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Figure 1: Example claims from the VERITAS benchmark, including media, claim date, and claim integrity score.
The two claims on the right showcase lower-level annotations of media/claim properties used to infer the overall
integrity. Each annotation contains a justification. Claims are added quarterly via an automated pipeline.

Abstract

The growing scale of online misinformation
urgently demands Automated Fact-Checking
(AFC). Existing benchmarks for evaluating
AFC systems, however, are largely limited in
terms of task scope, modalities, domain, lan-
guage diversity, realism, or coverage of mis-
information types. Critically, they are static,
thus subject to data leakage as their claims
enter the pretraining corpora of LLMs. As
a result, benchmark performance no longer
reliably reflects the actual ability to verify
claims. We introduce Verified Theses and State-
ments (VERITAS), the first dynamic benchmark
for multimodal AFC, designed to remain ro-
bust under ongoing large-scale pretraining of
foundation models. VERITAS currently com-
prises 24,000 real-world claims from 108 pro-
fessional fact-checking organizations across 54
languages, covering textual and audiovisual

content. Claims are added quarterly via a fully
automated seven-stage pipeline that normalizes
claim formulation, retrieves original media, and
maps heterogeneous expert verdicts to a novel,
standardized, and disentangled scoring scheme
with textual justifications. Through human eval-
uation, we demonstrate that the automated an-
notations closely match human judgments. We
commit to updating VERITAS in the future, es-
tablishing a leakage-resistant benchmark, sup-
porting meaningful AFC evaluation in the era
of rapidly evolving foundation models. We will
make the code and data publicly available.

1 Introduction

Mis- and disinformation lead the current short-term
risks for global society (Elsner et al., 2025). Hu-
mans perceive multimodal information as more
credible than text alone (Newman et al., 2012),
making images and videos powerful tools for per-



suasion (Hameleers et al., 2020; Greifeneder et al.,
2020). As a result, multimodal content achieves
higher engagement and spreads faster, particularly
in the context of misinformation (Li and Xie, 2020;
Zannettou et al., 2018; Wang et al., 2021). In their
analysis, Dufour et al. (2024) found that visual
misinformation accounts for up to 80% of fact-
checked claims. At the same time, generative meth-
ods like NANO BANANA (Google, 2025b) or SORA
2 (OpenAl, 2025b) evolve rapidly, producing real-
istic deepfakes, outpacing countermeasures. Fact-
checking, however, is a very laborious task (Hassan
et al., 2015), which gives rise to robust multimodal
Automated Fact-Checking (AFC).

To evaluate AFC methods, numerous bench-
marks have been proposed. However, many lack
full modality coverage, missing images or videos
(Schlichtkrull et al., 2023; Cao et al., 2025; Geng
et al., 2025), restrict the task scope to isolated sub-
problems (Papadopoulos et al., 2024; Tonglet et al.,
2024), or rely heavily on synthetically generated
claims (Xu et al., 2024a, 2025), raising concerns
about realism. Additionally, practically all AFC
benchmarks model the task as a single-label classi-
fication problem, conflating orthogonal claim prop-
erties into coarse labels, often ignoring uncertainty
and finer-grained properties, and treating severe
confusions (True vs. False) equally to less severe
ones (e.g., True vs. Not Enough Information).

More fundamentally, all existing AFC bench-
marks are static and therefore vulnerable to data
leakage. State-of-the-art AFC systems rely on
large language models (LLMs) that are continually
pretrained on public web data. Since benchmark
claims originate from the same public sources,
models may implicitly encode both claims and ver-
dicts in their parametric knowledge, undermining
meaningful evaluation. We empirically substantiate
this effect in Figure 4, demonstrating a sharp per-
formance drop on claims published after models’
knowledge cutoff date.

To address these limitations, we introduce Ver-
ified Theses and Statements (VERITAS ), the first
dynamic AFC benchmark. VERITAS is extended
quarterly with newly emerging real-world claims,
effectively mitigating data leakage in future splits
through fully automated data acquisition. It is also
the first benchmark to combine real-world multi-
modal claims featuring both images and videos.
Unlike the vast majority of previous work, VERI-
TAS also provides multilingual, open-domain, and
balanced claim data with verdict annotations ac-

companied by textual justifications for the rulings,
derived from expert ground truth. Figure 1 shows
example claims from VERITAS.

Moreover, we contribute a novel rating scheme
that (1) disentangles previously coarse-grained rul-
ings into separate fine-grained claim and media
properties, (2) incorporates uncertainty by model-
ing each of these properties on a scale from -1 to 1
allowing to (3) employ Mean Squared Error (MSE)
as a evaluation metric to reward near-correct predic-
tions while strongly penalizing flipped decisions.

Finally, we benchmark state-of-the-art multi-
modal AFC systems and strong LLM baselines,
revealing substantial room for improvement. We
will publish the benchmark data and pipeline code
online, and we commit to extending VERITAS ev-
ery coming quarter until at least Q4 2028.

2 Related Work

Benchmarks by Task Scope and Domain Au-
tomated Fact-Checking (AFC) remains a challeng-
ing and unsolved problem, particularly in realistic,
open-domain settings (Akhtar et al., 2023; Dmonte
et al., 2025; Schlichtkrull et al., 2024). To tackle
the complexity, most benchmarks restrict the task
scope, either by decomposing AFC into sub-tasks,
such as image contextualization (Tonglet et al.,
2024), out-of-context detection (Xu et al., 2024b;
Papadopoulos et al., 2024; Luo et al., 2021; Ton-
glet et al., 2025; Aneja et al., 2021), manipulation
detection (Shao et al., 2023), check-worthiness es-
timation (van der Meer et al., 2025), fact-check
retrieval (Papadopoulos et al., 2025), content in-
terpretation (Jin et al., 2024), deepfake detection
(Skoularikis et al., 2025), claim disambiguation
(Staliunaite and Vlachos, 2025; Glockner et al.,
2024), claim detection (Cheema et al., 2022), claim
normalization (Sundriyal et al., 2023), or claim
matching (Pisarevskaya and Zubiaga, 2025). Some
benchmarks limit the domain to specific platforms
like Reddit (Nakamura et al., 2020), or topics like
elections (Khatiwada et al., 2025), finance (Ranga-
pur et al., 2025), climate charts (Su et al., 2025),
or the Ukraine-Russia war (Bondielli et al., 2024).
In contrast, VERITAS targets the holistic and open-
domain, end-to-end task of claim verification,
where the goal is to predict expert ratings.

Benchmarks by Modality and Annotation
Early AFC benchmarks are predominantly text-
only, including FEVER (Thorne et al., 2018) and
LIAR (Wang, 2017), with later publications such
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M3A (Xu et al., 2024a) Cv v v v 1 News 7.3M 4 Classes
MDAM3-DB (Xu et al., 2025) Cv v v - v - - 1 News - 90K 6 Classes
XFACTA (Xiao et al., 2025) CvV v - [ - v ) 1 SM v 24K 4 Classes
MUMIN (Nielsen and McConville, 2022) CvV v - v v v 41 v - 13K 3 Classes
KHATIWADA ET AL. (Khatiwada et al., 2025) Cv v v v [ 1 SM 77K 5 Labels
CLAIMREVIEW2024+  (Braun et al., 2025) Cv v - v v 1 v 300 4 Classes
MA4FC (Geng et al., 2025) CvV v v v 10 v v 70K 4 Classes
REALFACTBENCH (Yang et al., 2025b) CvV v v v 1 v 6.0K 2 Classes
MR? (Hu et al., 2023) Cv v v [ 2 v - - 15K 3 Classes
VLDBENCH (Raza et al., 2025) CvV v v [ 1 News - v 63K 2 Classes
AVERIMATEC (Cao et al., 2025) Cv v v - 1 v v - 13K 4 Classes
FACTIFY (Mishra et al., 2022) CvV v [ [ 1 v - v 50K 5 Classes
FACTIFY 3M (Chakraborty et al., 2023) CvV v [ [ 1 v - - 3M 5 Classes
MMFAKEBENCH (Liu et al., 2025) CvV v - [ 1 v - - 11K 3 Classes
OMNIFAKE (Li et al., 2025a) Cv v - - 1 SM - - 127K 3 Classes
TRUE (Niu et al., 2025) Cv - v v v v 1 v v - 29K 2 Classes
GROUNDLIE360 (Yang et al., 2025a) CvV v v v 1 v - v 20K 6 Classes
MMOOC (Xu et al., 2024b) | OOCD v v v - 1 News - - 455K 2 Classes
VERITE (Papadopoulos et al., 2024) | OOCD v - v [ 1 v v 1.0K 3 Classes
NEWSCLIPPINGS (Luo et al., 2021) | OOCD v v [ 1 News v 988 K 2 Classes
5P1LS-O0C (Tonglet et al., 2025) | OOCD v - v 1 v v 12K 2 Classes
COSMOS (test split) (Aneja et al., 2021) | OOCD v ) 1 News v 1.7K 2 Classes
DGM* (Shao et al., 2023) ‘ MD v v - v 1 News 230K 2 Classes
VERITAS (Ours) ‘ Ccv v v v v v v 54+ v v v 24K+ 5 Scores

Table 1: Overview of related multimodal AFC benchmarks. Primary task: CV = Claim Verification, OOCD =
Out-of-Context Detection, MD = Manipulation Detection. Dynamic: Whether the authors highlight the benchmark
as extensible with new claims (®) and if the authors committed to update it regularly (v'). Automated: Whether the
construction pipeline is fully autonomous. Real claims: Whether the benchmark is entirely made from real-world
claims (and perhaps close derivations) (v*) or contains some () or mostly (-) synthetic, i.e., invented claims.
Misinfo coverage: Whether the claims cover the full (v') or broad (®) spectrum of contemporary misinformation
types for the given modalities, or just selected types (-). Open-domain: SM = Social Media. Justifications:
Whether the benchmark contains explanations in addition to the annotations.

as AVERITEC (Schlichtkrull et al., 2023) address-
ing previous issues like temporal leakage (Glockner
et al., 2022). However, only multimodal bench-
marks can capture the important role of visual
content—see Tab. 1 for a detailed comparison. We
consider multimodal AFC benchmarks to incorpo-
rate claims with associated images and/or videos,
unlike datasets that use multimodal evidence but
retain text-only claims as proposed by Tang et al.
(2024); Yao et al. (2023); Wang et al. (2025). Mul-
timodal AFC benchmarks are often limited in size
(Zlatkova et al., 2019), or miss images or videos en-
tirely. Only a few datasets support both images and
videos (Xu et al., 2024a, 2025). In contrast, VERI-
TAS covers all common modalities. Additionally,
from all multimodal AFC benchmarks, only a few
provide justifications for explanation (Cao et al.,
2025; Niu et al., 2025). Almost all benchmarks
use a single-label n-class annotation scheme, often
entangling different, orthogonal properties (such as
media authenticity and claim veracity) in the same
coarse category with unclear separation. The only
exception is Khatiwada et al. (2025) who employ a
multi-labeling scheme. VERITAS explicitly mod-

els claim and media properties with disentangled,
uncertainty-aware scores and textual justifications.

Dynamic Claim Datasets Dynamic benchmark-
ing has mainly been explored in adversarial settings
where data collection and model training co-evolve
(Shirali et al., 2023), most prominently in DYN-
ABENCH (Kiela et al., 2021). By contrast, VERI-
TAS is updated independently of evaluated models.
Sustaining a dynamic dataset requires automation:
Many benchmarks rely on human annotation (Xiao
et al., 2025) or synthetic claim generation (Xu et al.,
2024a, 2025), raising concerns about scalability or
realism. MUMIN (Nielsen and McConville, 2022)
and TRUE (Niu et al., 2025) are the only ones to
accomplish both realism and automation. However,
MUMIN lacks videos, and TRUE lacks images.
Two dynamic claim repositories exist: CLAIM-
SKG (Tchechmedjiev et al., 2019) and CIMPLEKG
(Burel et al., 2025). Both aggregate fact-checked
claims daily, but are text-only and not designed as
evaluation benchmarks. Xiao et al. (2025) express
intent to “continuously update” their benchmark,
XFACTA, yet the most recent change is more than



5 months ago. Fatahi Bayat et al. (2025) propose a
dynamic yet text-only benchmark, consisting not
of claims but of prompts of different complexities
to probe the factuality of LLMs.

In a nutshell, and as can be seen in Tab. 1, prior
work always lacks multiple important properties.
In contrast, VERITAS combines real-world mul-
timodal claims, fine-grained annotations derived
from expert-provided rulings with justifications,
and a fully automated construction pipeline. Its
dynamic nature makes VERITAS the first bench-
mark specifically designed for long-term, leakage-
resistant evaluation of multimodal AFC systems.

3 The VERITAS Construction Pipeline

VERITAS (Verified Theses and Statements) is
a multimodal and multilingual benchmark for
evaluating Multimodal Automated Fact-Checking
(MAFC) systems. It consists of real-world claims
combining text, images, and videos, and is de-
signed as a dynamic benchmark that is extended
quarterly. VERITAS is constructed via a seven-
stage pipeline enabling large-scale, standardized
claim acquisition and annotation.

LLMs have proven to be reliable enough for auto-
mated annotation (Khatiwada et al., 2025). Across
stages, we employ LLMs from the GPT 5 (OpenAl,
2025a) and GEMINI 2.5 (Google, 2025a) families
as these represent the state of the art in multimodal
language modeling at the time of data collection,
achieving leading performance in image and video
understanding tasks, respectively. We select model
sizes based on task complexity (see App. A for
LLM version numbers). For multi-step reasoning,
we apply chain-of-thought prompting; for genera-
tion tasks, we use few-shot in-context examples to
constrain output style. Please refer to the supple-
mentary material for the prompts. Figure 2 sum-
marizes the seven stages we are going to describe
next—App. B contains additional details.

3.1 Stage 1: Review Discovery

Goal. Retrieve expert-annotated ground truth
claims. We collect fact-check reviews via the
ClaimReview! schema and, where missing, we
determine the language of each claim. Output.
Parsed ClaimReview data of about 371 K reviews
published between Jan 1, 2016 and Dec 31, 2025,
including claim text, rating, review URL, date, lan-
guage, and appearance URLs.
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Figure 2: The seven stages of VERITAS repeated on a
quarterly basis.

3.2 Stage 2: Publisher Identification

Goal. Ensure review credibility. We identified
832 distinct publishers via review URLs, and re-
tain reviews only if they originate from credible
fact-checkers (cf. App. B), dismissing about 55 K
(15%) of the reviews not meeting this criterion.
Output. Reviews from professional fact-checking
organizations meeting international standards.

3.3 Stage 3: Article Scraping

Goal. Obtain full fact-check context. Since Claim-
Review provides no justifications for the ratings,
we scrape the original fact-checking articles incl.
media. With GPT-5 NANO we extract the main tex-
tual body via span detection, preserving the original
text but removing cookie notices, ads, and other
UI noise. We discard 3.3 K (0.9%) paywalled
and 6.2 K (1.7%) otherwise inaccessible articles as
well as 7.0 K (1.9%) unrealistically short articles.
Output. Reviews with cleaned article content.

3.4 Stage 4: Appearance Retrieval

Goal. Recover original claim sources and media.
An appearance denotes the original location where
a claim surfaced (e.g., a social media post). Claim-
Review provides appearance URLs in only 13.3%
of cases. For reviews with missing appearances, we
prompt GPT-5 MINT to extract appearance URLs
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from the article text, including archived versions
(e.g., Perma.cc; see App. D.2), which are resolved
to original sources when possible. If original con-
tent cannot be downloaded, archived versions are
used. We retain up to two successfully scraped ap-
pearances, omitting videos longer than 5 minutes or
larger than 128 M B to maintain a reasonable claim
scope. 98 K (26.6%) Reviews without any valid
appearance are discarded. Qutput. 80 K Reviews
with one or two downloaded appearances.

3.5 Stage 5: Claim Normalization

The raw claim text provided by ClaimReview is
often malformed, e.g., exposing the verdict, con-
stituting incomplete sentences, or including unnec-
essary meta information like "Social media posts
claiming..." and omitting media completely. Goal.
Produce precise, self-contained claims with rele-
vant media.

Media Filtering. We retain only media inher-
ent to the claim, removing duplicates via co-
sine similarity larger than 0.85 in the embed-
ding space of Qdrant/clip-ViT-B-32-vision, an
image-specialized CLIP variant. Videos are in-
spected with GEMINI 2.5 FLASH, images with
GPT-5 MINI, to exclude illustrative or editorial
content. Media precedence follows: original ap-
pearance > archived appearance > article media.
At most four media items are kept per claim, prior-
itizing videos.

Claim Reformulation. Using GEMINI 2.5 PRO
and GPT-5.2 for video claims and non-video
claims, respectively, raw claim texts are rewritten
into about 59 K concise, self-contained statements,
conditioned on article content, appearances, and
metadata (e.g., claimant and date). Reformulated
claims explicitly reference associated media when
present and preserve the original language.

Claim Validation. Roughly 17K (28.0%)
claims are discarded by LLM validation with
GPT-5 MINI and GEMINI 2.5 FLASH as they
(1) expose the verdict, (ii) lack required media,
or (iii) exceed 70 words to limit claim scope.
Output. 43 K validated, well-formed claims with
associated media if relevant.

3.6 Stage 6: Verdict Standardization

Goal. Standardize heterogeneous fact-check rat-
ings. Fact-checking organizations employ hetero-
geneous rating schemes that often conflate multiple

The extent to which a claim is acceptable.
@ Intact: The claim contextualizes media correctly,
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Figure 3: Verdict derivation (Stage 6), assessing proper-
ties (1) to (4). Negative decisions in (2) or (3) result in
early termination. Definitions are shown on the right.

dimensions, using labels such as “half true,” “leg-
end,” or “three Pinocchios” (see Fig. 7). To obtain
a consistent and interpretable representation, we
decompose claim assessment into four independent
properties that are evaluated sequentially (Fig. 3):
(1) Media Authenticity, (2) Media Contextualiza-
tion, (3) Veracity, and (4) Context Coverage. To
retain a single scalar notion of overall acceptability,
we further introduce a higher-order property termed
Integrity (5). Integrity captures whether a claim is
acceptable as presented: Low integrity indicates
that at least one lower-level property is violated,
whereas high integrity corresponds to positive as-
sessments of Properties (2—4). Integrity constitutes
the primary evaluation target, while the lower-level
properties serve as explanatory factors that localize
the source of compromise and simplify the anno-
tation task. Media-specific properties (1-2) are
assessed per media item; if no media is present,
evaluation begins at veracity, targeting the textual
part. The Context Coverage property explicitly cap-
tures claims that are technically true yet misleading
due to omitted crucial context, a phenomenon pre-
viously referred to as cherry-picking (Schlichtkrull
et al., 2023).

Inspired by Glockner et al. (2024), who propose
to avoid a rigid class-like categorization of claims
to incorporate uncertainty, we model each prop-
erty on a scale from —1 to +1, where 0 denotes
full uncertainty (@ NEI, Not Enough Information).
A score of < —1/3 is considered a “negative” de-
cision, analogously for “positive.” The integrity
score is determined directly by the worst score ob-



tained for properties 2 to 4, which we refer to as
the compromising property. Consequently, a claim
is @ Intact if all media (if any) are correctly con-
textualized, the claim veracity is true, and no false
impressions arise from missing context; otherwise,
it is € Compromised. If a prediction at step (2)
or (3) results in a negative decision, the follow-up
properties will not significantly impact the integrity.
Thus, we terminate evaluation for the claim early
for negative decisions at steps (2) and (3).

To increase robustness, we use an ensemble of
four LLMs (GPT-5.2, GEMINI 2.5 PRO, CLAUDE
SONNET 4.5 (Anthropic, 2025), and LLAMA 4
MAVERICK (Meta Al, 2025), aggregating predic-
tions by their mean. We discard 1.7 K (2.8%)
claims that received an ensemble prediction with
an internal score difference of more than 1 to keep
only instances with high inter-model agreement.
Additionally, each ensemble member provides a
one-paragraph justification for their decision, recit-
ing the core arguments from the fact-checking arti-
cle. We instruct GPT-5 MINI to summarize the four
justifications into a single one. The justification for
the rating of the compromising property serves as
justification for the integrity. Output. 41 K Claims
with high-agreement verdicts and justifications.

3.7 Stage 7: Claim Rectification

Goal. Balance intact and compromised claims.
Fact-checkers primarily verify compromised
claims since these are the most harmful, cf. Fig. 14a.
Only ~ 0.4% of ClaimReviews yield intact claims.
Thus, we generate about 27 K “corrected” (intact)
versions of the compromised claims using GPT-
5.2 and GEMINI 2.5 PRO, guided by the justifica-
tion of the compromising property, retaining media.

Consistency between corrected text and media
is validated using GPT-5 MINI or GEMINI 2.5
FLASH. To avoid stylistic shortcuts, we use the
same LLM:s to validate if rectified claims are share-
able, i.e., relevant, not overly specific, and worth
sharing, like original claims. This way, we identify
5.7 K (21.2%) rectified claims for exclusion. Fi-
nally, rectified claims are reevaluated using Stage 6.
Claims with integrity score > 1/3 are kept and
replace their originals; all 643 (2.4%) others are
discarded along with 4.7 K (17.3%) claims with
insufficient ensemble agreement. Qutput. 13 K
consistent, shareable, intact rectified claims.

24,000 100% | Claims

11,953  49.8%
94 0.4%
11,953 49.8%

11,236  46.8%
6,865 28.6%
4,620 19.2% | W/ videos
12,764 53.2% | W/o media

181  +£7.9 | Words / Claim

© Compromised
© NEI

@ Intact

W/ media

W/ images

Table 2: VERITAS claim statistics, see also Tab. 6.

4 Results

4.1 VERITAS Statistics

VERITAS currently contains 24 K claims spanning
24 quarterly splits from Q1 2020 to Q4 2025. Each
quarter comprises 1 K claims balanced to have an
equal number of @ Intact and €@ Compromised in-
stances. Earlier periods are excluded due to insuf-
ficient review coverage. The most recent quarter
is the only one suitable for reliable benchmark-
ing. In addition to the quarterly splits, we release a
budget-friendly longitudinal split containing 2,400
balanced claims (100 per quarter), enabling tem-
poral analysis across the full time span. Summary
statistics are reported in Tab. 2 and App. D.4.
VERITAS contains 8,377 images and 4,785
videos while it covers 54 languages, with 34 oc-
curring at least 50 times. English is most frequent
(40.5%), followed by Spanish (10.2%) and Hindi
(5.7%), see Fig. 11c for more languages. Claim
appearances are predominantly sourced from Face-
book (38.6%) and X/Twitter (20.2%), while all
other platforms individually contribute less than
6%. AFP Fact Checking accounts for the largest
share of reviewed claims (24.1%), with all other
organizations contributing below 6% each.

4.2 Validation through Human Evaluation

We validate the automated annotations from stage
6 (Sec. 3.6) via human evaluation. Each claim is
independently annotated by > 2 native or Cl1-level
speakers of the claim’s language. Annotators se-
quentially assess all properties, following the exact
same annotation procedure as in stage 6, including
scoring and providing written justifications.

We report Mean Squared Error (MSE), Mean
Absolute Error (MAE), and accuracy after dis-
cretizing scores into three bins. MSE is our pri-
mary metric, as it penalizes severe confusions
more strongly. MSE < 0.04 indicates very high
agreement (App. E). Results are summarized in



Integrity ‘ N MSE({) MAE({) Acc ()
VERITAS 63 0.034 0.092 96.8
- no filtering | 66 0.042 0.105 93.9
- no ensemble | 66 0.086 0.170 93.9

Table 3: Human evaluation results over N claims. The
scores reflect agreement between human annotation and
automated VERITAS annotations for integrity for three
different settings. MSE = Mean Squared Error, MAE =
Mean Absolute Error, Accuracy = share of matches of
3-bin discretized scores (in %).

Tab. 3, where we also include two ablated VER-
ITAS variants: no filtering (keeping claims with
high ensemble disagreement) and no ensemble (re-
placing the ensemble with just GPT-5.2). The
evaluation yields an MSE below 0.04, correspond-
ing to roughly one flipped prediction among 100
otherwise correct judgments, which we consider
very strong agreement. Accuracy appears lower
(96.8%) because it penalizes mild disagreements
involving @ NEI equally with severe confusions
between @ Intact and € Compromised. The obser-
vations are confirmed by confusion matrices, see
Fig. 19. Overall, these results confirm that the auto-
mated verdict mapping closely aligns with human
judgments, validating the VERITAS construction
pipeline. Additionally, the increased error rates for
the ablated variants in Tab. 3 indicate the benefits of
the ensemble approach and the agreement filtering.
See Sec. G for more details.

4.3 Benchmarking AFC Methods on
VERITAS latest quarter

We analyze baselines and current AFC methods
on the Q4-2025 split to assess performance on the
most recent data—particularly after the knowledge
cutoff from all tested methods. We consider six
foundation models: GPT-5.2 and GEMINI 3 PRO
as state-of-the-art multimodal models; GPT-40,
GEMINI 2.5 FLASH, and GEMINI 2.0 FLASH
as earlier-generation models to study knowledge-
cutoff effects; and LLAMA 4 MAVERICK as a rep-
resentative open-source model. Each model is eval-
uated once using parametric knowledge only and
once with web search augmentation, see App. F.1
for the tool implementation details.

GEMINI 3 PRO and GEMINT 2.5 FLASH process
videos natively. For all other models, we represent
videos via five evenly spaced frames. Additionally,
we compare against two recent fact-checking sys-
tems, DEFAME (Braun et al., 2025) and LOKI

Method Search | MSE (1) MAE (1) Acc. (1)
GEMINI 2.0 FLASH - 0.74 0.71 32.1
GEMINI 2.5 FLASH - 0.85 0.57 65.9
GEMINI 3 PRO - 0.55 0.37 81.9
GPT-40 - 0.65 0.65 36.9
GPT-5.2 - 0.70 0.69 33.5
LLAMA 4 MAVERICK - 0.97 0.74 41.8
GEMINI 2.0 FLASH v 0.73 0.57 58.0
GEMINI 2.5 FLASH v 0.68 0.48 71.2
GEMINI 3 PRO v 0.39 0.35 74.6
GPT-40 v 0.65 0.50 64.2
GPT-5.2 v 0.45 0.40 70.6
LLAMA 4 MAVERICK v 1.04 0.72 49.6
DEFAME (w/ GPT-5.2) v 0.55 0.49 60.4
LokI (w/ GPT-5.2) v 0.86 0.59 61.8

Table 4: Model evaluation on the Q4 2025 split
with(out) search tool (single runs).

(Li et al., 2025b), both with GPT-5.2 as backbone.
Tab. 4 displays the results.

Across all baselines, GEMINI 3 PRO achieves the
strongest results on all metrics in both evaluation
settings, even surpassing the AFC-specialized mod-
els DEFAME and LoOKI. The second-best model,
GPT-5.2, trails by 4-0.15 and +0.06 MSE, depend-
ing on retrieval access. Open-source LLAMA 4
MAVERICK performs the worst, also under search
augmentation, lagging behind even older propri-
etary models such as GEMINI 2.0 FLASH. This
highlights a substantial performance gap between
current open-source and proprietary multimodal
LLMs for AFC. Surprisingly, despite its specializa-
tion, LOKI outperforms only LLAMA.

4.4 The Role of Knowledge Cutoff

We evaluate the same models on the longitudinal
VERITAS split. Fig. 4 shows the results. All evalu-
ated models exhibit a marked increase in MSE after
their respective Knowledge Cutoff Dates (KCDs).
On average, MSE rises from roughly 0.6 to above
0.8, substantially reducing the margin to trivial al-
ways @ NEI behavior. The effect is particularly
pronounced for GEMINI 3 PRO, whose MSE in-
creases from below 0.4 to over 0.6. We can rule
out the increased share of videos as a confounding
factor, since the same phenomenon is observed for
text-only claims, see Fig. 17 for the breakdown.

4.5 Real-World Insights

The data obtained from stages 1-6 roughly reflect
the natural distribution of real-world fact-checked
claims and reveal significant temporal trends, de-
spite the dismissal of numerous reviews and claims.
The share of Al-generated media steadily increases
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Figure 4: Baseline performance without web search
on the longitudinal split using a 200-claim moving
average window, single runs. Lower is better. Vertical
lines indicate knowledge cutoff dates.

over time, exceeding 25% of claims by Q4-2025,
while the proportion of pristine media correspond-
ingly declines (Fig. 15). The fraction of claims con-
taining media—particularly videos—also increases
over time (Fig. 14). Platform coverage shifts are
observable, with a declining share of X/Twitter and
a growing share of Instagram (Fig. 15). Finally, the
volume of all published ClaimReviews rises until
Q1-2025 and decreases thereafter (Fig. 6).

5 Discussion

Data leakage severely undermines static AFC
benchmarks. The increase in error rate of mod-
els after their KCD provides strong empirical
evidence that LLMs partially encode real-world
claims and verdicts from before their KCD, even
without external retrieval. Since realistic fact-
checking concerns newly emerging claims, bench-
marks dominated by pre-KCD data systematically
overestimate model performance. Notably, the
most recent KCD among evaluated models (GPT-
5.2: Aug 31, 2025) postdates a large fraction of
existing AFC benchmarks, rendering their evalua-
tion increasingly unreliable.

Real-world claims are essential for ethical and
realistic evaluation. We argue that high-quality
AFC benchmarks must be grounded in real claims.
Synthetic claims fail to capture the diversity and
realism of real misinformation. Moreover, a gen-
erator capable of producing realistic, multimodal
misinformation at scale would constitute a severe

ethical risk. Consequently, relying on synthetic
multimodal misinformation is neither methodolog-
ically nor ethically defensible for benchmarking
purposes. In contrast to this—and to most other
benchmarks generating synthetic claims—stage 7
of VERITAS creates intact claims conditioned on
expert ground truth.

Substantial room for improvement. No evalu-
ated model approaches an MSE of 0.1, which we
consider a reasonable threshold for acceptable AFC.
Even the best-performing model (GEMINT 2.5 PRro,
MSE = 0.39) corresponds to approximately one
flipped prediction in ten otherwise correct cases.
In contrast, LLAMA 4 MAVERICK attains an MSE
near 1.0, effectively matching constant @ NEI pre-
diction. These results underscore that multimodal
AFC remains far from solved, even with state-of-
the-art models and retrieval.

Outlook. The dynamic design of VERITAS will
capture emerging misinformation trends through
quarterly updates. Future work must address poten-
tial paradigm shifts, such as increased prevalence
of audio-only content or platform restrictions that
limit content access. Scaling claim retrieval beyond
the current 24 K claims toward the full set of over
380 K reviews would further improve coverage and
analytical power. Finally, ongoing evaluation of
newly released foundation models and AFC sys-
tems on future splits is needed for a complete and
up-to-date performance comparison.

6 Conclusion

We introduced VERITAS, the first dynamic bench-
mark for multimodal automated fact-checking, de-
signed to remain robust under continual large-scale
pretraining of foundation models. By collecting
real-world, multilingual, multimodal claims via a
fully automated pipeline and updating the bench-
mark quarterly, VERITAS mitigates data leakage
that increasingly invalidates static AFC bench-
marks. Human evaluation validates both the anno-
tation scheme and the construction process. Base-
line experiments reveal that current state-of-the-
art multimodal LLMs fall far short of reliable
fact-checking performance, while performance on
pre—knowledge-cutoff data substantially overesti-
mates real-world capability. VERITAS establishes
a principled foundation for meaningful, future-
proof evaluation of multimodal AFC systems.



7 Limitations

Despite its scope and level of automation, VERI-
TAS has several limitations. First, we do not per-
form rigorous cross-lingual claim deduplication.
As a result, semantically equivalent claims may ap-
pear multiple times across languages, particularly
when fact-checking organizations publish parallel
versions of the same claim (e.g., AFP). While this
reflects real-world dissemination, it may introduce
redundancy within splits.

Second, although rectified claims are generated
using targeted prompting and automated valida-
tion, their linguistic style is not always optimal.
Some rectified claims may remain verbose or insuf-
ficiently natural, which could expose exploitable
shortcuts for inference.

Third, VERITAS is designed around current
modalities, platforms, and publication practices.
Potential paradigmatic shifts—such as increased
prevalence of audio-only content, emergence of
new communication platforms, restrictions on
media download, or the discontinuation of fact-
checking infrastructures (e.g., ClaimReview by
Google or Data Commons)—could impair future
data collection. While the pipeline has operated re-
liably for data from the past six years, its long-term
robustness cannot be guaranteed.

Finally, although fully automated, the construc-
tion of VERITAS incurs non-trivial API and com-
putational costs. Processing the full benchmark
required approximately $14.9K in total, corre-
sponding to about $600 per quarter split. Addi-
tionally, hosting LLAMA 4 MAVERICK in-house
required roughly 2.7 K GPU hours on 8 NVIDIA
H100 GPUs, which may limit reproducibility for
resource-constrained labs.

8 Ethical Considerations

With the introduction of VERITAS, we aim to sup-
port society in addressing mis- and disinformation
by enabling more reliable and meaningful evalua-
tion of multimodal AFC systems. By solving issues
of previous benchmarks, VERITAS is intended to
accelerate responsible AFC research sustainably.
VERITAS relies exclusively on real-world
claims that have already been fact-checked by pro-
fessional organizations. This design choice miti-
gates ethical risks associated with generating syn-
thetic misinformation, which could otherwise con-
tribute to the creation or dissemination of harmful
content. Using expert-derived judgments promotes

transparency, accountability, and reproducibility,
while preserving the realism necessary for valid
evaluation.

At the same time, potential misuse risks ex-
ist. Models evaluated on VERITAS could be re-
purposed for surveillance, censorship, or selective
moderation, particularly in politically sensitive con-
texts. Moreover, although VERITAS reduces eval-
uation bias caused by data leakage, it may still
reflect geographic, linguistic, or institutional biases
inherent in the global fact-checking ecosystem.

All data are sourced from publicly available ma-
terials; therefore, we did not anonymize individual
claims or media. However, since some content may
have been removed from the web after our collec-
tion, and to avoid automated scraping, access to
VERITAS is restricted to eligible researchers via
a gated request process on Hugging Face. Finally,
the dataset may contain offensive or disturbing con-
tent, which we intentionally retain, as such material
is an intrinsic part of real-world fact-checking and
necessary for faithful evaluation.
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A LLM Glossary

Table 5 summarizes the LLMs used in the VERI-
TAS construction pipeline. At the time of pipeline
processing, rate limits were too restrictive for the
newly introduced GEMINT 3 PRO, therefore we
defaulted to GEMINI 2.5 PRO.

LLM name ‘ Stages Version specifier
GPT-5.2 5,6 gpt-5.2-2025-12-11
GPT-5 MINI 4-7 gpt-5-mini-2025-08-07
GPT-5 NANO 3 gpt-5-nano-2025-08-07
GEMINI 2.5 PRO 5,6,7 gemini-2.5-pro
GEMINI 2.5 FLASH 57 gemini-2.5-flash

CLAUDE SONNET 4.5 | 6
LLAMA 4 MAVERICK | 6

claude-sonnet-4-5-20250929
Llama-4-Maverick-17B-128E-Instruct-FP8

Table 5: The Large Language Models (LLMs) used
in this work, along with the version specifier and the
corresponding VERITAS pipeline stage where they were
used.

B VERITAS Stage Implementation
Details

Stage 1: Review Discovery ClaimReviews are
obtained via the Google Fact Check Tools API?
and DataCommons>. Extracted review instances
are refreshed by re-downloading ClaimReview data
directly from the publisher websites. Language is
determined using langdetect®.

Stage 2: Publisher Identification We consider
a fact-checking organization as credible if it is sig-
natory of the International Fact-Checking Network
(IFCN)’ or member of the European Fact-Checking
Standards Network (EFCSN)®.

Stage 3: Article Scraping We scrape article con-
tent for each review using a dynamic engine based
on Firecrawl’” and Decodo®. Missing review pub-
lication and modification dates are obtained via
HTML metadata.

Stage 4: Appearance Retrieval Appearances
are scraped via social media APIs, yt-d1p’, and
Decodo.

Stage 6: Verdict Standardization To enable the
ensemble LLMs to meaningfully return scoring

2developers.google.com/fact-check/tools/api
3datacommons.org/factcheck
*pypi.org/project/langdetect
Sifencodeofprinciples.poynter.org/signatories
®members.efcsn.com/signatories

7 github.com/firecrawl/firecrawl

8decodo.com

?github.com/yt-dlp/yt-dlp
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values on the [—1, 1] interval, we discretize it and
assign semantically descriptive names to the values
as follows:

—1: @ Negative (certain)

—2/3: @ Negative (rather certain)

—1/3: @ NEI (negative, rather uncertain)
0: @ NEI (or fully uncertain)

1/3: @ NEI (positive, rather uncertain)

2/3: @ Positive (rather certain)

1: @ Positive (certain)

For media authenticity, if the decision maps to
© Fabricated, LLMs (and human annotators) may
provide additional tags for finer-grained fabrication
annotation, including:

» Al-generated: The media was (partially or
entirely) synthesized by Al

* Manipulated: The media is derived from a
real recording, but was altered to change its
meaning.

» Forged: The media is mostly or entirely a
manually created invention.

When aggregating tags from multiple predictors,
majority voting is applied for each tag individually
(present vs. not present).

C VERITAS Composition and
Subsampling

To compose the final release data, we subsample
the available claims so that the number of @ Intact
claims is equal to the number of €@ Compromised
claims for each quarter (holding true also for the
longitudinal split). Moreover, text-only claims are
rather overrepresented compared to media-based
claims as the latter are dismissed more frequently
for missing media. Therefore, we prioritize media-
based claims over text-only claims during subsam-
pling, setting 80% as the maximum share of media-
based claims as determined by Dufour et al. (2024).
To improve media quality, claims with media from
original appearances are prioritized over claims
with media from archives (typically saving media
in reduced resolution) and claims with media from
fact-checking articles (as the latter often contain
annotations/edits).


https://developers.google.com/fact-check/tools/api
https://datacommons.org/factcheck/
https://pypi.org/project/langdetect/
https://ifcncodeofprinciples.poynter.org/signatories
https://members.efcsn.com/signatories
https://github.com/firecrawl/firecrawl
https://decodo.com
https://github.com/yt-dlp/yt-dlp

Origin of ClaimReviews

Google Fact-Check Explorer

DataCommons

121,457

Direct Download

Figure 5: Origins of ClaimReviews

D VERITAS Statistics

D.1 ClaimReview

We obtained a total of 371,071 K ClaimReviews
starting from January 1, 2016. Three sources
yielded the data: Google Fact-Check Explorer,
Data Commons, and the fact-checking organiza-
tions themselves who added ClaimReview data to
their published article webpages. The same Claim-
Review can be obtained from multiple sources,
where the ClaimReview directly downloaded from
the publisher takes precedence over the others, as
we expect it to be most up-to-date. Figure 5 shows
the number of reviews returned by the three dif-
ferent sources. Figure 6 displays the number of
reviews per quarter since the introduction of Claim-
Review in 2016. Figure 7 shows the most common
verdict labels as provided by the fact-checkers.

D.2 Appearances

We identified 434, 947 appearances. Figure 8 de-
picts the shares of appearances, containing the URL
to the original source and/or to the archived record.
In about 93% of the cases, we were able to iden-
tify the actual URL. Only for 7% of the appear-
ances we could not resolve the original URL. Note
that claims often have multiple appearances. Al-
most 40% of appearances also have a correspond-
ing URL to an archived record. The top 10 plat-
forms where appearances occur are listed in Fig. 9.
The distribution of archiving services is shown in
Fig. 10. The most prominent are Perma.cc (41.2%)
and Archive.today (38.3%). The quarterly shares
of appearances by platform are shown in Fig. 15b.
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D.3 Claims

A total of 86,372 K claims (original, rectified, and
dismissed) were obtained by stage 5. The Fig-
ures 11 and 12 show the quarterly claim distri-
butions for several different properties for the re-
leased 24 K claims. The statistics for original (i.e.,
non-rectified and dismissed) claims are depicted in
Figures 14 and 15.

D.4 Verdicts

Table 6 shows the total number of labels after
discretizing scores into [—1, —1/3) for negative,
[—1/3,1/3] for neutral, and (1/3,1] for positive.
Note that the totals across properties differ for two
reasons: The number of media is different to the
number of claims and the properties veracity and
context coverage are evaluated only if the previous
properties did not result in a @ Negative decision.

Property ‘ O Negative @NEI @ Positive
Authenticity 3303 2439 5494
Contextualization 5405 431 5400
Veracity 6370 132 12095
Context Coverage 181 1 11945
Integrity 11953 94 11953

Table 6: Decision counts for all five properties.

E Maetric Interpretation

We use the Mean Squared Error (MSE) as the key
performance indicator. Table 7 shows how to inter-
pret the MSE values in the context of VERITAS.

F Baselines

F.1 Web Search Tool

When provided with search access, models can
query the internet via Google’s Serper API, which
returns the top 10 results per query. We apply two
filters to retrieve results: temporal filtering (only
content published before the claim date is retained)
and domain blacklisting (fact-checking websites
are excluded to prevent direct answer leakage, see
supplementary material for the full list). For the
top 3 filtered results, we attempt to scrape the full
page content using Firecrawl; models receive both
the search snippets from Serper and the complete
scraped content when available. For each claim, up
to 5 searches are possible.

The full results for the longitudinal split are
shown in Table 8 and Figure 16. Figure 17 shows
the results per modality.
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Figure 6: ClaimReview statistics, as obtained by stages 1 and 2, showing all ClaimReviews exposed by Google and
Data Commons retrieved by Dec 31, 2025.

MSE | Interpretation Max. flipped Equivalent to...

0.00 | Perfect 0 Exact match.

0.04 | Very Good 11in 100 36 predictions being off by 1/3 in 100 other-
wise perfect predictions.

0.10 | Good 11in 40 Slightly better than being off by 1/3 for all
predictions.

1.00 | Abstention lin4 Being off by 1 always (roughly same as con-
stantly predicting 0, i.e., @ NEI).

Table 7: How to interpret the Mean Squared Error (MSE) when evaluating with VERITAS. Max. flipped indicates,
in a set of otherwise perfect predictions, the maximum number of flipped predictions, which are predictions that
have a score difference of 2 to the target (i.e., complete opposite).
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Figure 8: Appearances that have the original source
URL, an archive URL, or both.
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Figure 9: Appearances per platform, showing the top
10.
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Archiving services
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Figure 10: Appearances per archiving service.

Integrity Search | MSE () MAE (]) Acc. (1)
Gemini 2.0 Flash - 0.63 0.59 46.72
Gemini 2.5 Flash - 0.56 0.39 79.65
Gemini 3 Pro - 0.36 0.26 89.52
GPT-40 - 0.53 0.51 54.25
GPT-5.2 - 0.59 0.57 47.75
LLama 4 Maverick - 0.81 0.61 55.63
Gemini 2.0 Flash v 0.60 0.51 59.13
Gemini 2.5 Flash v 0.50 0.41 71.73
Gemini 3 Pro v 0.34 0.33 75.13
GPT-40 v 0.54 0.47 61.83
GPT-5.2 v 0.47 0.43 66.07
LLama 4 Maverick v 0.88 0.59 63.50
DEFAME (w/ GPT-5.2) v 0.50 0.46 61.61
Lok1 (w/ GPT-5.2) v 0.88 0.59 62.01

Table 8: Results on the longitudinal data split. Base-
lines have been tested using only parametric knowledge
(without search tool) and using web search (with search
tool). Additionally, DEFAME and Loki have been eval-
uated.
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Figure 11: Statistics in the final VERITAS benchmark for all quarter splits.
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Figure 12: Statistics in the final VERITAS benchmark for all quarter splits.
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Figure 13: Common words occurring in VERITAS’ claims for the ten most frequent languages.
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Figure 14: Natural data statistics as obtained before stage 7, i.e., before balancing and sampling.
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Figure 15: Natural data statistics as obtained before stage 7, i.e., before balancing and sampling.
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Figure 16: Baseline results on the longitudinal split for all three metrics Mean Squared Error (MSE), Mean
Absolute Error (MAE), and Accuracy (by 3-bin discretization). All plots use a 200-claim moving average window.

Vertical lines indicate knowledge cutoff dates.
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Figure 17: Baseline results on the longitudinal split for modality specific Mean Absolute Error (MAE). All plots
use a 200-claim moving average window. Vertical lines indicate knowledge cutoff dates.



G Human Evaluation

G.1 Additional Setup Details

Annotation Organization. We selected 12 an-
notators having at least graduate-level education
in Computer Science. 372 annotations (verdict
assessment per claim) were gathered, spanning 9
different languages. Annotation was done with-
out fees, although two small presents were raffled
among the annotators to honor their contribution.
The annotation procedure was introduced in a 14
min annotation tutorial video'®. We dismissed an-
notations with score difference larger than 1, same
for claims that received less than 2 annotations.

Annotation Process. Annotators first read the
original fact-checking article associated with a
claim and perform a manual validation, assessing
that the claim (i) is unambiguous, (ii) does not con-
tain text exposing or hinting at the verdict, (iii) any
attached media does not contain overlays or labels
from the fact-checking article, and (iv) all media
referenced in the claim text is attached. Claims
failing any criterion are discarded with the failed
checks recorded.

The evaluation then proceeds sequentially
through the properties, with the flow conditioned
on intermediate results. If the claim contains media,
annotators first evaluate each media item’s authen-
ticity and contextualization. Veracity is assessed
only if no media exists or all media contextualiza-
tions score above the negative threshold (> —1/3).
Context coverage is assessed only if veracity is eval-
uated and judged as true. This conditional structure
reflects that a negative decision on contextualiza-
tion or veracity already compromises the claim’s
integrity, making subsequent assessments redun-
dant. See Fig. 18 for a full annotation example.

For each property, annotators provide a judg-
ment on a seven-point scale with three confidence
levels (certain, rather certain, rather uncertain) for
each direction, plus a neutral midpoint denoting
total uncertainty. Each judgment requires a written
explanation. When annotators select a confidence
level below "rather certain," they must addition-
ally specify the source of their uncertainty from
predefined options: lack of evidence in the article,
contradicting evidence, or other (free-text).

1Excluded for anonymity reasons.
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G.2 Additional Results

Figure 19 compares human annotation with auto-
mated annotation for all 5 properties, including an
aggregated view summing up all properties.



Claim *» Open Fact-Check Article in New Tab Manual Validation

Before annotating this claim, please verify the following quality checks. These ensure the
claim is suitable for annotation.

Claim
The video shows Mamata Banerjee protesting against fuel price hikes Clarity & @i
in February 2021. The claim is clear and unambiguous with the provided context
® x Fail
Media
Media Annotations @ o Pass
The attached media does not contain overlays, labels, or annotations from
the fact-checking article. ® x Fail
Text Verdict Exposure [ ® v Pass
The claim text does not expose or hint at the verdict.
® xFail
Complete Media () @  Pass
All media referenced in the claim text is attached.
@ X Fail

(a) Step 1: Validate that claim fulfills all quality requirements.
Media Authenticity

The media's originality (ignoring overlay text, logos, watermarks, etc. that do not affect the
media's visual semantics).

. Hint: Judge only how the media was created, not how it is used or framed. Media Contextualization
Determine whether it is an actual recording or an artificial/synthetic fabrication.
Ignore superficial edits that do not change the overall impression (e.g., overlays,
text, logos, watermarks).

The accuracy of the media's description.

D o
o

. Certain Rather Rather Totally Rather Rather Certain
certain  uncertain uncertain uncertain  certain

Certain Rather Rather Totally Rather Rather Certain
certain  uncertain uncertain uncertain  certain

Explanation *

Briefly explain your reasoning for this contextualization evaluation.
Explanation *
. . . . . . The video is accurately put into the claim context.
Briefly explain your reasoning for this authenticity evaluation.
The video is from February 2021, when the West Bengal CM took out a rally,
riding pillion on an electric scooter to protest against a hike in petrol prices.

(b) Step 2: Assess media authenticity. (c) Step 3: Assess media contextualization. Terminate
annotation if the contextualization of at least one media
item is wrong.

Context Coverage

The extent to which the claim contains the necessary contextual information to avoid false
impressions. (Impression: Conclusion naturally inferred from the claim's main assertion (premise))

Veracity . Hint: Assume the claim is (likely) true. Evaluate only whether the claim might still give a
isleading impression. If coverage is insufficient, state clearly what false impression the claim

The truthfulness of the claim's assertions.
creates.

o Lo
coO

Certain Rather Rather Totally Rather Rather Certain

certain uncertain uncertain uncertain certain Certain Rather Rather Totally Rather Rather Certain
certain uncertain uncertain uncertain certain

Explanation *

Briefly explain your reasoning for this evaluation. Explanation *

. . . . Briefly explain your reasoning for this evaluation.
Video shows what is stated in textual claim.

Claim gives all relevant information, including who and when.

(d) Step 4: Assess claim veracity. Terminate annotation if (e) Step 5: Assess context coverage.
the veracity is false.

Figure 18: Overview of the human annotation process: After validating quality requirements, annotators assess all
properties sequentially with early termination. (b)-(e) only show the right column of the annotation view, the left
column always shows the claim and metadata like in (a).
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Figure 19: Confusion matrices comparing human annotations with VERITAS’ automated annotations.
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