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Abstract

The Automatic Verification of Image-Text
Claims (AVERIMATEC) shared task aims to
advance system development for retrieving
evidence and verifying real-world image-text
claims. Participants were allowed to either em-
ploy external knowledge sources, such as web
search engines, or leverage the curated knowl-
edge store provided by the organizers. System
performance was evaluated using the AVERI-
MATEC score, defined as a conditional verdict
accuracy in which a verdict is considered cor-
rect only when the associated evidence score
exceeds a predefined threshold. The shared
task attracted 14 submissions during the devel-
opment phase and 6 submissions during the
testing phase. All participating systems in the
testing phase outperformed the baseline pro-
vided. The winning team, HUMANE, achieved
an AVERIMATEC score of 0.5455. This paper
provides a detailed description of the shared
task, presents the complete evaluation results,
and discusses key insights and lessons learned.

1 Introduction

Automated fact-checking (AFC) aims to develop
effective systems for curbing the spread of mis-
information at scale. To support research in this
area, several benchmark datasets have been pro-
posed (Thorne et al., 2018; Aly et al., 2021;
Schlichtkrull et al., 2023; Alhindi et al., 2018; Yao
et al., 2023; Chen et al., 2024), with the goal of
advancing the effectiveness and interpretability of
AFC systems. However, existing AFC benchmarks
focus almost exclusively on textual claims, over-
looking the fact that online misinformation is in-
creasingly media-heavy. Prior studies show that
media can enhance perceived credibility (Newman
et al., 2012) and increase information exposure (Li
and Xie, 2020). Recent evidence further suggests
that approximately 80% of online claims are mul-
timodal, involving both text and media (Dufour

et al., 2024), with images being the most prevalent
modality.

While several AFC datasets target image-text
claims, the majority are synthetic, constructed by
manually manipulating either the textual or the vi-
sual modality of image-text pairs (Luo et al., 2021;
Papadopoulos et al., 2024; Jia et al., 2023). Ow-
ing to the distributional shift between synthetic
data and naturally occurring content, model perfor-
mance on these benchmarks may fail to faithfully
reflect their effectiveness on real-world claims (Pa-
padopoulos et al., 2025). Only a limited number of
benchmarks are based on real-world claims verified
through fact-checking articles. However, claims
from these datasets often omit critical information
required for verification, such as unresolved ref-
erences or missing contextual details (Ousidhoum
et al., 2022; Schlichtkrull et al., 2023). Further-
more, both synthetic and real-world benchmarks
largely lack explicit evidence annotations, making
it difficult to assess models’ reasoning processes.

To address the aforementioned limitations, the
AVERIMATEC (Cao et al., 2025) dataset was intro-
duced, and is the foundation for this year’s FEVER
shared task. It comprises contextually indepen-
dent image-text claims manually extracted from
real-world fact-checking articles. For each claim,
the verification process is explicitly decomposed
into a sequence of question-answer (QA) pairs,
each supported by evidence retrieved from the web.
To mitigate temporal leakage identified in prior
works (Ousidhoum et al., 2022; Schlichtkrull et al.,
2023), All evidence associated with a claim is con-
strained to be published before the claim date. In
addition, each claim is annotated with rich meta-
data, a verdict grounded in the retrieved evidence,
and a textual justification explaining how the final
verdict is reached. An example of an annotated
claim is shown in Figure 1. The resulting dataset
contains 1,297 claims.

The baseline published together with the dataset
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Claim Text: Kamala Harris with 
her parents and she is not a 
black American.

Claim Image:

Claim Date: 2020.08.12

Claim Source: Facebook

Refuting Reasons: Misuse of 
images; Textually refuted

Image Misuse: Out-of-Context

Claim Type: ...

Q1: What is the date of the claim image being published?

A1: The image was taken in 2016.

Related Image to Q1:

Q2: Were Kamala Harris parents alive in 2016?

A2: Her mother died in 2009.

Q3: Who are the people shown in the Image of the claim?

Related Image to Q3:

A3: Harris (center) was with her supporters Suneil Parulekar 
(left) and Rohini Parulekar (right) at the 2016 Pratham gala.

Q4: What is Kamala Harris's ethnic background?

A4: She has Jamaican and Indian parents. 

Q5: Can a person be seen as a black American if they have 
either Indian or Jamaican parents?

A5: Yes. Not all black people are African American.

Verdict: Refuted

Justification: The image was 
interpreted out-of-context. The 
image was taken in 2016, while 
Harris’ mother died in 2009. It is 
impossible that she was with her 
parents in the image. Besides, 
another evidence proves the image 
shows Harris was with her 
supporters at the 2016 Pratham 
gala, rather than with her parents. 
Harris has Jamaican and Indian 
heritage, proving she is a black 
American. Therefore, the textual 
part of the claim, “she is not a black 
American” is refuted.

Figure 1: An annotated claim from AVERIMATEC. Given an image-text claim and its associated metadata, partic-
ipating systems are required to first retrieve appropriate evidence, and subsequently predict a verdict accompanied
by a textual justification grounded in the retrieved evidence.

by Cao et al. (2025) uses a web search API to re-
trieve evidence. Considering the cost associated
with search APIs, we additionally release a curated
knowledge store for the shared task. For each claim,
the knowledge store contains claim-relevant evi-
dence sufficient for verification, along with adver-
sarial and irrelevant evidence to simulate the noise
and diversity of evidence retrieval from the open
web. We further develop an updated version of the
shared-task baseline that is fully compatible with
this knowledge store. This design aims to alleviate
the financial burden of web search APIs incurred
during evidence retrieval. Participants are allowed
to 1) rely solely on the provided knowledge store, 2)
retrieve evidence independently via external search
engines at their own expense, or 3) combine both
sources of evidence. The dataset and baseline are
released under a CC-BY-NC-4.0 license1.

The shared task attracted 14 submissions in the
development phase and 6 submissions in the testing
phase. The primary evaluation criterion is condi-
tional verdict prediction accuracy, which we refer
to as the AVERIMATEC score, in which a sys-
tem’s verdict prediction can only be counted as
correct only if its associated evidence score ex-
ceeds a predefined threshold. In the testing phase,
all submitted systems surpassed the provided base-
line, demonstrating consistent advances in sys-
tem design. The top-performing team, HUMANE,
achieved an AVERIMATEC score of 0.5455, com-
pared to 0.1136 for the baseline.

1https://fever.ai/dataset/averimatec.html

This paper first describes the shared task (Sec-
tion 2), including the dataset, the provided knowl-
edge store, the baseline system, and the evaluation
protocol based on the AVERIMATEC score used
for the leaderboard. We then present an overview of
the submitted systems in Section 3, analyzing their
methodologies and performance, and highlighting
key insights drawn from the submissions. Finally,
we reflect on the shared task and distill lessons
for future research on real-world image-text claim
verification (Section 5).

2 Task Description

In the AVERIMATEC shared task, participants are
provided with image-text claims along with associ-
ated metadata (e.g., claim date and claim location).
The goal of the task is to encourage system de-
signs that not only predict correct verdicts but also
retrieve and present appropriate evidence.

For each claim, participants are required to sub-
mit retrieved evidence. Each piece of evidence
must be accompanied by a URL pointing to the
external source from which it was obtained. Based
on the retrieved evidence, participants must pre-
dict a verdict selected from supported, refuted, not
enough evidence and conflicting/cherry-picking. In
addition, systems should provide a textual justifica-
tion explaining how the predicted verdict is derived
from the retrieved evidence.

In the gold annotations, evidence was originally
retrieved by formulating information-seeking ques-
tions. For consistency, participants are asked to sub-
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Split Train Dev Test

# Claims 793 152 352
# Images / Claim 1.49 1.38 1.38
# QA Pairs / Claim 2.86 2.84 3.11
Reannotated (%) 15.0 15.8 9.4
End Date 31-05-2023 31-07-2023 21-03-2025
Labels (S/R/C/N) (%) 1.6/95.3/0.8/2.3 2.6/92.8/0.7/3.9 13.9/78.1/2.0/6.0
Types (EP/MA/Cs/Nm) 85.4/21.1/5.7/3.2 91.4/14.5/0.7/3.9 93.5/30.1/3.4/1.4
Strategies (RIS/Ct/WE/IA/SD) 50.2/30.0/87.5/20.7/26.4 57.9/24.3/89.5/24.3/20.4 67.3/16.8/84.7/21.3/26.4

Table 1: Data statistics for dataset splits. End date refers to the latest publication date of claims included in
each split. The start date of each dev and test split corresponds to the end date of the preceding split. Claim label
distributions are reported across four categories: supported (S), refuted (R), conflicting/cherry-picking (C), and not
enough evidence (N). Claim type distributions (%) are reported over Event/Property (EP), Media Analysis (MA),
Causal (Cs) and Numerical (Nm) claims. Fact-checking strategy distributions (%) are reported over Reverse Image
Search (RIS), Consultation (Ct), Written Evidence (WE), Image Analysis (IA), and Media Source Discovery (MSD).
Low-frequency claim types and strategies are omitted. For example, satirical source identification accounts for only
1.9% of training claims.

mit such questions. However, the shared task does
not restrict evidence retrieval to this paradigm, and
the quality of the submitted questions is used for
reference only. Instead, participants are required to
submit evidence statements directly, which may be
derived from QA pairs. Accordingly, the gold QA
annotations are converted into evidence statements
to form the ground-truth (GT) evidence set. To
accommodate the multimodal nature of image-text
claim verification, evidence statements may them-
selves be multimodal. Each evidence statement is
therefore separated into a textual component and an
image component. For evidence involving images,
images should be represented in the textual com-
ponent using special image tokens (e.g., [IMG_1]),
while the corresponding images are provided in the
image component encoded in base64 format.

2.1 Dataset

In the shared task, participants are required to use
the publicly available AVERIMATEC dataset for
training and validation. The training and develop-
ment splits are released to support system design
and tuning, while the test set is kept hidden to en-
sure a fair evaluation. Notably, the test data consists
of more recent claims, which helps mitigate poten-
tial data leakage arising from model pre-training.
Table 1 presents the data statistics of the AVERI-
MATEC dataset.

Similar to AVERITEC, the dataset used in the
previous shared task on textual claim verifica-
tion (Schlichtkrull et al., 2024; Akhtar et al., 2025),
event/property claims remain the most dominant
claim type, and written evidence continues to be the
most commonly used form of verification. How-

ever, AVERIMATEC exhibits a notably different
distribution of claim types, with Media Analysis
as a prevalent category, which appeared only infre-
quently in AVERITEC. In addition, fact-checking
strategies that explicitly focus on the visual compo-
nent of claims, such as reverse image search, im-
age analysis, and media source discovery, are used
substantially more often. These statistics under-
score the inherently multimodal nature of image-
text claim verification and highlight the critical
importance of rigorously verifying the image com-
ponent of online claims.

2.2 Knowledge Store

As mentioned in the introduction, We released a
dedicated knowledge store alongside the shared
task to facilitate participation. This knowledge
store is designed to simulate an open-web retrieval
environment while eliminating the need for costly
API usage. It contains a curated collection of claim-
specific evidence drawn from the open web, encom-
passing both textual and visual materials, which
aligns with the inherently multimodal nature of the
verification process:
Textual Evidence: Textual evidence in the knowl-
edge store is sourced from two categories of docu-
ments: those relevant for verifying the textual com-
ponent of a claim and those supporting verification
of the image component. For evidence targeting
textual claim verification, we follow the knowledge
store construction protocol adopted in prior shared
tasks (Schlichtkrull et al., 2024; Akhtar et al., 2025).
Specifically, we first generate a diverse set of search
queries using Gemini-2.5-Flash, conditioned on the
claim content and the GT annotations of the textual
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question-answer pairs. To improve robustness and
reflect realistic retrieval challenges, we addition-
ally construct adversarial queries by perturbing key
entities, dates, and events in the claim. These ad-
versarial queries are designed to retrieve plausible
yet irrelevant documents, thereby increasing the
difficulty and diversity of the evidence pool. De-
tails of the query construction process are provided
in Appendix A.

Using the constructed queries, we employ the
Google Search API2 to retrieve URLs from the
first page of results. Temporal constraints are
applied during retrieval to ensure that returned
documents were published before the claim date,
thereby preventing temporal leakage. Evidence
sourced from fact-checking websites is excluded
as well to avoid label leakage. In addition, human-
annotated ground-truth evidence URLs are explic-
itly included. All collected URLs are subsequently
deduplicated and randomly shuffled.

Retrieving image-related evidence is also essen-
tial for verifying the image component of image-
text claims, as described in Section 2.1. To this
end, we also collect textual documents associated
with claim images during the knowledge store con-
struction process. Motivated by the widespread
use of reverse image search (RIS) in professional
fact-checking workflows, we leverage the RIS func-
tionality provided by Google Cloud Vision3. Claim
images are used as inputs to the RIS system, which
returns URLs of web pages containing the same or
visually similar images. To avoid temporal leakage,
we further filter out pages published prior to the
claim date by extracting publication times using
the html.find_date Python package.

Based on the collected URLs, we scraped the tex-
tual content with the package trafilature (Barbaresi,
2021). For URLs containing PDFs, we exploited
the package, PyMuPDF, for textual content extrac-
tion.
Image Evidence: In addition to textual docu-
ments, evidence in the knowledge store also in-
cludes images. To collect image-based evidence,
we employ the Google Search API restricted to di-
rect image URLs. Specifically, we reuse the search
queries generated during textual evidence collec-
tion and submit them to the API to retrieve image
resource URLs. Temporal constraints are applied
as well. Based on the retrieved URLs, we download

2https://developers.google.com/custom-
search/v1/overview

3https://docs.cloud.google.com/vision/docs

the corresponding images. Considering both the
storage cost associated with large image files and
the relatively low frequency (only 1.6% of human
annotated answers are images) with which images
are used as direct evidence, we cap the download to
images from the top 100 retrieved URLs per query
for the knowledge store of the training split. This
design balances coverage with practical resource
constraints.
Knowledge Store Summary: We provide the
statistics of the released knowledge store in Ta-
ble 2. By providing a pre-collected repository of
both textual and visual evidence, the knowledge
store alleviates participants’ reliance on commer-
cial search APIs, reduces financial barriers, and
improves the reproducibility of the shared task and
evaluated systems. Beyond including URLs cor-
responding to human-annotated GT evidence, we
further enrich the evidence pool by retrieving po-
tentially relevant evidence using query variants de-
rived from the golden question-answer pairs. This
design introduces alternative evidence paths be-
yond the annotated gold evidence, offering partici-
pants greater flexibility in evidence selection and
retrieval strategy design.

2.3 Baseline
The baseline system largely follows the design pro-
posed in the original AVERIMATEC paper (Cao
et al., 2025), with targeted modifications to ensure
compatibility with the knowledge store described
in Section 2.2. These updates are intended to lower
the implementation burden for participants and fa-
cilitate faster onboarding to the shared task.

The baseline adopts a pipeline consisting of four
components: a question generator, an answer gen-
erator, a verifier and a justification generator. The
system leverages both an LLM and an MLLM,
both based on Gemini-2.0-Flash, with each model
assigned distinct roles at different stages of the
pipeline.

Given an image-text claim, the question gen-
erator, implemented with Gemini-2.0-Flash, first
produces five evidence-seeking questions for claim
verification. To enhance question quality, we apply
few-shot prompting using annotated questions from
the top-3 most similar claims in the training split,
where similarity is computed with BM25 (Robert-
son and Zaragoza, 2009) over the textual content
of claims.

The answer generator then addresses each gen-
erated question by automatically selecting an ap-
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Split Textual Image

GS RIS GS
# URLs # Words # URLs # Words # Images

Train 860,517/519,050 2,909,977,889 13,481/11,332 6,866,742 81,817
Dev. 163,684/99,452 573,148,913 2,371/1,953 1,142,074 49,617
Test 786,022/503,006 2,622,659,482 9,717/7,814 4,387,002 116,860

Table 2: Statistics of textual evidence and image evidence in the provided knowledge store. For each URL entry,
the first number denotes the total number of collected URLs, while the second indicates the number of URLs from
which valid textual content was successfully scraped. GS denotes Google Search using textual queries, and RIS
refers to reverse image search with images as input.

propriate answering strategy. For image-related
questions that focus on visual cues, Gemini-2.0-
Flash is used as a visual question answering (VQA)
model. For image-related questions requiring ex-
ternal knowledge, the top-30 pieces of relevant
image-related textual evidence are retrieved from
the knowledge store using BM25, and Gemini-
2.0-Flash generates answers conditioned on the
retrieved evidence. For purely textual questions,
the system similarly retrieves the top-30 pieces of
claim-related textual evidence and produces text-
based answers with Gemini-2.0-Flash augmented
with the retrieved context. When an answer is de-
termined to be image-based, the system retrieves
the top-2 candidate images from the image evi-
dence set using CLIP-based similarity (Radford
et al., 2021) between the textual query and images.
Gemini-2.0-Flash then selects the most appropriate
image as the final answer via VQA.

After all questions are answered, the verifier,
Gemini-2.0-Flash, aggregates the collected evi-
dence and predicts a verdict for the claim. Finally,
Gemini-2.0-Flash will serve as the justification gen-
erator that produces a natural-language explanation
of the predicted verdict based on the pool of evi-
dence (i.e., question-answer pairs). Additional im-
plementation details and alternative baseline vari-
ants are described in the original (Cao et al., 2025).

2.4 Evaluation

The evaluation primarily focuses on verdict accu-
racy conditioned on the quality of the retrieved evi-
dence, termed as the AVERIMATEC score. Specif-
ically, a verdict is considered valid only when its
associated evidence score exceeds a predefined
threshold. This design encourages systems not
only to produce correct verdicts, but also to retrieve
appropriate evidence. In addition to the AVERI-
MATEC score, we report auxiliary metrics includ-
ing the evidence score, question score and the justi-

fication score for reference and further analysis.

The evaluation of evidence largely follows the
methodology introduced in (Cao et al., 2025).
Specifically, it extended Ev2R (Akhtar et al., 2024),
an LLM-as-a-Judge framework for evidence eval-
uation, to a multimodal setting where evidence
may consist of both textual and visual components.
Given a piece of predicted evidence, we conduct
reference-based evaluations of its textual and vi-
sual parts separately. For the textual component,
we adopt the same evaluation protocol used in the
previous shared task (Akhtar et al., 2025). If the
textual part of the predicted evidence matches the
textual component of the corresponding GT evi-
dence, we further evaluate the visual component by
comparing it against the associated images in the
GT annotations to assess visual similarity. The vi-
sual similarity assessment is formulated as a VQA
task, in which the evaluation model assigns a sim-
ilarity score on a 0-10 scale to a pair of images,
with higher scores indicating greater visual simi-
larity. Image pairs receiving a score below 8 are
considered insufficiently similar. In such cases, the
corresponding evidence match is deemed invalid
due to a visual mismatch.

We report evidence recall, defined as the per-
centage of GT evidence instances that are success-
fully retrieved by the system. Unlike the original
AVERIMATEC paper (Cao et al., 2025)which re-
lied on a closed-source model, Gemini, for evalua-
tion, we instead adopt the open-source Gemma-3-
27B model (Kamath et al., 2025) to improve trans-
parency and reproducibility.

For the evaluation of generated questions, we
apply Ev2R by directly comparing predicted ques-
tions against GT questions. For justification gen-
eration, prior work (Cao et al., 2025) showed that
ROUGE-1 (Lin, 2004) provides a coarse baseline
but lacks the flexibility required to assess open-
ended generation. Accordingly, in this shared
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task we adopt a reference-based evaluation using
Ev2R, which has demonstrated strong alignment
with human judgments for open-ended text gener-
ation through comparison with human-annotated
references.

Following Cao et al. (2025), we empirically set
the evidence score threshold to 0.3. Claims with
evidence scores below this threshold receive an
AVERIMATEC score of 0. Consistent with previ-
ous shared tasks (Schlichtkrull et al., 2024; Akhtar
et al., 2025), we limit the maximum number of evi-
dence pieces returned per claim to 10. Additionally,
we cap the length of each evidence item at 1,500
tokens, based on empirical estimates of evidence
lengths observed in submitted systems.

3 Results

During the development phase, we received sub-
missions from 14 teams. Among them, six teams
participated in the testing phase, and five teams sub-
mitted system description papers to the workshop.
The testing-phase results are reported in Table 3,
while the core methodological components of the
submitted systems are summarized in Table 4. We
next provide an overview of the main techniques
adopted by participating teams.
Knowledge Source: All teams built their systems
on top of the provided knowledge store, while two
teams further updated it. The HUMANE team
identified empty entries in the original knowledge
store, primarily caused by access-restricted web-
sites (e.g., login walls). In addition, the basic
scraping method employed during knowledge store
curation with the trafilatura package occasionally
extracted non-informative content that contained
only generic website components (e.g., navigation
bars, footers, or cookie notices). Such limitations
in scraping substantially hinder the acquisition of
meaningful information from online resources. To
address this issue, the HUMANE team leveraged
Playwright4, a browser automation framework, to
scrape textual content from URLs in the provided
knowledge store. By adopting this more advanced
scraping strategy, they increased the amount of
textual evidence by 24.4% and 15.7% on the test
split for claim-text-related and claim-image-related
evidence, respectively.

On the other hand, the AIC CTU team focused
on improving the collection of claim-image-related

4https://github.com/microsoft/playwright

evidence. They employed Google Lens5 as a com-
plementary RIS engine to retrieve web pages asso-
ciated with the claim image, retaining only those
pages that contained images visually similar to the
input claim image. Temporal constraints were also
applied during the RIS stage. Subsequently, the
Firecrawl API6 was used to scrape textual con-
tent from the filtered web pages. By employing
multiple RIS engines, their approach mitigated
the issue of empty returned web pages related to
claim images, a limitation previously identified by
work (Tonglet et al., 2024).
Question Generation: Given the multimodal na-
ture of image-text claim verification, all teams em-
ployed an MLLM to generate questions relevant to
the verification process. An interesting observation
is that some teams (i.e., those without ♠ in the Re-
trieval column of Table 4) did not use the generated
questions during evidence retrieval. However, there
is a lack of systematic analysis on how different
types of textual queries affect retrieval performance.
As a result, it remains unclear whether incorporat-
ing generated questions into retrieval queries can
improve evidence collection for image-text claim
verification.

Notably, two teams, HUMANE and AIC CTU,
which achieved the highest question generation
scores, leveraged training data for few-shot learn-
ing. This indicates that few-shot demonstrations
can effectively guide models to generate more es-
sential and verification-oriented questions.
Evidence Retrieval: The original baseline em-
ployed relatively simple retrieval methods, rely-
ing on a vanilla coarse-ranking approach using
BM25 (Robertson and Zaragoza, 2009) for textual
evidence and CLIP similarity (Radford et al., 2021)
for image evidence. In contrast, all participating
teams substantially strengthened the retrieval stage
through more carefully designed pipelines.

For textual evidence, inspired by prior findings
in text-based claim verification, all teams imple-
mented two-stage retrieval frameworks that com-
bine sparse and dense retrieval. Specifically, sparse
retrievers (e.g., BM25 (Robertson and Zaragoza,
2009)) were first employed to efficiently narrow
down candidate evidence through lexical matching
and precise keyword overlap, ensuring high recall
of potentially relevant documents. Dense retriev-
ers were then applied to re-rank or further retrieve

5https://lens.google.com/
6https://firecrawl.dev/
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Rank Team Name Ques. Evid. Just. AVERIMATEC

1 HUMANE 0.8897 0.5358 0.5557 0.5455
2 ADA-AGGR 0.3701 0.4629 0.4331 0.5369
3 AIC CTU 0.8065 0.3251 0.3043 0.3466
4 XxP 0.3902 0.2703 0.1980 0.2557
5 REVEAL 0.6317 0.2771 0.1348 0.2358
6 fv 0.2885 0.1626 0.1306 0.1591

7 Baseline 0.5545 0.1707 0.1322 0.1136

Table 3: Overall testing results for the shared task.

Team Name Evid. QG Retrieval QA Iter. Veracity

HUMANE KS↑ Gemini-2.5-
Pro

mxbai-embed-
largev1, mxbai-
rerank-large-v1

Gemini-2.5-
Pro♣

✓ Gemini-2.5-
Pro

ADA-AGGR KS Gemini-3-
Pro

BM25, SFR-
embedding-2,
Llama-3.1-70b,
ColPali♠

Gemini-3-
Pro

✘ Gemini-3-
Pro

AIC CTU KS↑ GPT-5.1 mxbai-embed-
large-v1

GPT-5.1♣ ✘ GPT-5.1

Xxp KS Qwen3-VL-
8B-Instruct

BM25, gte-base,
SigLIP♠

- ✘ Qwen3-VL-
8BInstruct

REVEAL KS Qwen2.5-
VL-7B-
Instruct

BM25, SFR-
Embedding-2_R,
SigLIP2-Large

Qwen2.5-
VL-7B-
Instruct

✓ Qwen2.5-
VL-7B-
Instruct

Baseline KS Gemini-2.0-
Flash

BM25 Gemini-2.0-
Flash

✘ Gemini-2.0-
Flash

Table 4: Summary of essential components of the submitted systems. KS↑ indicates the use of additional or
updated knowledge sources beyond the provided knowledge store. In the QA column, ♣ denotes systems that jointly
generate questions and answers, while − indicates that no explicit answering stage is involved. In the retrieval
column, ♠ denotes systems that use the generated questions during the retrieval stage.

semantically relevant evidence using neural embed-
dings, enabling the systems to capture paraphrased
or contextually similar information beyond exact to-
ken matches. Teams consistently adopted more so-
phisticated embedding models (e.g., mxbai-embed-
largev1 (Lee et al., 2024), Llama-3.1-70b (Meta,
2024)) to improve evidence dense representations.
The resulting gains in evidence scores highlight the
critical role of high-quality evidence and dense re-
trieval in effective evidence selection. Furthermore,
the REVEAL team demonstrated that generating
hypothetical evidence snippets with LLMs can fa-
cilitate downstream evidence retrieval, echoing ob-
servations from earlier text-only claim verification
systems (Yoon et al., 2024).

Meanwhile, several teams incorporated multi-

modal retrievers to explicitly account for the mul-
timodal nature of the task. ADA-AGGR em-
ployed the multimodal retriever ColPali (Faysse
et al., 2025) to both refine textual evidence re-
lated to claim images and retrieve image evidence.
Xxp adopted SigLIP (Zhai et al., 2023), an im-
proved variant of CLIP (Radford et al., 2021), to
enhance the retrieval of textual evidence associ-
ated with claim images. In contrast, REVEAL
utilized SigLIP2 (Tschannen et al., 2025) select
the most relevant image evidence given a textual
query. Both ADA-AGGR and REVEAL conducted
ablation studies, demonstrating that incorporating
multimodal retrievers leads to measurable perfor-
mance gains. Their results further indicate that
the choice and quality of the multimodal retriever
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play a crucial role in fact-checking performance on
image-text claims.

Team Name Before After Overall

HUMANE 0.5333 0.7273 0.5455
ADA-AGGR 0.5303 0.6364 0.5369
AIC CTU 0.3333 0.5455 0.3466
XxP 0.2545 0.2727 0.2557
REVEAL 0.2424 0.1364 0.2358
fv 0.1485 0.2727 0.1591

Baseline 0.1091 0.1818 0.1136

Table 5: AVERIMATEC scores on 330 test claims
published before and 22 published after January
2025.

Question Answering: As identified in the AVER-
IMATEC paper, fact-checking often involves de-
pendencies across reasoning steps, where the gen-
eration of subsequent questions may rely on evi-
dence retrieved from earlier QA pairs. Two teams,
HUMANE and REVEAL, explicitly modeled this
dependency by iteratively generating QA pairs
and questions conditioned on previous QA his-
tory. However, none of the submitted systems con-
ducted controlled experiments comparing iterative
QA generation with one-time question generation,
leaving the impact of this design choice underex-
plored.

Interestingly, the team Xxp generated questions
but did not answer them. Instead, they treated the
evidence retrieved using the claim as the final pre-
dicted evidence. ADA-AGGR employed question
answering only as a mechanism for refining im-
age evidence, specifically for selecting the most
relevant images. Their ablation study showed a
significant reduction in computation time when
the QA module was removed, with little perfor-
mance degradation. These observations raise an
open question: should retrieved evidence primarily
be used to answer information-seeking questions as
an additional refinement step, or is retrieval alone
sufficient and precise enough for effective claim
verification?

HUMANE and AIC CTU further combined ques-
tion generation and question answering into a sin-
gle step. In their question-answer generation step,
the claims were fed into MLLMs. Although these
systems incorporated retrieved evidence, it remains
unclear whether the generated QA pairs relied on
the models’ parametric knowledge or on external

evidence. To investigate this issue, we split the
test set into claims published before and after Jan-
uary 2025, corresponding to the knowledge cutoff
of Gemini-2.5-Pro. As shown in Table 5, most
teams achieved higher performance on more recent
claims, consistent with observations from previ-
ous shared tasks (Akhtar et al., 2025; Schlichtkrull
et al., 2024). This trend likely reflects the greater
availability and retrievability of evidence for recent
events. These results highlight the importance of
more rigorously isolating parametric knowledge
from retrieved evidence in order to assess models’
true fact-checking capabilities.
Verdict Prediction: All participating teams em-
ployed MLLMs for verdict prediction. Notably,
instead of assessing the stance of each retrieved evi-
dence item individually (Schlichtkrull et al., 2023),
all systems fed the complete set of retrieved ev-
idence jointly into the verdict prediction model.
This design choice is consistent with findings from
the AVERIMATEC paper, which emphasize the ne-
cessity of joint reasoning over multiple evidence
pieces for image-text claim verification. Further-
more, all teams explicitly modeled all four verdict
classes, including infrequent types. Among them,
ADA-AGGR and Xxp additionally incorporated
explanations of each verdict category into their
prompts, providing clearer guidance to the model
during prediction.
Performance across Claim Types and Verdict
Types: Table 6 reports results across different
claim types (event/property, media analysis, causal
and numerical) as well as verdict types (supported,
refuted, not enough evidence and conflicting evi-
dence / cherrypicking). We observe that the two
top-performing teams substantially outperform the
remaining systems on event/property and media
analysis claims, which constitute the majority of
the dataset. Lower-performing systems struggle
with causal claims, a trend that is consistent with
findings from previous shared tasks (Akhtar et al.,
2025; Schlichtkrull et al., 2024). However, the
results may not fully reflect model performance
on causal and numerical claims due to the limited
number of such claims in the testing split.

Across verdict types, all systems exhibit notably
poor performance on NEE and CE/C claims, with
AVERIMATEC scores close to zero. This result
can be attributed, in part, to the limited number
of instances in these categories, which restricts re-
liable evaluation. More fundamentally, modeling
conflicting or insufficient evidence poses intrinsic
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Team Name EP MA Cs Nm S R NEE CE/C Avg. # Docs

HUMANE 0.54 0.57 0.83 0.80 0.65 0.57 0.00 0.29 10.0
ADA-AGGR 0.54 0.52 0.67 0.20 0.63 0.57 0.05 0.00 11.2
AIC CTU 0.34 0.37 0.42 0.40 0.51 0.34 0.14 0.00 9.78
XxP 0.26 0.25 0.17 0.60 0.24 0.28 0.00 0.00 7.50
REVEAL 0.24 0.14 0.08 0.00 0.00 0.30 0.05 0.00 7.63
fv 0.16 0.18 0.17 0.20 0.18 0.17 0.00 0.00 3.00

Baseline 0.11 0.14 0.08 0.00 0.29 0.08 0.19 0.00 5.00

Table 6: AVERIMATEC scores of different claim types and verdict types. We provide results over four most
frequent claim types (EP = Event/Property, MA = Media Analysis, Cs = Causal, Nm = Numerical). Results over
different verdict types (S =Supported, R =Refuted, NEE = Not Enough Evidence, CE/C = Conflicting Evidence /
Cherrypicking) are reported. We also report the average number of pieces of evidence per team. We note that if a
team submitted more than 10 pieces of evidence for a claim, only the first 10 were considered for evaluation.

Human-Human Human-Model

Dimension Cov. Rele. Cov. Rele.

ρ 0.805 0.729 0.215 0.259
r 0.806 0.754 0.242 0.317

Table 7: Correlation between human annotators and
between our evidence evaluation scores and human-
rated scores. We calculate correlation using the Spear-
man (ρ) and Pearson (r) correlation coefficients.

challenges. Specifically, recent studies have shown
that existing foundation models are considerably
less capable of reasoning under conflicting con-
texts (Liu et al., 2025; Ge et al., 2025). These
findings highlight the need for more sophisticated
system designs that explicitly address evidence con-
flict and uncertainty.

4 Human Evaluation of Evidence

Following previous shared tasks (Schlichtkrull
et al., 2024; Akhtar et al., 2025), we conducted a
human evaluation of the evidence retrieved by par-
ticipating systems. In the original AVERIMATEC
paper, a human alignment check was performed to
validate the reliability of the automatic evaluation
method by comparing two sets of human-annotated
evidence, treating one as the reference. We ac-
knowledge that discrepancies may exist between
human-annotated evidence and model-predicted
evidence. Leveraging the availability of diverse
predicted evidence from multiple systems in this
shared task, we therefore extend this analysis by as-
sessing the alignment between the automatic evalu-
ation method and human judgments, through direct

comparison of models’ predicted evidence with
reference (human-annotated) evidence.
Evaluation Process: We conducted a human eval-
uation of predicted evidence in collaboration with
participants of the shared task. All five teams that
submitted shared task papers were invited to partic-
ipate. All teams but the team HUMANE took part
in the evaluation (the REVEAL team completed
half of the assignment). We collected predicted
evidence from different systems. Specifically, pre-
dicted evidence for 25 claims was collected from
each team. To ensure the robustness of the evalu-
ation, evidence samples were randomly selected
across systems, with their automatic evaluation
scores uniformly distributed between 0 and 1. Each
predicted evidence sample was independently eval-
uated by two teams.

For each instance, we provided annotators with
the original claim (including claim text and asso-
ciated image(s)), relevant metadata, the predicted
evidence, and the reference (human-annotated) evi-
dence. Following the human evaluation protocols
adopted in previous shared tasks, annotators were
asked to rate the predicted evidence along two di-
mensions, coverage and relevance, by comparison
with the reference evidence. Coverage measures
the extent to which the predicted evidence fully
captures the content of the reference evidence, in-
cluding its meaning, entities, and other key infor-
mational elements. Given the multimodal nature of
the task, annotators were explicitly instructed that
if the image component of a reference evidence
item is not reflected in the corresponding predicted
evidence, the coverage score should be reduced.
Relevance, assesses how useful the predicted evi-
dence is for verifying the claim.
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Annotators rated each predicted evidence sample
on a scale from 0 to 5 for both dimensions. De-
tailed human evaluation guidelines are provided in
Appendix B.
Evaluation Results: The annotation process re-
sulted in 175 human annotations on evidence pre-
dictions for 100 claims. We report the correlation
between human ratings and automatic evidence
evaluation using Spearman (ρ) (Spearman, 1904)
and Pearson (r) (Pearson and Henrici, 1896) cor-
relation coefficient. The results, shown in Table 7,
suggests that while human annotators exhibit rela-
tively high agreement with each other in evidence
evaluation, the automatic evaluation method shows
limited alignment with human judgments.

To better understand the sources of this mis-
alignment, we conducted a fine-grained analysis
across predictions from different teams (full results
are reported in Appendix B). We observe that the
automatic evaluation model performs particularly
poorly on predictions from the HUMANE team,
yielding a Spearman correlation coefficient of 0.06
and a Pearson correlation coefficient of 0.04 re-
garding coverage. The HUMANE submission con-
sists exclusively of text-only evidence, whereas the
reference evidence is multimodal in some cases,
incorporating both the claim image and associated
external information. Although annotators were
instructed to consider image information during
evidence evaluation, participants often judged the
inclusion of claim images as unnecessary and the
evidence text alone was deemed sufficient, as no
additional external visual evidence was required.
This discrepancy appears to negatively affect au-
tomatic evaluation, which relies on reference ev-
idence that may explicitly encode multimodal in-
formation. In contrast, the automatic evaluation of
the REVEAL team’s predicted evidence exhibits
substantially stronger alignment with human assess-
ments on coverage, with ρ = 0.575 and r = 0.520.

We further observe lower agreement among hu-
man annotators when evaluating the coverage of
HUMANE’s predicted evidence (ρ = 0.483 and
r = 0.655), suggesting intrinsic ambiguity in judg-
ing text-only evidence against multimodal refer-
ences. These findings highlight a key challenge
for automatic evidence evaluation in image-text
claim verification: determining whether and how
claim images should be explicitly represented and
accounted for in the evidence set.

At the same time, we conduct an alignment anal-
ysis on predicted evidence with the lowest and high-

est auatomatic evaluation scores. We observe that
the automatic evaluation method is less reliable
when assigning lower scores as reflected by rela-
tively low correlations (ρ = 0.196, r = 0.207).
This finding is consistent with the misalignment
issues discussed above. In contrast, the evalua-
tion method yields substantially more reliable in its
higher end, achieving higher correlation with hu-
man ratings (ρ = 0.470, r = 0.455). This observa-
tion also helps explain why higher agreement was
reported in the original AVERIMATEC paper. In
that setting, the evaluation method was applied to
comparatively high-quality evidence annotated by
humans and evaluated against annotations provided
by another annotator. Overall, human assessments
of predicted evidence largely align with the ranking
of participating systems (details in Appendix B).

5 Lessons Learned

From this shared task, we derive three key insights.
First, more robust scraping methods are required.
In the originally provided knowledge store, some
entries were empty due to website inaccessibility,
while others contained limited or low-quality infor-
mation. As demonstrated by the HUMANE team,
employing more sophisticated scraping tools can
substantially improve the informativeness of the
collected content.

Second, the use of multiple RIS engines is cru-
cial, as it increases the coverage of web pages as-
sociated with a given claim image. In practice, a
single RIS engine may fail to retrieve any relevant
pages, whereas combining multiple engines can
effectively mitigate this limitation.

Third, we observe that top-performing teams
rely heavily on closed-source models. While
the ADA-AGGR team explored fine-tuning open-
weight models and demonstrated that performance
gains are possible, closed-source models still ex-
hibit a clear advantage. Nevertheless, open-weight
models offer greater transparency and can signifi-
cantly reduce the cost associated with API-based
closed-source systems. How to more effectively
leverage training data and fine-tune open-weights
models to narrow this performance gap remains an
underexplored and important research direction.

6 Conclusions & Future Work

In the shared task, all teams have outperformed
our baseline. We analyzed key components of dif-
ferent systems and their association with the end
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performance, highlighting key takeaways from the
shared task. We observed that the top performing
teams are heavily relying on closed-source mod-
els. In the future, it is worth exploring whether
using open-source models and training data prop-
erly could bridge the performance gap between the
performance with closed-source ones. Meanwhile,
there are three open questions: 1) whether gener-
ating information-seeking queries are needed for
claim verification, 2) whether we should further
refine retrieved evidence with the QA step and 3)
whether iterative QA is helpful. By answering these
questions, we can remove unnecessary modules of
systems and seek a balance between effectiveness
and efficiency. Further improvement over the auto-
matic evidence evaluation method is also needed
to better align with human judgment.

7 Limitations & Ethics

The claims in AVERIMATEC are derived from fact-
checking articles. As a result, the dataset may in-
herit biases inherent in these sources, including
selection bias (Shin and Thorson, 2017; Barnoy
and Reich, 2019). Moreover, the dataset and asso-
ciated models are not designed for absolute truth
discovery. Instead, the veracity labels in AVERI-
MATEC are conditioned on the evidence retrieved
by annotators and therefore reflect the perspectives
and biases of both annotators and journalists. Con-
sequently, participating systems optimized for per-
formance on AVERIMATEC, may replicate these
biases.

Considerable efforts were made to mitigate tem-
poral leakage by enforcing that all evidence must be
published prior to the date of the associated claim.
However, this constraint does not fully eliminate
leakage at the model level, as foundation models
may have already encountered these claims dur-
ing pre-training. For example, the cutoff date of
Gemini-2.5-Pro is January 2025, whereas only 22
test claims were published after this date.

Finally, while reference-based evaluation is ef-
fective for assessing textual evidence, we observe
that it is substantially less reliable for evaluating
evidence in image-text claims. The current evalua-
tion method exhibits limited alignment with human
judgments, highlighting the need for more robust
evaluation strategies tailored to multimodal evi-
dence.
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A Queries for Knowledge Store
Construction

To simulate realistic evidence retrieval conditions
and introduce both diversity and noise into the evi-
dence pool, we augment search queries conditioned
on the claim as well as on ground-truth annotated
textual questions. In addition, we construct ad-
versarial queries by perturbing key entities, dates,
and events mentioned in the claim. This query
augmentation strategy is designed to better reflect
real-world retrieval scenarios and challenge down-
stream verification models. The full list of textual
query types used for knowledge store construction
is provided in Table 9.

Figure 2: Annotation guidelines for human evalua-
tion of predicted evidence.

Team Avg. Coverage Leaderboard #

HUMANE 4.0 1.
ADA-AGGR - 2.
AIC CTU 3.84 3.
Xxp 2.36 4.
REVEAL 1.9 5.

Table 8: Average semantic coverage scores assigned
to evidence samples from selected teams based on
human evaluation, next to AVERIMATEC rank the
team obtained in the shared task.

B Human Alignment Check

We conducted a human evaluation of predicted
evidence by comparing it against reference (i.e.,
gold) evidence. As discussed in Section 4, we ob-
served limited agreement between the automatic

Figure 3: An example claim presented to annotators
during evaluation.

Figure 4: The guidelines for scoring the predicted
evidence on coverage and relevance.

evaluation scores and human judgments. To better
understand the sources of this misalignment, we
performed a fine-grained alignment analysis across
evidence predicted by different teams as well as
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across predictions with varying automatic evalua-
tion scores. The results of this analysis are reported
in Table 10.

The annotation guidelines are illustrated in Fig-
ure 2. Figure 3 demonstrates an example of claim
shown to annotators. Figure 5 shows how the pre-
dicted and reference evidence are presented to an-
notators. The Figure 4 illustrates the two scoring
dimensions, coverage and relevance, used in the
human evaluation.

Although we observed relatively low alignment
between human judgments and our automatic ev-
idence evaluation scores, human assessments of
predicted evidence largely agree with the overall
ranking of participating systems, as reported in
Table 8. The evaluation of evidence predictions
from ADA-AGGR is missing from this analysis
because two participating teams, HUMANE and
REVEAL, did not complete the human evaluation.
This alignment analysis suggests that while our ev-
idence evaluation method provides a reasonable
and informative baseline for assessing predicted ev-
idence quality, it remains relatively coarse-grained
and would benefit from further refinement to better
capture nuanced or partially correct evidence.
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Figure 5: An example of predicted and the corresponding reference evidence to human annotators. Only a
subset of the evidence is shown due to length constraints.
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Query type Description

Generated questions Questions are generated with gpt-3.5-turbo based on the claim.
Three claim-question pairs from the training set are used as in-
context examples.

Generated background queries Queries are generated with gpt-3.5-turbo based on the claim. The
prompt focuses on background information, such as details about
entities in the claim. Three manually constructed claim-query pairs
are used as in-context examples.

Generated provenance queries Queries are generated with gpt-3.5-turbo based on the claim. The
prompt focuses on information necessary to establish provenance,
such as whether the claim source is a satire site. Three manually
constructed claim-query pairs are used as in-context examples.

Claim named entities Named entities from the claim are extracted and used as search
queries. One query for each entity is constructed, along with one
query containing all entities.

Most similar gold evidence The most similar paragraph in the gold evidence document is
selected using BM25, and used as a search query.

Gold URL generated questions Queries are generated with gpt-3.5-turbo based on the URL of
the gold evidence. The prompt tried to generate questions that
would retrieve the URL in question. Three manually constructed
URL-query pairs are used as in-context examples.

Different event same entity Queries are generated with gpt-3.5-turbo based on the named enti-
ties in the claim. The prompt focuses on different events involving
some of the same entities. Results are used as distractors to make
the retrieval task harder.

Similar entities Queries are generated with gpt-3.5-turbo based on the claim. The
prompt replaces entities in the claim with other similar entities,
such as changing one city to another. Results are used as distrac-
tors to make the retrieval task harder.

Gold questions Gold questions used verbatim as search queries.
Claim + gold question Gold questions used verbatim as search queries. The claim is

prepended, processed as in Schlichtkrull et al. (2023).
Rephrased gold questions Gold questions are rephrased using gpt-3.5-turbo, and then input

as search queries.
Gold answers Gold questions used verbatim as search queries.
Rephrased gold answers Gold answers are rephrased using gpt-3.5-turbo, and then input as

search queries.

Table 9: Types of textual query input to the Google Search API for each claim in order to build the knowledge
store. Following (Schlichtkrull et al., 2023), we restrict search results to documents published before the claim. For
each claim, we also extend the knowledge store with the corresponding gold evidence documents.

Dimension HUMANE∗ HUMANE REVEAL Lowest Highest Exc. All

ρ 0.483 0.06 0.575 0.196 0.470 0.303 0.215
r 0.655 0.04 0.520 0.207 0.455 0.290 0.242

Table 10: Correlation with the Spearman (ρ) and Pearson (r) correlation coefficients between AVERIMATEC
scores and human-rated scores regarding different predictions. We reported correlation on predictions from the
HUMANE and REVEAL team as well as predictions with scoring of 0 (Lowest) and 1 (Highest) from our automatic
evidence evaluation model. The column HUMANE∗ reports correlation between human annotators. We also report
correlations between human rating and our evaluation model rating when excluding (Exc.) HUMANE’s predictions.
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