(Xu and Yan, 2025). The field of fake news detec-
tion has not kept pace with the generative AI rev-
olution, leading to a "capability-evaluation gap."
Current mainstream benchmarks remain static, of-
fering fixed snapshots of information that cannot
challenge the dynamic capabilities of modern mod-
els (e.g., OpenAI’s latest GPT-5.2 model has a
knowledge cutoff of August 20252). They typically
present a "God-view" scenario in which all relevant
evidence is perfectly aggregated, ignoring the tem-
poral nuances and information scarcity, which de-
fine real-world fake news detection. Furthermore,
because these static datasets are frequently ingested
into the massive training corpora of LLMs, they
carry high risks of Benchmark Data Contamination
(BDC) (Xu et al., 2024; Sun et al., 2025), making
it difficult to discern whether a model is genuinely
reasoning or merely reciting memorized training
data (Lee et al., 2022; Sainz et al., 2023; Zhou et al.,
2023; McIntosh et al., 2024; Deng et al., 2024).

The root cause of these limitations lies in the
static nature of dataset construction, which directly
conflicts with the evolving nature of news and
the continuous pre-training of LLMs (White et al.,
2025; Chen et al., 2025b). To bridge this gap, we
must fundamentally rethink evaluation paradigms.
A robust solution requires transitioning from static
archives to dynamic, living benchmarks that con-
tinuously update with the news cycle. Furthermore,
evaluation must move beyond simple fact retrieval
to test reasoning under uncertainty, simulating the
"fog of war" where evidence is incomplete or evolv-
ing. Only by controlling for time and BDC can we

2https://platform.openai.com/docs/models/
gpt-5.2

accurately measure an LLM’s true utility as a fake
news detection assistant.

To address these issues, we introduce LiveFact,
a benchmark designed to rigorously evaluate fake
news detection with LLMs in a dynamic environ-
ment. LiveFact specifically contributes the follow-
ing:

1. Dynamic Benchmarking: We continuously
update the dataset on a monthly basis using
the latest news, ensuring zero-shot evaluation
on unseen events and minimizing BDC risk.

2. Sustainable Contamination Monitoring:
We employ Semantic Sensitivity Amplifier
(SSA) framework (Xu et al., 2025b) with en-
tity shift mechanism to explicitly measure and
mitigate memorization risks.

3. Fine-Grained Temporal Evidence: We uti-
lize dynamic time-sliced evidence sets (e.g.,
E(−3) vs. E(+3)) to simulate real-world infor-
mation evolution.

4. Dual-Mode Evaluation: We employ both
Inference Mode (reasoning based on avail-
able evidence) and Classification Mode
(knowledge-based verification) to disentangle
reasoning skills from internal knowledge.

2 Related Work

The early era of fake news detection was defined
by static datasets and feature-based learning. Pio-
neering benchmarks such as LIAR (Wang, 2017)
and FakeNewsNet (Shu et al., 2020) provided la-
beled short statements from political contexts, en-
abling classifiers that rely on linguistic cues and
metadata. Subsequent iterations, such as LIAR-
PLUS (Alhindi et al., 2018) and LIAR2 (Xu and
Kechadi, 2024, 2023), attempted to add evidence
context, while other datasets focused on social con-
text and propagation graphs (Meyers et al., 2020;
Gong et al., 2023; Zhu et al., 2024; Si et al., 2023;
Huang et al., 2025; Cao et al., 2025; Zheng et al.,
2025). While foundational, these benchmarks are
not adequate for LLMs. They are typically small-
scale, domain-specific (often limited to U.S. pol-
itics), and, most critically, static. Thus, modern
LLMs, which have likely seen this data during pre-
training, can solve them via memorization rather
than reasoning (White et al., 2025). Furthermore,
the evidence in these older datasets is often sim-
plistic, lacking the multi-hop complexity required
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Benchmark Author Type Update Evidence Temporal BDC Control Evaluation Focus

LIAR Wang (2017) Static ✗ ✗ ✗ ✗ Classification
LIAR-PLUS Alhindi et al. (2018) Static ✗ ✓ ✗ ✗ Classification
FEVER Thorne et al. (2018) Static ✗ ✓ ✗ ✗ Classification
HotpotQA Yang et al. (2018) Static ✗ ✓ ✗ ✗ Reasoning
NELA-GT-2018 Nørregaard et al. (2019) Static ✗ ✗ ✗ ✗ Classification
FakeNewsNet Shu et al. (2020) Static ✗ ✗ ✗ ✗ Classification
HoVer Jiang et al. (2020) Static ✗ ✓ ✗ ✗ Reasoning
PolitiHop Ostrowski et al. (2021) Static ✗ ✓ ✗ ✗ Reasoning
CHECKED Yang et al. (2021) Static ✗ ✓ ✓ ✗ Classification
Weibo23 Liu et al. (2024) Static ✗ ✓ ✗ ✗ Classification
MCFEND Li et al. (2024) Static ✗ ✓ ✗ ✗ Classification
FineFake Zhou et al. (2024) Static ✗ ✓ ✗ ✗ Classification
MultiHoax Shafiei et al. (2025) Static ✗ ✓ ✗ ✗ Reasoning
MMFakeBench Liu et al. (2025) Static ✗ ✓ ✗ ✗ Classification
MPPFND Zhao et al. (2025) Static ✗ ✓ ✓ ✗ Classification
AdvFake Chen et al. (2025a) Dynamic ✗ ✓ ✓ Medium Classification
TripleFact Xu and Yan (2025) Dynamic ✗ ✓ ✗ Medium Classification
LiveFact Ours Dynamic ✓ ✓ ✓ High Reasoning & Classification

Table 1: Comparison of LiveFact with existing representative fake news detection benchmarks.

to evaluate current generative models (Ostrowski
et al., 2021).

As LLMs have become widely used, research
has shifted toward more complex, reasoning-
intensive frameworks. MultiHoax (Shafiei et al.,
2025) introduced false-premise questions to test
critical thinking, while MMCV (Wang et al., 2025)
extended verification into the multimodal domain.
MUSER (Liao et al., 2023) and MSynFD (Xiao
et al., 2024) introduced multi-step retrieval and
syntax-aware mechanisms to handle complex nar-
rative structures. Similarly, EX-FEVER (Ma et al.,
2024a) emphasized explainability, requiring mod-
els to generate reasoning paths. While these works
represent a significant leap forward in task com-
plexity, they still rely on static data snapshots, leav-
ing them vulnerable to the rapid obsolescence and
contamination inherent in fixed datasets.

Despite these advancements, we face a "validity
crisis" stemming from BDC and the lack of tempo-
ral realism (Xu et al., 2025a; Zhang et al., 2024a).
Static benchmarks cannot guarantee that a model
is reasoning on unseen data and do not capture
the temporal constraints of real-world verification
(Walter et al., 2020).

Recently, AdvFake (Chen et al., 2025a) tried to
address BDC problem dynamically through real-
time adversarial generation to stress-test RAG sys-
tems. While sharing our dynamic philosophy, Live-
Fact differs fundamentally: rather than focusing
on adversarial deception, we isolate temporal rea-
soning and epistemic humility through strictly con-
trolled time-sliced evidence (the "Fog of War").

The benchmark most closely aligned with Live-

Fact’s philosophy is LiveBench3 (White et al.,
2025), which uses a regularly updated design to
mitigate contamination. However, LiveBench is
not designed for fake news detection; instead, it
evaluates general LLM capabilities such as coding,
mathematics, and data analysis. Consequently, it
lacks the specific evidential reasoning structures
required to verify complex claims in the misinfor-
mation domain. In the realm of fake news detection,
the most recent attempt is TripleFact (Xu and Yan,
2025). However, it remains a highly limited concep-
tual framework. Due to strict data copyright issues,
the TripleFact dataset cannot be publicly released,
and it lacks critical components such as continuous
updates and temporal evidence slicing. Addition-
ally, other recent benchmarks like FreeEval (Yu
et al., 2024) and TreeEval (Li et al., 2025c) in-
corporate advanced evaluation methodologies, but
they do not address the specific constraints of the
fake news detection domain.

To the best of our knowledge, as shown in Table
1, LiveFact is the first fake news detection bench-
mark to simultaneously address dynamic updates,
contamination control, and temporal reasoning, fill-
ing the critical gaps left by existing works.

3 The LiveFact Benchmark

3.1 Motivation

LiveFact is designed around three core principles
that address the limitations identified in Section 2.
First, to combat BDC, we implement continuous
monthly updates using the latest news events, en-

3https://livebench.ai/
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Figure 2: The overall framework of the LiveFact Benchmark. (A) The Monthly Development Pipeline illustrates the
continuous process of acquiring real-time events, generating claims and context via LLMs, and performing human
verification. (B) The Problem Formalism specifies the task as conditional reasoning under temporal constraints,
utilizing time-sliced evidence sets (e.g., Pre-Event E(−3) vs. Post-Event E(+3)) to simulate the "fog of war." (C)
The Evaluation framework details the Dual-Mode approach (separating prediction vs. reasoning capabilities) and
the integration of the SSA Framework to quantify BDC risk via entity shift mechanism.

suring evaluation data remain unseen during model
pre-training. Second, to assess genuine reasoning
rather than knowledge retrieval, we introduce a
temporal evidence structure that simulates the "fog
of war"—providing models with evidence sets of
varying completeness (E(δ)) to test their ability to
recognize information gaps. Third, to disentangle
reasoning from memorization, we employ a dual-
mode evaluation: Classification Mode tests fac-
tual accuracy against ground truth, while Inference
Mode tests whether models appropriately predict
"Ambiguous" when evidence is insufficient. These
principles are formalized in the following section.

3.2 Problem Definition
We formalize the LiveFact task as a conditional
reasoning problem under temporal constraints. Let
E = {e1, e2, . . . , eM} denote a set of M news
events, where each event ej is associated with a
headline date Tj . For each event ej , we construct
a set of claims Cj = {cj,1, cj,2, . . .}, where each
claim c ∈ Cj is a statement about event ej . We de-
note the full dataset as D = {(ci, e(ci), ki, yi)}Ni=1,
consisting of N claim instances, where e(ci) de-
notes the event associated with claim ci, ki is
the static background context describing the fun-
damental entities involved (e.g., "Donald Trump
is the current President of the United States..."),
and yi ∈ Y is the ground-truth label with Y =
{REAL, FAKE, AMBIGUOUS}.

To simulate the "fog of war" inherent in real-time
verification, we construct time-sliced evidence sets
based on the headline date of each event. For an
event with headline date T , we define E(δ) as the
evidence set containing only information available
up to day T + δ, where δ ∈ {−3, 0,+3} repre-
sents the temporal offset in days. For instance,
E(−3) contains evidence published at least three
days before the event, E(0) includes evidence up to
the headline date, and E(+3) incorporates evidence
available three days after the event.

Given a LLMs fθ parameterized by θ, the model
predicts a verdict based on the claim, time-sliced
evidence, and background context:

ŷ
(δ)
i = fθ

(
ci, E

(δ)
i , ki

)
(1)

where E
(δ)
i denotes the evidence set at temporal

offset δ for the event associated with claim ci, and
ŷ
(δ)
i ∈ Y is the predicted label.

We evaluate models under two distinct modes:

• Classification Mode (m = CLS): The
ground-truth label yCLS

i is the definitive, time-
invariant verification label representing the
ultimate factual status of the claim.

• Inference Mode (m = INF): The ground-
truth label yINF,(δ)

i is dynamic, determined by
whether the partial evidence E

(δ)
i is sufficient
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to support a correct judgment at the given tem-
poral offset.

Let m ∈ {CLS, INF} denote the evaluation mode,
and let ym,(δ)

i denote the corresponding ground-
truth label (where y

CLS,(δ)
i = yCLS

i is time-invariant
for Classification Mode). We measure performance
using accuracy and macro-averaged F1 score:

Accmδ =
1

N

N∑

i=1

⊮
[
ŷ
(δ)
i = y

m,(δ)
i

]
(2)

F1mδ =
1

|Y|
∑

y∈Y

2 · Pm,(δ)
y ·Rm,(δ)

y

P
m,(δ)
y +R

m,(δ)
y

(3)

where ⊮[·] is the indicator function that returns 1 if
the condition is true and 0 otherwise, and P

m,(δ)
y

and R
m,(δ)
y denote precision and recall for class y ∈

Y under mode m at temporal offset δ, respectively.
To monitor the risk of BDC, we integrate the

SSA framework (Xu et al., 2025b). For each in-
stance, we generate a counterfactual claim c′i via
an Entity Shift mechanism, along with correspond-
ing shifted evidence E

′(δ)
i and context k′i. Key

entities are replaced with semantically equivalent
but fictional alternatives (e.g., "Trump" → "Wan-
netta") to isolate reasoning from memorization. Let
ŷ
′(δ)
i = fθ(c

′
i, E

′(δ)
i , k′i) denote the prediction on

the shifted instance.
We define the Overturn Rate (OTR) as the pro-

portion of instances where the model’s prediction
changes solely due to entity replacement:

OTR =
1

N

N∑

i=1

⊮
[
ŷ
(δ)
i ̸= ŷ

′(δ)
i

]
(4)

Let ∆ denote the performance gap between the
original and shifted evaluations:

∆ = Metric−Metricshift (5)

where Metric refers to any evaluation metric (e.g.,
accuracy or F1 score). The final contamination
indicator is:

SSA Factor = ∆×OTR× 100 (6)

A high SSA-Factor indicates that the model re-
lies on spurious correlations or memorized entity-
specific knowledge rather than robust evidence-
based reasoning.

3.3 LiveFact Development Pipeline

As shown in Figure 2, the construction of Live-
Fact is a rigorous, multi-stage process designed to
ensure data freshness, accuracy, and depth. The
pipeline is automated for monthly updates while
incorporating human oversight to guarantee qual-
ity. For this inaugural iteration, our data collection
spanned November 2025.

3.3.1 Stage 1: Event Retrieval
We initiate the pipeline by collecting the latest high-
impact news events. Using the Google News API,
we systematically scrape trending events from the
"World" section daily at 00:00 GMT. This ensures a
consistent global scope for our dataset. To maintain
dataset quality and reduce redundancy, we apply
a rigorous deduplication and filtering process, re-
moving overlapping storylines and low-relevance
items. For the November 2025 cycle, this process
yielded a core Event Set of 737 distinct events.

3.3.2 Stage 2: Time-Aware Evidence
Construction

To support our temporal reasoning analysis ("Fog
of War"), we construct evidence sets anchored to
specific time offsets relative to the event’s headline
date (T ). We specifically target three distinct tem-
poral offsets: δ = −3 (three days prior), δ = 0
(the event headline date), and δ = +3 (three days
post-event). Leveraging Google APIs, we query for
information strictly bounded by these timestamps,
resulting in three discrete evidence sets for each
event: E(−3), E(0), and E(+3). In total, we gath-
ered 25,064 distinct pieces of evidence across the
737 events, providing a rich informational back-
drop for temporal analysis. Further technical speci-
fications are detailed in Appendix A.1.

3.3.3 Stage 3: Claim and Context Generation
Once the raw data are aggregated, we employ Ope-
nAI’s o4-mini4, one of the most advanced reason-
ing models available, to synthesize the testing com-
ponents. We input the main news headline and all
associated time-stamped evidence into the model to
generate two key outputs: (1) a concise background
Context for the entities involved, and (2) a set of
Claims categorized into three labels: Real, Ambigu-
ous, and Fake. For the current dataset, this stage
produced a total of 4,392 test sample claims, dis-
tributed initially as: "Real" (1,468), "Fake" (1,451),

4https://openai.com/index/
introducing-o3-and-o4-mini/
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and "Ambiguous" (1,473). This balanced gener-
ation ensures the model is tested against diverse
truth values. Detailed generation prompts and pa-
rameters are provided in Appendix A.2.

3.3.4 Stage 4: Human-in-the-Loop
Verification

To ensure the reliability of our ground truth, all
generated content undergoes a strict human review
process. Annotators verify the factual accuracy of
the generated claims against the retrieved evidence
and correct any inconsistencies.

Crucially, this stage involves refining the labels
for our Inference Mode. In this mode, the ground
truth is dynamically adjusted based on whether the
provided evidence slice (E(−3), E(0), or E(+3))
is sufficient for a human expert to make a correct
judgment. For instance, a claim that is factually
"Real" might be labeled "Ambiguous" at T − 3
if the confirming evidence had not yet emerged.
This adjustment results in significant shifts in label
distribution across time slices, as shown in Table 2.

Evidence Set Real Fake Ambiguous Total Claims

E(−3) 346 348 3,698 4,392
E(0) 1,404 1,390 1,598 4,392
E(+3) 1,460 1,443 1,489 4,392

Table 2: Dynamic Label Distribution for Inference
Mode (November 2025)

As illustrated, the δ = −3 set is heavily skewed
toward "Ambiguous," reflecting the high uncer-
tainty of the "Fog of War" period. As time pro-
gresses to δ = 0 and δ = +3, the distribution nor-
malizes as more evidence becomes available. This
evolving distribution is a key feature of LiveFact,
designed to test temporal adaptability. The com-
plete protocol for manual review is documented in
Appendix A.2.

3.3.5 Stage 5: BDC Risk Monitoring
Finally, we integrate the contamination monitor-
ing component by adopting the workflow from the
SSA framework (Xu et al., 2025b). To avoid over-
reliance on OpenAI models that could lead to po-
tential preference leakage (Li et al., 2025a), we
employ the Qwen3-235B-A22B model (Yang et al.,
2025) at this stage, we perform Entity Shift on the
finalized Event Set, Claim Set, and Evidence Set.
This process replaces specific named entities with
fictional or neutral counterparts while preserving
the narrative structure. By evaluating models on
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Figure 3: Temporal performance evolution for select
model families across δ ∈ {−3, 0,+3}. Panel (a) shows
Classification Mode, where scores drop at δ = −3 due
to the lack of definitive evidence. Panel (b) shows Infer-
ence Mode, where robust models recover accuracy by
correctly predicting "Ambiguous," narrowing the per-
formance gap.

this parallel "shifted" dataset, we calculate the per-
formance difference and OTR to derive the SSA
Factor, providing a quantitative measure of BDC
risk for each release cycle. Further details regard-
ing this stage are provided in Appendix C.1.

3.4 Evaluation Metrics

To rigorously evaluate model performance across
different modes and time slices, we employ a com-
prehensive set of 12 distinct metrics.

We calculate Accuracy (Acc) and F1-Macro
Score (F1) for both evaluation modes (Classifica-
tion, m = CLS, and Inference, m = INF) at each
of the three temporal offsets (δ ∈ {−3, 0,+3}).

While Accuracy provides a general view of per-
formance, it can be misleading when classes are
imbalanced. As demonstrated in Stage 4 (Table
2), the manual adjustment for Inference Mode cre-
ates a severe class imbalance at δ = −3, where
"Ambiguous" labels account for nearly 85% of the
data. A model that simply guesses "Ambiguous"
for every query at δ = −3 would achieve a high
accuracy score without performing any genuine
reasoning. The F1-Macro score treats all classes
equally, preventing the majority class from domi-
nating the score. This allows us to rationally eval-
uate whether a model can correctly identify the
rare "Real" or "Fake" instances that are verifiable
at early stages, ensuring a robust assessment of rea-
soning capabilities under unbalanced conditions.

4 Experiments

4.1 Experiment Setup

For our main experimental evaluation, we selected
18 representative models to ensure broad cover-
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Model
Eval. Mode Classification Inference Avg.

AccCLS
−3 AccCLS

0 AccCLS
+3 F1CLS

−3 F1CLS
0 F1CLS

+3 AccINF
−3 AccINF

0 AccINF
+3 F1INF

−3 F1INF
0 F1INF

+3

Qwen3-235B-A22B-Instruct-2507 52.25 79.76 82.08 48.63 79.84 82.02 66.67 79.53 81.99 54.47 79.64 81.94 72.40
Qwen3-30B-A3B-Instruct-2507 55.24 75.05 77.00 52.39 74.87 76.61 64.55 74.64 76.78 55.37 74.66 76.40 69.46
Qwen3-32B 45.20 70.54 71.86 39.10 68.99 69.93 82.81 71.47 71.86 60.94 69.70 69.91 66.03
Qwen3-8B 50.84 68.88 69.83 49.12 67.79 68.44 60.29 68.67 69.65 53.76 67.82 68.30 63.62
Qwen3-4B-Instruct-2507 45.58 62.20 64.80 38.62 61.84 64.33 37.75 61.57 64.66 38.10 61.81 64.27 55.46

Llama-3.3-70B-Instruct 44.90 69.01 69.76 38.96 63.71 64.17 23.70 66.85 69.44 33.50 62.32 63.93 55.85
Llama-3.1-70B† 34.77 33.45 33.47 19.52 16.75 16.80 7.90 31.99 33.29 5.10 16.20 16.73 22.16
Llama-3.1-8B-Instruct 40.69 50.05 50.20 36.53 45.67 45.11 78.69 50.16 50.09 60.26 46.89 45.14 49.96
Llama-3.2-3B† 33.42 33.42 33.42 16.70 16.70 16.70 7.88 31.97 33.24 4.87 16.15 16.63 22.76
Llama-3.2-1B† 33.38 33.31 33.31 16.74 16.72 16.69 7.90 31.85 33.13 4.89 16.16 16.62 21.72

DeepSeek-V3.1 43.67 64.44 63.73 38.73 66.39 66.31 78.03 64.73 63.83 55.01 66.48 66.38 61.48

Kimi-K2-Thinking⋆ 45.97 57.15 54.21 45.34 61.71 59.22 58.13 56.56 54.08 42.07 61.57 59.15 54.60

gpt-oss-120b⋆ 55.83 79.94 81.81 52.82 79.79 81.49 62.23 78.89 81.60 50.83 78.97 81.31 72.13
gpt-oss-20b⋆ 47.84 65.55 67.42 47.16 61.33 62.32 41.46 64.32 67.28 36.53 61.07 62.34 57.05

gpt-5.2-2025-12-11 47.63 76.34 77.32 42.88 78.20 79.56 80.71 76.25 77.30 64.15 78.30 79.57 71.52
gpt-5.1-2025-11-13 51.89 78.60 81.01 47.66 79.76 82.17 68.44 78.51 80.83 53.68 79.72 81.99 72.02
gpt-4o-2024-08-06 48.84 72.29 73.98 44.45 71.38 72.83 74.61 72.95 74.13 54.99 71.94 72.98 67.11
gpt-4o-mini-2024-07-18 51.94 71.02 71.22 49.06 69.54 69.43 73.86 71.17 71.22 55.92 69.67 69.45 66.12

Table 3: Performance comparison of 18 LLMs on LiveFact (November 2025). Models marked with † are base
models without instruction tuning (detailed in Table 5). The best result in each column is bolded, and the second-best
result is underlined. The last column, Avg., represents the average of all results tested for this model. E−3 CLS
evaluates models (AccCLS

−3 , F1CLS
−3 ) under forced-choice conditions prior to event occurrence, highlighting prior bias

rather than evidence-based verification. The asterisk ⋆ denotes the non-standard evaluation setting required to
accommodate verbose Chain-of-Thought (CoT) outputs.

age of current LLM capabilities. This selection
includes 14 open-source models (spanning the
Qwen3, Llama 3, DeepSeek, Kimi, and GPT-OSS
families) and 4 closed-source proprietary models
(from the OpenAI GPT series). This diverse co-
hort ranges in scale from 1 billion to 1 trillion
parameters, covering everything from lightweight
edge-deployable models to flagship commercial
systems. The specific architectural details, param-
eter counts, and training methodologies for all 18
models are provided in Appendix B.1. All models
were evaluated on the LiveFact November 2025
dataset. Detailed evaluation settings, including in-
ference hyperparameters and prompt structures, are
outlined in Appendix B.2.

4.2 General Results & Analysis
Table 3 presents the comprehensive performance
of all 18 models across both Classification and
Inference modes. The experimental results demon-
strate a significant shift in the competitive land-
scape of LLMs for complex reasoning tasks. The
Qwen3-235B-A22B-Instruct model not only leads
the open-source sector but also outperforms propri-
etary flagship models, including gpt-5.1, achiev-
ing the highest average score of 72.40%. This
dominance of Mixture-of-Experts (MoE) archi-
tectures—seen also in the strong performance of
DeepSeek-V3.1 (61.48%) despite its massive pa-

rameter count—suggests that sparse, high-capacity
models are particularly well-suited for the multi-
faceted nature of fake news detection, where knowl-
edge retrieval must be dynamically routed. In con-
trast, traditional dense models like Llama-3.3-70B
lag behind their MoE counterparts, highlighting
potential limitations in scaling dense architectures
for nuanced reasoning tasks.

It is important to clarify the interpretation of the
Classification mode accuracy at the early E(−3)

slice. Because sufficient evidence to definitively
verify a claim rarely exists before an event occurs,
forcing a model to make a binary (Real/Fake) pre-
diction at this stage acts as a "Hallucination Stress
Test."A high CLS score at E(−3) does not nec-
essarily indicate superior reasoning. Instead, it
often implies that the model relies heavily on its
parametric memory, prior biases, or "clairvoyant
guessing" based on the linguistic plausibility of
the claim. Therefore, we include the E(−3) CLS
scores in the overall average to provide a holis-
tic measure of a model’s forced-choice behavior
across all constraints, but it should not be viewed
as a standalone metric of fact-checking capability.
The true measure of evidence-based reasoning is
whether a model correctly transitions to the "Am-
biguous" label in the Inference mode when faced
with this same E(−3) slice.
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Figure 4: Analysis of the "Reasoning Gap" (Inference
Score − Classification Score at δ = −3). Models with
large positive gaps (green bars) effectively detect in-
formation voids ("Uncertainty Aware"). Models with
negative or near-zero gaps (red bars) exhibit two failure
modes: instruction-tuned models are genuinely "Over-
confident," while base models (†) fail due to format
non-compliance rather than reasoning deficits.

4.2.1 Instruction Tuning and Reliability

The results highlight a critical performance dis-
tinction between standard instruction-tuned models
and specialized "reasoning" models (⋆). Base mod-
els (†) consistently fail to navigate the complex
formatting and reasoning constraints of the bench-
mark due to structural non-compliance. A more
nuanced finding, however, relates to models trained
with extensive CoT reinforcement, such as Kimi-
K2 and the GPT-OSS series. Initially, these models
appeared to fail under standard evaluation settings
(128 tokens), yielding near-zero accuracy due to
truncated outputs. However, when re-evaluated
with an extended limit of 1024 tokens, their perfor-
mance rebounded dramatically, with gpt-oss-120b
achieving a competitive 72.13% average. This sug-
gests that for these architectures, "thinking" is not
an optional feature but a structural necessity; they
cannot be forced into immediate compliance with-
out sacrificing their reasoning capabilities. We ex-
plore the inherent trade-offs between this "Think-
ing Mode" and standard instruction following in
greater depth in Appendix D.

4.2.2 Validating the LiveFact Paradigm: The
"Reasoning Gap"

A core contribution of LiveFact is its ability to
differentiate between simple hallucination and gen-

uine evidential reasoning. This differentiation is
visualized in Figure 3, which tracks performance
across the δ = −3 → δ = 0 → δ = +3 timeline.
In Classification Mode, models suffer a severe per-
formance drop at δ = −3 because they are forced
to predict definitive labels like "Real" even when
evidence is absent. However, in Inference Mode,
where the ground truth is adjusted to "Ambiguous"
to reflect the lack of evidence, we see a massive
recovery in scores for capable models.

This phenomenon is further quantified in Fig-
ure 4, which plots the "Reasoning Gap" (Infer-
ence Accuracy minus Classification Accuracy at
δ = −3). Models with a large positive gap (e.g.,
Llama-3.1-8B-Instruct with +38% and Qwen3-32B
with +37%) can be characterized as Uncertainty
Aware. They correctly identify that the evidence
is insufficient and predict "Ambiguous," aligning
with the Inference ground truth.

In contrast, models with negative or near-
zero gaps fall into two distinct failure modes.
Instruction-tuned models such as Llama-3.3-70B-
Instruct and Qwen3-4B exhibit genuine Overcon-
fidence: they produce valid classification outputs
but continue to hallucinate "Real" or "Fake" ver-
dicts regardless of the evidence void. Base mod-
els (marked with † in Table 3), however, represent
a fundamentally different failure mode. As dis-
cussed in Section 4.2.1, models like Llama-3.1-
70B lack instruction tuning and fail primarily due
to structural non-compliance—they cannot adhere
to the required output format ([[LABEL]]), result-
ing in near-random parsed predictions rather than
reasoned overconfidence. This distinction is criti-
cal: while overconfident models require improved
calibration, base models require alignment training
before their reasoning capabilities can be meaning-
fully assessed. A detailed confusion matrix anal-
ysis in Appendix D.3 further corroborates these
findings, revealing that high-performing models ex-
hibit clear "diagonalization" at δ = 0 and δ = +3,
while base models show pathological single-class
collapse.

4.2.3 Efficiency vs. Capability Analysis
We further analyze the relationship between model
scale, cost, and performance using Figure 1. The
figure plots the "Efficiency Frontier," revealing a
non-linear relationship between resource consump-
tion and utility. While massive models like Qwen3-
235B-A22B and gpt-5.2 define the state-of-the-art
(SOTA), they incur high operational costs ($3.65
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- $9.27 per run). A compelling "efficiency sweet
spot" emerges with mid-sized MoE models. As
highlighted in the figure, Qwen3-30B-Instruct de-
livers 69.46% average performance—within 3 per-
centage points of the leader—at approximately 14x
cheaper cost than gpt-5.2. This suggests that for
high-volume, real-time fake news detection applica-
tions, well-tuned mid-sized models offer a superior
ROI compared to giant foundation models.

5 Conclusion

In this paper, we introduced LiveFact, a dynamic,
time-aware benchmark designed to address the crit-
ical limitations of static fake news detection evalua-
tions in the era of LLMs. By shifting the paradigm
from simple knowledge retrieval to temporal rea-
soning under the "Fog of War," LiveFact provides
a rigorous testbed for assessing whether models
are genuinely reasoning or merely recalling pre-
trained data. Our extensive experiments with 18
diverse LLMs reveal that while SOTA models ex-
hibit strong reasoning capabilities, significant gaps
remain in "epistemic humility" and instruction ad-
herence, particularly among base models. Further-
more, we established that mid-sized MoE archi-
tectures offer a compelling balance of efficiency
and performance. Finally, while the full utility of
SSA will be realized through LiveFact’s monthly
updates to monitor long-term BDC risk, we have
validated its mechanism through a simulated BDC
injection experiment detailed in Appendix C. To
facilitate community engagement and track ongo-
ing progress in LLM verification capabilities, we
maintain an interactive, regularly updated leader-
board5. We hope LiveFact serves as a sustainable
gold standard, pushing the field toward more robust,
transparent, and temporally grounded AI verifica-
tion systems.

Limitations

While LiveFact represents a significant advance-
ment in dynamic, time-aware evaluation, we iden-
tify three primary limitations in its current iter-
ation. First, the current benchmark is predomi-
nantly constructed using English-language sources
from global news outlets. Consequently, it may
not fully capture the cultural nuances, localized
disinformation tactics, or linguistic complexities
present in non-English regions, where misinforma-
tion often proliferates rapidly (Shibu et al., 2025).

5https://livefact.bebxy.com/

Future work will aim to expand LiveFact into
a multilingual framework, incorporating diverse
regional sources to test cross-cultural reasoning
capabilities. Second, our current framework fo-
cuses exclusively on textual claims and evidence.
However, modern misinformation increasingly re-
lies on multimodal content, including manipulated
images, deepfakes, and decontextualized videos
(Jing et al., 2023; Khattar et al., 2019; Hu et al.,
2025b). While text-based reasoning is founda-
tional, it represents only one facet of the problem.
We plan to extend future iterations of LiveFact to
include multimodal evidence retrieval and verifi-
cation tasks, aligning with the broader trajectory
of LVLM (Large Vision-Language Model) devel-
opment. Third, although our human-in-the-loop
pipeline ensures high-quality ground truth (review
synthetic data and ensure semantic consistency of
entity shift data), it introduces a bottleneck regard-
ing scalability. The requirement for expert review
to distinguish between "Ambiguous" and "False" la-
bels in Inference Mode limits the volume of claims
we can release in each monthly cycle compared to
fully synthetic datasets. To address this, we plan to
investigate semi-automated verification protocols
where reliable "Judge" models—calibrated against
our human-verified corpus—can assist in the re-
view process, thereby increasing dataset through-
put without compromising rigor.

Ethical Considerations

We strictly adhere to ethical guidelines regarding
data privacy, copyright compliance, and model us-
age throughout the development of LiveFact. The
application of AI assistants is limited solely to
enhancing paper writing. All LLMs utilized in
this study were accessed in strict accordance with
their respective usage policies. For open-source
models (e.g., Llama 3, Qwen3, DeepSeek), we
utilized official checkpoints released under their
specific community licenses. For proprietary mod-
els (e.g., OpenAI GPT series), access was obtained
through authorized API endpoints, complying with
all terms of service regarding automated evalua-
tion and benchmarking. Our evidence retrieval
pipeline relies on the Google API. To rigorously
respect copyright regulations and intellectual prop-
erty rights, we do not scrape, store, or redistribute
the full text of news articles. As detailed in Ap-
pendix A.1, our dataset retains only minimal meta-
data—specifically webpage titles, source names,
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and publication timestamps—which falls within
standard fair use for research purposes, also the
data does not contain any privacy-sensitive data
beyond public information. This metadata is suf-
ficient for models to perform retrieval-augmented
reasoning without infringing on publisher content.
All data and artifacts produced in LiveFact are in-
tended solely for academic research to enhance the
safety and reliability of AI systems. We acknowl-
edge the dual-use nature of fake news research (Sun
et al., 2024; Hu et al., 2025a); however, our focus
remains strictly on detection and verification. In
all future long-term updates of the LiveFact bench-
mark, we commit to maintaining this rigorous stan-
dard of compliance, ensuring that all data sourcing
and model interactions continue to adhere to evolv-
ing legal frameworks and ethical agreements.
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A LiveFact Development Details

A.1 Temporal Evidence Sets Construction

For each event gathered in the initial collection
stage, we performed a comprehensive evidence re-
trieval process using the Google API. Our goal
was to build a robust informational environment
for each event across different temporal slices. We
sent targeted requests to the API and aggregated
metadata from all search results. A typical JSON
response structure for an evidence item is as fol-
lows:
1 {
2 "article_id ": "1 f5faebba75d590d",
3 "title": "COP30: Oil Rich Nations

Block Deal To Phase Out Fossil
Fuels",

4 "source ": "Al-Fanar Media",

5 "published_datetime ": "2025 -11 -27
T13 :19:46Z"

6 }

The critical step in our pipeline involves the tem-
poral segmentation of this data. By comparing
the published_datetime of each retrieved page
against the specific headline date (T ) of the event,
we categorized the data into three distinct evidence
buckets:

1. E(−3): Contains all evidence published up to
three days before the headline date.

2. E(0): Contains all evidence published up to
and including the headline date.

3. E(+3): Contains all evidence published up to
three days after the headline date.

The choice of the 3-day window is informed by
our empirical analysis of information velocity in
digital news cycles. We observed that evidence den-
sity typically peaks within 48 to 72 hours relative
to the headline date. Our pilot studies showed that
extending the window to ±7 or ±15 days yielded
diminishing returns: the periods of T −15 to T −7
often contained negligible relevant reporting, while
the T + 7 to T + 15 intervals were characterized
by redundant information or the ’cooling down’ of
the event. Conversely, narrower windows (e.g., ±1
day) risked missing crucial initial reports or early
developments. Thus, T ± 3 days serves as an opti-
mal balance to capture the ’Fog of War’ without di-
luting the dataset with settled history. Furthermore,
while minute-level granularity was considered, the
prevalence of day-level precision in web metadata
and the technical risk of timestamp leakage during
crawling made daily-level increments more reliable
and sustainable for long-term benchmark mainte-
nance.

The rigorous 3-day segmentation resulted in the
collection of 25,064 individual pieces of evidence
across the 737 events, yielding a dense average of
approximately 34 evidence items per event. This
volume ensures that the models have sufficient con-
text to perform complex reasoning rather than sim-
ple fact retrieval.

A.2 Claim and Context Generation and
Human Verification

To generate high-quality claims and context, we uti-
lized two distinct LLMs to assess both performance
and cost-efficiency: o4-mini and gpt-4o-mini from
OpenAI. We supplied each model with the event
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gpt-4o-mini o4-mini

(Context) The Chinese astronauts are members of the China
National Space Administration (CNSA), which is responsible
for the country’s space program. Shenzhou-20 is a crewed
spacecraft designed to transport astronauts to and from space,
while Shenzhou-22 is an upcoming mission intended to pro-
vide a lifeboat for the stranded crew.

(Context) Chinese astronauts are career space travelers trained
and selected by the China National Space Administration
(CNSA). The CNSA is China’s national space agency that
operates the Shenzhou crewed spacecraft program, including
the Shenzhou-20 and Shenzhou-22 missions to the Tiangong
space station.

(Real) Three Chinese astronauts are currently stranded in
space after the successful return of their colleagues aboard
the Shenzhou-20, with a replacement mission, Shenzhou-22,
scheduled for launch on November 25 to provide a lifeboat
for the stranded crew.

(Real) After space debris damaged the Shenzhou-20 return
capsule, three Chinese astronauts remain temporarily stranded
aboard China’s space station while Beijing prepares to launch
the uncrewed Shenzhou-22 lifeboat spacecraft on November
25 to bring them home."

(Fake) In a surprising turn of events, Chinese authorities
have announced that five additional astronauts have been
successfully rescued from the Shenzhou-20 mission, leaving
only two astronauts stranded in space due to a malfunction in
the rescue capsule, which is expected to be operational again
by December 10.

(Fake) A leaked internal bulletin from the China Manned
Space Agency, obtained by Beijing News, reveals the three
astronauts stranded in orbit have already consumed over 65%
of their emergency oxygen and suffered two failures in their
primary water-recycling unit, placing them at serious risk of
critical life-support shortages before the delayed rescue craft
arrives.

(Ambiguous) Following the successful rescue of their col-
leagues, three more Chinese astronauts are now stranded in
space, as internal documents suggest that the Chinese space
agency is prioritizing a secret mission to test advanced life
support systems over their immediate return, raising concerns
among unnamed experts about the long-term implications for
astronaut safety.

(Ambiguous) China postponed the Shenzhou-22 docking by
45 minutes—officially to fine-tune orbital alignment—but the
tweak was actually aimed at slotting the lifeboat rendezvous
with prime-time state TV bulletins, underscoring Beijing’s
crafted image of flawless crisis management even as three
astronauts remained stranded.

Table 4: Comparison of claim generation example between the gpt-4o-mini and o4-mini (Event ID: EV20251119-
33). Italicized text highlights the specific factual anchors (Real), fabricated details (Fake), and unverifiable motives
or sources (Ambiguous) that justify the assigned label.

headline and the full set of associated evidence,
using specialized prompts to instruct them to gen-
erate: 1. Context: A neutral summary of the key
entities involved; 2. Claims: A set of statements
categorized as Real, Fake, or Ambiguous. The
prompts used for these generations process were
provide in Figure 5, 6, 7, 8

Following generation, we implemented a rigor-
ous Human-in-the-Loop verification protocol. Ev-
ery generated context and claim underwent a mini-
mum of three rounds of independent review. The
review team consisted exclusively of the paper’s
authors, who are PhD-level computer science re-
searchers specializing in fake news detection and
natural language processing from English-speaking
countries. The review criteria focused on factual
consistency, linguistic naturalness, and label ac-
curacy relative to the evidence. Any data point
that failed to achieve consensus after three review
rounds was discarded and regenerated until it met
the quality standards. We observed a high pass
rate (exceeding 90%), which can be attributed to
our use of strict few-shot prompting templates that
constrain the models to the factual structures of the
news source. Given that generating short claims

from structured reporting is a relatively straightfor-
ward task for SOTA models like GPT-4o and GPT-
4o-mini, the output quality was consistently high.
The small fraction of rejected samples primarily
fell under the "Ambiguous" category. For instance,
a model-generated claim introducing an unverifi-
able micro-event (e.g., "António Guterres paused
for exactly 12 seconds during the final COP30 ple-
nary") caused disagreement regarding its phras-
ing bias, and was thus discarded to maintain strict
benchmark objectivity.

We compared the two models to validate the
generalizability and accessibility of the LiveFact
framework:

• gpt-4o-mini: Selected to represent a highly
versatile and cost-effective solution. The to-
tal cost for the generation process using this
model was approximately 2.34 USD.

• o4-mini: Selected to represent a state-of-the-
art inference-optimized model. The genera-
tion process for this model incurred a signifi-
cantly higher cost of 55.93 USD.

Our analysis revealed that both models per-
formed well on the task (exampled in Table 4),
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Context Generation Prompt

You are creating background context for a news
event to help AI models understand key entities.
**Event**: {event_title}
**News headlines from this event**:
{evidence_summary}
**Task**: Provide MINIMAL background informa-
tion about the KEY ENTITIES (people, organiza-
tions, places) mentioned in this event.
**Requirements**:
1. Focus ONLY on identifying who/what the main
entities are
2. Provide brief, factual descriptions (roles, posi-
tions, basic facts)
3. Keep it concise - 2-3 sentences maximum
4. Do NOT explain the event itself, only the enti-
ties involved
5. Do NOT add unnecessary details or back-
ground
**Example**:
Event: "Trump to meet with Xi as he travels to
Asia to contain trade war"
Context: "Trump is a businessman and politician,
currently serving as the President of the United
States. Xi is the President of China."
**Output Format** (JSON):
{{
"context": "your context text here"
}}
**Your JSON output**:

Figure 5: Prompt for Context Generation

producing high-quality initial outputs that required
minimal manual correction. This finding vali-
dates the universality of the LiveFact construction
pipeline, suggesting that future updates can be sus-
tainably generated even with lower-cost models.
However, to ensure the highest possible baseline
for this inaugural release, we utilized the outputs
from o4-mini for all subsequent experimental steps
in this paper.

B Experiment Details

B.1 Model Details
To comprehensively evaluate the state of LLMs
in 2025, we selected a representative cohort of 18
models spanning different architectures (Dense vs.
MoE), training strategies (Base, Instruct, Hybrid),
and parameter scales (1B to 1T). This set includes
14 open-source models and 4 closed-source propri-
etary models, categorized by family:

• Qwen Family: Represents the leading edge
of open-source MoE performance, ranging
from the massive Qwen3-235B-A22B to the
compact, edge-ready Qwen3-4B (Yang et al.,
2025).

Real Claim Generation Prompt

You are a news fact-checker. Based on the follow-
ing real news evidence, generate a FACTUALLY
ACCURATE news claim.
**Event**: {event_title}
**Evidence from multiple news sources**:
{evidence_summary}
**Task**: Write a single, clear, factual claim that
is:
1. Directly supported by the evidence above
2. Verifiable and accurate
3. Written as a standalone news statement (1-2
sentences)
4. Uses specific details from the evidence
5. Does NOT add any unverified information
**Output Format** (JSON):
{{
"claim_text": "your factual claim here"
}}
**Your JSON output**:

Figure 6: Prompt for Real Claim Generation

• Llama Family: Includes both the standard
Dense architecture (Llama 3.1 70B/8B) and
recent lightweight variants (Llama 3.2 3B/1B),
serving as the baseline for open-weights per-
formance (Grattafiori et al., 2024).

• DeepSeek & Kimi: Represent specialized
massive-scale MoE models, with Kimi-K2 ex-
ceeding 1 trillion parameters (DeepSeek-AI
et al., 2025; Team et al., 2025).

• GPT-OSS Series: This family represents
high-performance open-weights implementa-
tions of GPT-style architectures, developed
by decentralized research collectives. Models
like gpt-oss-120b and gpt-oss-20b leverage
advanced MoE structures to replicate reason-
ing capabilities similar to proprietary coun-
terparts, offering a transparent benchmark for
community-driven progress (OpenAI et al.,
2025).

• GPT Series (Proprietary): Serves as the
commercial gold standard, including the lat-
est gpt-5.2 and gpt-5.1 models alongside the
efficient gpt-4o series (OpenAI, 2024).

Among the 18 open-source models available in
our registry (Table 5), 14 were selected for the
main experimental comparison, with the remaining
4 (primarily base model variants) used in supple-
mentary ablation studies (see Appendix D). This
selection ensures our results cover the full spec-
trum of modern AI capabilities, from cost-effective
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Fake Claim Generation Prompt

You are creating synthetic fake news examples
for a research benchmark. Based on the event
below, generate a FABRICATED news claim.
**Event**: {event_title}
**Real evidence** (for context only - your claim
should CONTRADICT or FABRICATE beyond
this):
{evidence_summary}
**Task**: Write a fake news claim that is:
1. Related to the event but NOT supported by
evidence
2. Contains fabricated details (false numbers,
fake quotes, wrong people, etc.)
3. Sounds plausible but is factually incorrect
4. Written as a standalone news statement (1-2
sentences)
5. Could mislead someone unfamiliar with the
real story
**Important**: Make it realistic fake news, not
obviously absurd.
**Output Format** (JSON):
{{
"claim_text": "your fabricated claim here"
}}
**Your JSON output**:

Figure 7: Prompt for Fake Claim Generation

general-purpose models to the absolute peak of
computational power.

B.2 Evaluation Settings

To ensure a fair and reproducible evaluation, all
models were subjected to a standardized infer-
ence protocol. We set the decoding parame-
ters to TEMPERATURE = 0.0 and TOP_P = 1.0
to minimize randomness and ensure determinis-
tic outputs. The maximum generation length
was capped at MAX_NEW_TOKENS = 128 (except
for Kimi-K2-Thinking and GPT-OSS, they use
MAX_NEW_TOKENS = 1024) to encourage concise
verdicts. Note that for certain recent OpenAI mod-
els where these precise parameters are abstracted,
we utilized the default "deterministic" settings pro-
vided by the API.

Models were prompted with a standardized tem-
plate (Figure 9) instructing them to output their
verdict in a strict parsable format: [[LABEL]] (e.g.,
[[Real]], [[Fake]], or [[Ambiguous]]).

All 14 open-source models were deployed and
accessed via the Tinker6 high-performance infer-
ence server, utilizing vLLM for optimized through-
put. The 4 proprietary OpenAI models were ac-

6https://thinkingmachines.ai/tinker/

cessed via standard OpenAI API7 endpoints.

B.3 Resource Consumption

Table 6 details the resource footprint for each
model during the evaluation of the full LiveFact
benchmark (across all three time slices). The
data reveals striking disparities in the cost-to-
performance ratio. High-end proprietary models
like gpt-5.2 incur the highest operational costs
($9.27 per complete run), primarily due to their
pricing per token. In contrast, the mid-sized open-
source models demonstrate remarkable efficiency.
For instance, Qwen3-30B-A3B-Instruct completes
the benchmark for just $0.64, which is approxi-
mately 14x cheaper than gpt-5.2 while retaining
competitive accuracy. This efficiency is largely
driven by its MoE architecture, which activates
only 3B parameters per token, drastically reducing
computational overhead compared to dense coun-
terparts like Llama-3.1-70B ($5.22). This analysis
suggests that for large-scale deployment, MoE ar-
chitectures offer the optimal balance of reasoning
capability and economic sustainability.

C SSA Framework Analysis

C.1 SSA Framework and Entity Shift
Implementation Details

While the primary utility of the SSA framework
lies in the long-term monitoring of historical bench-
marks, we conducted a rigorous simulation experi-
ment to validate its immediate efficacy in detecting
label-level contamination. To ensure a robust exper-
imental setup free from dependency on proprietary
API models, we utilized the high-performing open-
source model Qwen3-235B-A22B-Instruct-2507 to
execute the entity shift operations, prompt used in
Figure 10. The quality of this synthetic data genera-
tion was strictly audited (consistent with Appendix
A.2), and revealed that 98.5% of the generated
entity-shifted samples were semantically consis-
tent and required no further adjustment.

To simulate contamination, we constructed a
poisoned training dataset derived from the Live-
Fact T + 3 data split (Classification Mode). We
mixed this specific benchmark data (formatted as
instruction-response pairs) with a randomly se-
lected subset of the Alpaca instruction fine-tuning
dataset (Taori et al., 2023) (contaminants account
for 30% of the total). This creates a scenario where
the model has "seen" the exact answers to the test

7https://openai.com/api/
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Ambiguous Claim Generation Prompt

You are creating synthetic data for a fact-checking benchmark. Your goal is to generate a "Hard-to-Verify"
claim based on the provided event.
**Event**: {event_title} **Evidence**: {evidence_summary}
**Task**: Generate a single-sentence news claim that is empirically hard to verify. The claim must anchor
itself in verifiable facts but introduce ambiguity through interpretation, causality, or specific unrecorded details,
sounds plausible but is factually hard to confirm. However, content that contradicts facts and evidence must
not appear, as this is not about creating fake news.
**Constraint on Sources**:
- **Avoid Over-reliance on Anonymous Sources**: Do NOT start every claim with "Sources say" or "Insiders
revealed." Only use attribution logic if it provides a specific context that cannot be expressed otherwise. Also,
avoid using informal expressions like “quietly” or “privately,” as this would make it too different from real news.
- **Variety is Key**: Prioritize the techniques below over generic hearsay.
**Required Techniques (Prioritize these over generic "insider" claims)**:
1. **Imputed Intent**: State a public figure’s private, internal motivation for a verifiable action as an objective
fact (e.g., "He signed the bill *specifically to appease his donors*").
2. **False Causality**: Connect two unrelated real facts as direct cause-and-effect without proof (e.g., "The
stock drop *was a calculated response to* the leaked memo").
3. **Subjective Framing**: Use unverifiable, qualitative descriptors to characterize a verifiable event (e.g.,
"The negotiations ended in *an atmosphere of mutual distrust*").
4. **Micro-Events**: Insert a plausible but unrecorded specific physical action into a real event (e.g., "The
diplomat *refused to shake hands* before the meeting started").
5. **Unfolding Details**: Add unverifiable specifics about the timing, location, or participants of a verifiable
event (e.g., "The CEO *arrived 15 minutes late* to the conference", "Trump extended a dinner invitation to the
Chinese delegation after the meeting", but this detail was not included in the evidence).
**Goal**: The claim should sound like a confident assertion (real news from reliable source, e.g., BBC, AP) or
analysis, not just a rumor or gossip.
**Output Format** (JSON):
{{
"claim_text": "Your claim here"
}}
**Your JSON output**:

Figure 8: Prompt for Ambiguous Claim Generation

set during training—a direct emulation of real-
world BDC. We then fine-tuned three representative
models (Qwen3-30B-A3B-Instruct-2507, Qwen3-
4B-Instruct-2507, and Llama-3.1-8B-Instruct) on
this contaminated corpus using Low-Rank Adap-
tation (LoRA). The specific hyperparameters used
for this process are detailed in Table 7.

We subsequently evaluated both the original
"clean" models and their contaminated counterparts
(marked with ⋆) on two versions of the benchmark:
the Original LiveFact and the Entity Shift LiveFact.
The resource consumption for this contamination
simulation is provided in Table 8.

C.2 SSA Implementation Results

The results of the simulation, presented in Table
10, provide compelling evidence for the efficacy of
the SSA framework.

First, observe the performance on the Original
LiveFact benchmark. The contaminated models (⋆)
achieve near-perfect accuracy scores (e.g., 99.89%
for Qwen3-30B-A3B-Instruct-2507⋆ at T + 3), a
massive jump from the original model’s 77.00%.

This confirms that the fine-tuning successfully in-
jected the specific knowledge of the benchmark
into the models’ parameters; they are essentially
"reciting" the memorized answers (Ovadia et al.,
2024; Lyu et al., 2024; Li et al., 2025b).

However, the critical insight comes from com-
paring performance on the Entity Shift LiveFact.
When tested on the version where entity names
are swapped (e.g., "Trump" → "Wannetta"), the
performance of the contaminated models drops pre-
cipitously. For Qwen3-30B-A3B-Instruct-2507⋆,
accuracy falls from 99.89% (Original) to 84.77%
(Shifted). While still high due to general instruction
tuning, this gap (∆) exposes the model’s reliance
on specific entity tokens rather than generalized
reasoning.

This effect is quantified by the SSA Factor in
Table 9. The original, clean models maintain a neg-
ligible SSA Factor (e.g., 0.08 for Qwen3-30B-A3B-
Instruct-2507), indicating robust, entity-agnostic
reasoning. In stark contrast, the contaminated mod-
els exhibit massive spikes in their SSA scores (e.g.,
5.18 for Qwen3-30B-A3B-Instruct-2507⋆ and 6.67
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Model Name Training Type Architecture Parameters Size

Qwen Series
Qwen3-235B-A22B-Instruct-2507 Instruction MoE 235B (22B Active) Large
Qwen3-30B-A3B-Instruct-2507 Instruction MoE 30B (3B Active) Medium
Qwen3-30B-A3B Hybrid MoE 30B (3B Active) Medium
Qwen3-30B-A3B-Base Base MoE 30B (3B Active) Medium
Qwen3-32B Hybrid Dense 32B Medium
Qwen3-8B Hybrid Dense 8B Small
Qwen3-8B-Base Base Dense 8B Small
Qwen3-4B-Instruct-2507 Instruction Dense 4B Compact

Meta Llama
Llama-3.3-70B-Instruct Instruction Dense 70B Large
Llama-3.1-70B Base Dense 70B Large
Llama-3.1-8B Base Dense 8B Small
Llama-3.1-8B-Instruct Instruction Dense 8B Small
Llama-3.2-3B Base Dense 3B Compact
Llama-3.2-1B Base Dense 1B Compact

DeepSeek
DeepSeek-V3.1 Hybrid MoE 671B (37B Active) Huge

Moonshot AI
Kimi-K2-Thinking Reasoning MoE 1T (32B Active) Huge

OpenAI (OSS)
gpt-oss-120b Reasoning MoE 120B Medium
gpt-oss-20b Reasoning MoE 20B Small

OpenAI (GPT Series)
gpt-5.2-2025-12-11 Instruction - - -
gpt-5.1-2025-11-13 Instruction - - -
gpt-4o-2024-08-06 Instruction - - -
gpt-4o-mini-2024-07-18 Instruction - - -

Table 5: Overview of LLMs used in the experiments, including their training type, architecture, parameter counts,
and relative size classification. Since the OpenAI GPT series models are commercial closed-source models, their
related information is unavailable.

for Qwen3-4B-Instruct-2507⋆). This drastic in-
crease—driven by both the performance drop (∆)
and the high OTR—serves as a clear, quantifiable
signal of data contamination. These findings defini-
tively validate that the SSA framework acts as a
sensitive "litmus test" for label-level contamina-
tion, justifying its integral role in the long-term
maintenance of the LiveFact benchmark.

D Supplementary Analysis

D.1 Impact of Training Mode: Base, Instruct,
and Hybrid

To isolate the effect of training methodology on rea-
soning capabilities, we conducted an ablation study
comparing different variants of the same model ar-
chitectures. We examined Base models (pre-trained
only), Instruct models (SFT + RLHF), and Hybrid

models across the Qwen3 and Llama-3.1 families.
The performance results are detailed in Table 11.

The analysis reveals a stark "Alignment Tax" on
performance for models that lack instruction tun-
ing. The Llama-3.1-8B base model collapses to
near-random performance (Avg: 5.14%), primarily
because it fails to adhere to the strict output for-
matting required by the benchmark ([[LABEL]]).
Without SFT, the model often continues generat-
ing context or hallucinates unrelated text instead
of providing a classification. In contrast, the In-
struct version reaches 49.96%, demonstrating that
the knowledge exists within the parameters but
requires alignment to be accessible. A similar,
though less catastrophic, trend is seen in Qwen3-
30B-A3B, where the specific hybrid variant un-
derperformed significantly (1.30%) likely due to
a mismatch in prompt template expectations com-
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Evaluation Prompt

SYSTEM_PROMPT = """You are a fact-checking
expert. Classify news claims based on evidence.
Labels:
- REAL: Claim is supported by evidence, factually
accurate
- FAKE: Claim contradicts evidence or contains
false information
- AMBIGUOUS: Claim cannot be definitively veri-
fied
IMPORTANT: Always start your response with
the classification label in double brackets.
Format: [[LABEL]] followed by brief reasoning.
Example response:
[[REAL]] The claim is supported by multiple news
sources reporting the same event details."""
USER_PROMPT_TEMPLATE = """Context:
{context}
Claim: "{claim}"
Evidence:
{evidence}
Classify this claim. Start with [[REAL]], [[FAKE]],
or [[AMBIGUOUS]], do not think too much."""

Figure 9: Prompt for Evaluation

pared to the robust Instruct-2507 version (69.46%).
However, an interesting anomaly emerges with

Qwen3-8B-Base. Unlike its Llama counterpart,
this base model exhibits surprisingly strong rea-
soning capabilities, achieving an average score of
61.10%, which is competitive with the Qwen3-8B
hybrid model (63.62%). Notably, in the δ = −3
Inference Mode, the Base model actually outper-
forms the hybrid version (83.08% vs 60.29%). This
suggests that the Qwen3 base pre-training corpus
may contain richer, more structured reasoning pat-
terns that allow it to naturally infer the task even
without explicit instruction tuning. This finding
challenges the assumption that base models are uni-
versally unsuitable for zero-shot reasoning tasks,
provided the underlying pre-training is sufficiently
robust.

D.2 The Cost of Reasoning: Verbosity vs.
Compliance in Thinking Models

A critical finding from our main experiments is the
distinct behavior of models heavily optimized for
"Reasoning" or "Chain-of-Thought" (CoT), specifi-
cally Kimi-K2-Thinking and the GPT-OSS series.
In our initial screening using a standard 128-token
limit (Table 12), these models appeared to fail
catastrophically (e.g., Kimi-K2-Thinking scored
~1.76%). However, upon qualitative inspection
(Figure 11), it became evident that the models were
not hallucinating but rather engaging in extensive

Model Name Tokens (M) Time (h) Cost ($)

Qwen Series
Qwen3-235B-A22B-Instruct-2507 4.86 8.20 3.65
Qwen3-30B-A3B-Instruct-2507 4.86 4.09 0.64
Qwen3-30B-A3B 5.09 2.87 0.71
Qwen3-30B-A3B-Base 4.72 1.86 0.60
Qwen3-32B 4.87 5.38 2.72
Qwen3-8B 4.88 2.37 0.73
Qwen3-8B-Base 4.73 2.36 0.67
Qwen3-4B-Instruct-2507 4.96 3.13 0.42

DeepSeek
DeepSeek-V3.1 4.35 3.53 5.3

Meta Llama
Llama-3.3-70B-Instruct 4.54 2.04 4.77
Llama-3.1-70B 4.36 3.02 5.22
Llama-3.1-8B 4.40 2.07 0.67
Llama-3.1-8B-Instruct 4.42 2.10 0.63
Llama-3.2-3B 4.37 1.71 0.30
Llama-3.2-1B 4.61 1.74 0.14

Moonshot AI
Kimi-K2-Thinking 4.71 14.88 5.43
Kimi-K2-Thinking⋆ 7.62 60.92 12.53

OpenAI (OSS)
gpt-oss-120b 4.06 4.46 1.03
gpt-oss-120b⋆ 5.50 7.00 1.28
gpt-oss-20b 4.92 2.56 0.69
gpt-oss-20b⋆ 5.84 5.71 0.97

OpenAI (GPT Series)
gpt-5.2-2025-12-11 2.67 2.41 9.27
gpt-5.1-2025-11-13 2.66 1.93 6.44
gpt-4o-2024-08-06 2.30 1.37 2.28
gpt-4o-mini-2024-07-18 2.48 1.69 0.79

Table 6: Resource consumption analysis for each model
on the benchmark dataset. Metrics include total tokens
processed, total wall-clock time in hours, and API cost
in USD. Results averaged from three runs (T − 3, T ,
T + 3).

internal deliberation.

As shown in Table 12, re-evaluating these mod-
els with an extended 1024-token window unlocked
their true potential. gpt-oss-120b, for instance,
jumped to an average accuracy of 72.13%, rivaling
the best-performing Qwen models. This reveals
a fundamental trade-off in current model design:
"Thinking Models" prioritize exhaustive reason-
ing paths over strict formatting constraints. Unlike
standard Instruction-Tuned models (e.g., Qwen3-
Instruct) that can "snap" to a label immediately,
Reasoning models treat the prompt as a starting
point for a dialectical process. While this leads to
high accuracy when resources are unconstrained
(Table 6), it poses significant challenges for low-
latency, automated benchmarking environments
where conciseness is often a proxy for adherence.
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Hyperparameter Value

Fine-tuning Method LoRA
LoRA Rank (r) 8
Dropout 0.05
Learning Rate 1× 10−4

Optimizer Adam
Batch Size 4
Number of Epochs 3
Loss Function Cross-Entropy

Table 7: Fine-tuning hyperparameters for BDC simula-
tion experiments.

Model Name Tokens (M) Time (h) Cost ($)

Qwen3-30B-A3B-Instruct-2507 24.12 3.69 5.18
Qwen3-4B-Instruct-2507 24.5 2.32 3.24
Llama-3.1-8B-Instruct 22.19 2.32 5.27

Table 8: Resource consumption for the contamination
simulation experiments.

D.3 Deep Dive: Confusion Matrix Analysis

To provide a granular view of model behavior, we
analyzed the confusion matrices across all model
groups (Figures 12).

Across all valid models (e.g., Qwen3-Instruct,
GPT-4o), we observe a massive shift in prediction
behavior at T − 3. In Classification Mode, the
matrices show a "spray" of predictions; models
struggle to differentiate classes, often defaulting to
the majority class of their training data. However,
in Inference Mode, the confusion matrix tightens
significantly around the "Ambiguous" class. For
example, Qwen3-32B correctly concentrates nearly
all its mass on "Ambiguous" at T − 3 (Inference),
whereas in Classification mode, it erroneously pre-
dicts "Real" or "Fake" with low confidence. This
confirms that the models detect the ambiguity but
are forced to hallucinate in standard settings.

As time progresses to T and T + 3, the confu-
sion matrices for high-performing models (GPT-
5.2, Qwen3-235B) show a distinct "diagonaliza-
tion." The noise from the "Ambiguous" class dissi-
pates, and predictions sharpen into correct "Real"
vs. "Fake" classifications. This temporal evolution
proves that the benchmark successfully captures
the arrival of new information.

The confusion matrices for base models (e.g.,
Llama-3.1-8B) reveal a pathological failure mode.
Rather than a distributed error pattern, these models
often exhibit a single-column collapse, predicting

Model ∆ OTR SSA

Qwen3-30B-A3B-Instruct-2507 4.90 1.53 0.08
Qwen3-30B-A3B-Instruct-2507⋆ 15.24 33.99 5.18

Qwen3-4B-Instruct-2507 6.56 2.76 0.18
Qwen3-4B-Instruct-2507⋆ 14.58 45.72 6.67

Llama-3.1-8B-Instruct 1.46 5.31 0.08
Llama-3.1-8B-Instruct⋆ 13.53 39.16 5.30

Table 9: SSA Factor calculation showing the clear dis-
tinction between clean and contaminated (⋆) models.
The calculation of ∆ and OTR is based on the average
of six runs performed under the selected Classification
and Inference modes.

one class (e.g., "Real") for 100% of queries re-
gardless of input. This is not due to reasoning but
due to a failure to condition on the evidence; the
model likely defaults to the most common token
in its pre-training distribution for the given prompt
context. This visualizes exactly why instruction
tuning is non-negotiable for reliable automated fact-
checking.

D.4 Error Analysis on Frontier Models
While Section 4 provides an aggregate view of
model performance across the LiveFact benchmark,
it is crucial to diagnose the specific failure modes
of SOTA frontier models. Interestingly, our anal-
ysis reveals that the primary source of errors for
highly capable models is fundamentally different
from that of earlier generations. Specifically, we
observe a phenomenon we term Over-Safety (or ex-
treme Epistemic Humility), where models prioritize
cautious refusals over definitive verdicts.

To quantify this, we conducted a deep-dive error
breakdown on GPT-5.2 under the Inference Mode
at time slice T . We isolated all claims where the
Ground Truth is strictly "Fake" (i.e., the provided
evidence slice contains explicit contradictions to
the claim). Out of 1,390 such instances in the
November 2025 data, GPT-5.2 correctly predicted
"Fake" in 83.24% of cases. For the remaining erro-
neous predictions, the breakdown is as follows:

• Hallucinations (Predicted "Real"): Only
0.22% (3 instances).

• False Negatives via Ambiguity (Predicted
"Ambiguous"): 10.58% (147 instances).

• Safety Refusals (Null Output): 5.97% (83
instances).
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Model
Eval. Mode Classification Inference

Avg.
AccCLS

−3 AccCLS
0 AccCLS

+3 F1CLS
−3 F1CLS

0 F1CLS
+3 AccINF

−3 AccINF
0 AccINF

+3 F1INF
−3 F1INF

0 F1INF
+3

Original LiveFact

Qwen3-30B-A3B-Instruct-2507 55.24 75.05 77.00 52.39 74.87 76.61 64.55 74.64 76.78 55.37 74.66 76.40 69.46
Qwen3-30B-A3B-Instruct-2507⋆ 84.59 99.57 99.89 83.28 99.57 99.89 59.24 97.13 99.52 52.42 97.16 99.52 89.31

Qwen3-4B-Instruct-2507 46.29 62.43 63.39 42.63 60.70 61.58 83.08 62.45 63.39 64.45 61.15 61.65 61.10
Qwen3-4B-Instruct-2507⋆ 77.98 98.98 99.50 74.50 98.97 99.50 53.05 96.63 99.16 52.16 96.66 99.16 87.19

Llama-3.1-8B-Instruct 40.69 50.05 50.20 36.53 45.67 45.11 78.69 50.16 50.09 60.26 46.89 45.14 49.96
Llama-3.1-8B-Instruct⋆ 88.84 96.02 96.49 84.37 96.02 96.49 46.02 93.62 96.17 42.14 93.62 96.17 85.50

Entity Shift LiveFact

Qwen3-30B-A3B-Instruct-2507 46.93 69.85 71.40 43.17 68.82 70.16 81.63 69.08 71.31 63.35 68.89 70.08 64.56
Qwen3-30B-A3B-Instruct-2507⋆ 69.60 84.31 84.77 66.39 82.61 84.74 50.02 76.25 86.34 41.16 76.35 86.25 74.07

Qwen3-4B-Instruct-2507 44.22 61.18 63.91 37.98 60.49 62.95 36.16 60.61 63.87 39.56 60.61 62.99 54.54
Qwen3-4B-Instruct-2507⋆ 67.33 81.90 83.49 62.97 82.09 83.50 47.75 75.96 85.31 39.70 76.03 85.26 72.61

Llama-3.1-8B-Instruct 39.89 48.27 48.54 34.87 43.16 42.96 79.67 48.38 48.47 60.32 44.42 43.05 48.50
Llama-3.1-8B-Instruct⋆ 71.43 79.62 82.67 69.57 79.72 82.70 45.47 73.54 83.49 38.29 73.72 83.36 71.97

Table 10: Performance comparison of original vs. contaminated (⋆) models on Original and Entity-Shifted LiveFact
datasets.

Model
Eval. Mode Classification Inference

Avg.
AccCLS

−3 AccCLS
0 AccCLS

+3 F1CLS
−3 F1CLS

0 F1CLS
+3 AccINF

−3 AccINF
0 AccINF

+3 F1INF
−3 F1INF

0 F1INF
+3

Qwen3-30B-A3B-Instruct-2507 55.24 75.05 77.00 52.39 74.87 76.61 64.55 74.64 76.78 55.37 74.66 76.40 69.46
Qwen3-30B-A3B 3.42 0.14 0.07 6.05 0.27 0.14 2.69 0.11 0.07 2.27 0.23 0.14 1.30
Qwen3-30B-A3B-Base 46.47 55.17 54.92 43.26 51.67 51.33 76.34 54.58 54.78 55.80 51.57 51.25 53.93

Qwen3-8B 50.84 68.88 69.83 49.12 67.79 68.44 60.29 68.67 69.65 53.76 67.82 68.30 63.62
Qwen3-8B-Base 46.29 62.43 63.39 42.63 60.70 61.58 83.08 62.45 63.39 64.45 61.15 61.65 61.10

Llama-3.1-8B-Instruct 40.69 50.05 50.20 36.53 45.67 45.11 78.69 50.16 50.09 60.26 46.89 45.14 49.96
Llama-3.1-8B 11.89 3.62 3.12 12.39 5.72 4.99 1.25 3.30 3.12 1.90 5.39 5.02 5.14

Table 11: Ablation study on training methodologies across Qwen and Llama architectures. Hybrid and Instruct
models generally outperform Base models, though strong base reasoning is observed in Qwen3-8B.

This striking contrast—a 16.55% false-negative
rate driven by caution versus a near-zero (0.22%)
hallucination rate—demonstrates that the challenge
in AI-driven verification has shifted. For frontier
models, the "Reasoning Gap" is less about the in-
capability to discern the truth, and more about the
strict calibration of alignment filters and refusal
thresholds when processing sensitive geopolitical
news.

To further illustrate this behavioral shift, we
present two representative qualitative failure cases
in Table 13, highlighting the nuances of Over-
Caution and Safety Refusal.

These findings offer a critical take-home mes-
sage for the community: as LLMs become more
aligned, static benchmarks that only measure bi-
nary accuracy ("Real" vs. "Fake") fail to capture
the "alignment tax" imposed on verification tasks.
LiveFact’s inclusion of the "Ambiguous" class and
dynamic slices effectively exposes this nuance, set-

ting a more precise standard for future model eval-
uation.

D.5 Longitudinal Evaluation: December 2025
Version

To demonstrate the temporal consistency of model
behaviors and validate the long-term sustainability
of the LiveFact framework—a critical requirement
for combating BDC—we conducted a longitudi-
nal evaluation using the newly collected December
2025 data snapshot. We evaluated a representative
subset of 8 hybrid/instruction-tuned open-source
models from our main experiments.

As shown in Table 14, the December 2025
dataset contains 4,222 claims, which are per-
fectly balanced across the "Real" (1,404), "Fake"
(1,406), and "Ambiguous" (1,412) labels in the
time-invariant Classification Mode. Crucially, the
dynamic label distribution in Inference Mode ex-
hibits the exact same "fog of war" pattern observed
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Model
Eval. Mode Classification Inference Avg.

AccCLS
−3 AccCLS

0 AccCLS
+3 F1CLS

−3 F1CLS
0 F1CLS

+3 AccINF
−3 AccINF

0 AccINF
+3 F1INF

−3 F1INF
0 F1INF

+3

Kimi-K2-Thinking 6.72 0.20 0.23 10.51 0.40 0.45 0.64 0.16 0.23 0.82 0.33 0.45 1.76
Kimi-K2-Thinking⋆ 45.97 57.15 54.21 45.34 61.71 59.22 58.13 56.56 54.08 42.07 61.57 59.15 54.60

gpt-oss-120b 27.19 20.13 19.54 33.87 30.98 29.85 26.48 19.67 19.51 25.04 31.00 29.90 26.10
gpt-oss-120b⋆ 55.83 79.94 81.81 52.82 79.79 81.49 62.23 78.89 81.60 50.83 78.97 81.31 72.13

gpt-oss-20b 18.76 23.63 23.34 26.02 33.39 32.80 16.44 23.34 23.32 22.07 33.86 32.88 25.82
gpt-oss-20b⋆ 47.84 65.55 67.42 47.16 61.33 62.32 41.46 64.32 67.28 36.53 61.07 62.34 57.05

Table 12: Performance of Reasoning Models evaluated with extended token limits (1024 tokens). The asterisk (⋆)
denotes the non-standard evaluation setting required to accommodate verbose Chain-of-Thought outputs.

Failure Type 1: Over-Caution (Ground Truth: FAKE → Prediction: AMBIGUOUS)

Claim ID EV20251101-10-4 (Inference Mode with E(0))
Context A specific allegation regarding a senior US diplomat privately demanding Israel to free exactly 200

Palestinian security prisoners during White House talks.
Ground Truth FAKE (The evidence explicitly confirms no such specific demand or exact number was discussed,

contradicting the claim).
GPT-5.2 Output [[AMBIGUOUS]] The cited coverage focuses on negotiations and hostage/body returns

during a Gaza truce, but it does not clearly and consistently corroborate the
specific allegation that a ‘senior US diplomat’ privately demanded Israel free
exactly 200 Palestinian security prisoners in White House talks...

Analysis The model successfully identifies that the broad topic (Gaza truce) is present in the evidence but the
specific fabricated details are missing. However, instead of confidently deducing that the claim is FAKE
due to these explicit contradictions with the official minutes provided in the slice, it conservatively
retreats to AMBIGUOUS, demanding an impossible level of direct negation.

Failure Type 2: Safety Refusal (Ground Truth: FAKE → Prediction: Null/Refusal)

Claim ID EV20251101-20-4 (Inference Mode with E(0))
Context A fabricated claim involving sensitive military actions and political figures in a conflict zone.
Ground Truth FAKE
GPT-5.2 Output "" (Empty string / System refusal)
Analysis Despite being provided with a golden evidence slice that disproves the claim, the model’s internal

safety guardrails are triggered by the sensitive keywords (e.g., specific conflict zones, names of political
leaders). It halts the generation process entirely, leading to a missing prediction.

Table 13: Representative failure cases for GPT-5.2 demonstrating Over-Safety and Epistemic Humility. Even when
sufficient evidence is present to declare a claim "Fake", frontier models often default to "Ambiguous" or trigger
safety refusals.

in the November 2025 data. At the E(−3) slice, the
vast majority of claims (3,533 out of 4,222) shift
to the "Ambiguous" class, accurately reflecting the
real-world scarcity of preemptive evidence before
an event unfolds. As time progresses to E(0) and
E(+3), the distribution naturally aligns back with
the ground-truth Classification labels as evidence
becomes sufficient.

Evidence Set Real Fake Ambiguous Total Claims

E(−3) 343 346 3,533 4,222
E(0) 1,374 1,376 1,472 4,222
E(+3) 1,404 1,406 1,412 4,222

Table 14: Dynamic Label Distribution for Inference
Mode (December 2025)

The evaluation results on the December 2025
version (Table 15) highly correlate with our find-

ings from November 2025, confirming the temporal
robustness of the benchmark. The Qwen3-235B-
A22B-Instruct model consistently maintains its
leading position across almost all metrics, achiev-
ing the highest overall average score (71.02%), fol-
lowed closely by the Qwen3-30B-A3B model.

Furthermore, the December results strongly cor-
roborate our observations regarding the Reasoning
Gap and Epistemic Humility. For instance, models
like DeepSeek-V3.1 and Qwen3-32B exhibit rela-
tively low accuracy in the Classification Mode at
E(−3) (43.46% and 45.81%, respectively), which
primarily measures prior bias or forced guessing.
However, when evaluated in Inference Mode at the
same E(−3) slice—where they are allowed to as-
sess evidence sufficiency—their accuracy surges
to 82.76% and 81.08%. This massive leap demon-
strates a consistent capacity for epistemic humility
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Model
Eval. Mode Classification Inference Avg.

AccCLS
−3 AccCLS

0 AccCLS
+3 F1CLS

−3 F1CLS
0 F1CLS

+3 AccINF
−3 AccINF

0 AccINF
+3 F1INF

−3 F1INF
0 F1INF

+3

Qwen3-235B-A22B-Instruct-2507 52.18 78.83 80.53 47.97 78.93 80.57 62.65 78.56 80.53 52.25 78.72 80.57 71.02
Qwen3-30B-A3B-Instruct-2507 55.38 73.80 75.49 52.35 73.35 74.90 63.60 73.26 75.49 54.35 72.92 74.90 68.32
Qwen3-32B 45.81 70.72 71.06 40.57 69.14 69.14 81.08 70.91 71.06 60.09 69.28 69.14 61.85
Qwen3-8B 50.85 67.22 67.10 48.65 65.36 64.72 54.95 66.94 67.10 50.88 65.30 64.72 61.15
Qwen3-4B-Instruct-2507 45.31 63.31 66.49 37.59 62.52 65.61 35.03 62.96 66.49 36.30 62.50 65.61 55.81

Llama-3.3-70B-Instruct 44.91 68.31 68.95 38.59 62.23 62.34 22.55 67.10 68.95 31.97 61.38 62.34 54.97
Llama-3.1-8B-Instruct 41.76 49.53 49.55 37.88 44.96 44.68 79.06 49.74 49.55 61.26 45.74 44.68 49.87

DeepSeek-V3.1 43.46 72.64 74.49 36.01 70.81 72.67 82.76 72.57 74.49 57.83 70.68 72.67 66.76

Table 15: Performance comparison of 8 representative LLMs on LiveFact using the December 2025 longitudinal
data. The best result in each column is bolded, and the second-best result is underlined.

across different time periods, as these models suc-
cessfully recognize missing evidence and output
the "Ambiguous" label.

Conversely, Llama-3.3-70B-Instruct struggles
significantly at Inference E(−3) (22.55%), indi-
cating a persistent behavioral flaw where it over-
commits to binary verification even when evidence
is objectively insufficient.

In summary, the successful deployment of the
December 2025 evaluation not only proves the lo-
gistical sustainability of LiveFact’s monthly update
pipeline but also verifies that the model capabil-
ities and failure modes identified in our primary
November study are consistent and generalizable
over time.
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Entity Shift Prompt

SYSTEM_PROMPT = """You are a precise data processor for research. Your task is to perform entity shifting
- replacing real-world named entities with fictional alternatives while preserving all semantic meaning.
You must:
1. Replace ALL named entities (people, organizations, cities, locations, nationalities, races) with fictional
alternatives, ensure these names are not widely recognized
2. Use simple, uncommon but plausible names (e.g., "Trump" → "Korwin", "United States" → "Northland",
"BBC" → "GBN")
3. Keep entity types consistent (person→person, country→country, organization→organization)
4. Preserve ALL other information (dates, numbers, events, relationships, facts)
5. Ensure the SAME entity always maps to the SAME fictional name across ALL fields
6. Output valid JSON only, no markdown code blocks, no explanations"""
ENTITY_SHIFT_PROMPT = """Perform entity shifting on the following news data. Replace all named entities
with fictional alternatives while preserving semantic meaning.
**Original Event Title**: {event_title}
**Original Context**: {context}
**Original Claim**: {claim}
**Original Evidence Titles** (shift ONLY these titles, keep source names as-is):
{evidence_titles}
**Requirements**:
1. Identify ALL named entities: PERSON names, ORGANIZATION names, LOCATION names, NATIONALITY
terms
2. Replace each with a LESS RECOGNIZABLE fictional alternative
3. Use simple, uncommon but plausible names (e.g., "Prince Andrew" → "Lord Harwick", "Buckingham
Palace" → "Thornfield Manor", "United Kingdom" → "Alberia")
4. Keep entity types consistent (person→person, palace→palace, country→country)
5. PRESERVE all roles, positions, relationships, dates, numbers, and facts - ONLY change entity names
6. Ensure CONSISTENT mapping: the SAME original entity ALWAYS maps to the SAME fictional name in
ALL fields
7. Do NOT change news source names (BBC, Reuters, etc.) - these are metadata, not content entities
8. Evidence titles should use the SAME entity mapping as claim, context, and event_title
**Output Format** (JSON only, NO markdown, NO code blocks, NO explanations):
{{
"entity_mapping": {{
"Original Entity 1": "Fictional Name 1",
"Original Entity 2": "Fictional Name 2"
}},
"event_title_shifted": "shifted event title here",
"context_shifted": "shifted context here",
"claim_shifted": "shifted claim here",
"evidence_titles_shifted": [
"shifted evidence title 1",
"shifted evidence title 2"
]
}}
Output JSON only:"""

Figure 10: Prompt for Entity Shift Processing
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Case Study: Kimi-K2-Thinking vs. Qwen3-235B-A22B-Instruct-2507

Evaluator: You are a fact-checking expert. Classify news claims based on evidence.....Claim: One student escaped as
authorities intensified their search for the 24 other girls abducted by gunmen from Government Girls College in Maga,
Kebbi state, northwestern Nigeria.....Classify this claim. Start with [[REAL]], [[FAKE]], or [[AMBIGUOUS]], do
not think too much.
Kimi-K2-Thinking: <think> The user wants me to classify a news claim based on the provided evidence. The claim
is:\n\n\"One student escaped as authorities intensified their search for the 24 other girls abducted by gunmen from
Government Girls College in Maga, Kebbi state, northwestern Nigeria.\"\n\nLet me analyze the evidence:\n\nKey
elements of the claim:\n1. Location: Government Girls College in Maga, Kebbi state, northwestern Nigeria\n2. Event:
Gunmen abducted girls\n3. Number: 24 other girls (implying 25 total, with 1 escaped)\n4. One student escaped\n5
Qwen3-235B-A22B-Instruct-2507: [[REAL]] Multiple credible sources confirm that 25 girls were abducted from
Government Girls College Maga in Kebbi State, and at least one student escaped, with authorities intensifying searches
for the others. Sources like BBC, CNN, NPR, and Al Jazeera consistently report these details.

Figure 11: Comparison of raw model outputs. Kimi-K2 fails to produce the required classification label, getting
stuck in an internal "thought chain," whereas Qwen3 immediately delivers the structured verdict.
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Confusion Matrices: Classification (CLS) vs Inference (INF) (Part 1/4)

Figure 12: Confusion Matrices (Part 1/4) - Qwen Series. Note the sharp contrast in diagonal clarity between Instruct
models and Base models.
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Confusion Matrices: Classification (CLS) vs Inference (INF) (Part 2/4)

Figure 12 (cont.): Confusion Matrices (Part 2/4) - Qwen, Llama Series. Llama-3.1-70B, Llama-3.1-8B, Llama-3.2-
3B, and Llama-3.2-1B exhibit "collapsing" behavior, predicting a single class.
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Confusion Matrices: Classification (CLS) vs Inference (INF) (Part 3/4)

Figure 12 (cont.): Confusion Matrices (Part 3/4) - DeepSeek, Kimi, and GPT-OSS Series. The asterisk ⋆ denotes the
non-standard evaluation setting required to accommodate verbose CoT outputs.
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Confusion Matrices: Classification (CLS) vs Inference (INF) (Part 4/4)

Figure 12 (cont.): Confusion Matrices (Part 4/4) - GPT Series.
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