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Abstract

Automated fact-checking is a crucial task that
supports a responsible information ecosystem.
While recent research has progressed from text-
only to multimodal fact-checking, a prevail-
ing assumption is that incorporating visual ev-
idence universally improves verification accu-
racy. In this work, we challenge this assump-
tion and show that the indiscriminate use of
visual evidence can reduce accuracy. Build-
ing on this finding, we propose AMUFC, a
modular fact-checking framework that employs
two collaborative vision-language models with
distinct roles to enable the adaptive use of vi-
sual evidence. Experimental results on three
datasets, including WebFC, introduced in this
study, demonstrate the effectiveness of adaptive
visual evidence use in fact-checking.

1 Introduction

Fact-checking—the process of determining the ve-
racity of claims—is a cornerstone of responsible
journalism and an essential mechanism for mitigat-
ing the harms of misinformation in broader web
environments (Hassan et al., 2015; Adair et al.,
2017). Building on early work focused on text-
only verification, recent research has increasingly
shifted toward multimodal fact-checking, which
addresses scenarios in which evidence is conveyed
through multiple modalities, primarily text and im-
ages (Hameleers et al., 2020; Alam et al., 2022;
Biamby et al., 2022). Various approaches have
been proposed to integrate these modalities for
fact verification. For example, multimodal fusion-
based classifiers combine retrieved image–text evi-
dence (Yao et al., 2023), while more recent work
leverages reinforcement learning to summarize
multimodal inputs (Chen et al., 2024). A common
finding across these studies is that leveraging visual
evidence can improve fact-checking accuracy (Tah-
masebi et al., 2024; Cekinel et al., 2025), echoing
the adage that a picture is worth a thousand words.

Figure 1: An example illustrating that visual evidence
is not always necessary for multimodal fact-checking,
motivating the research direction of this study.

In this study, we challenge a prevailing assump-
tion in prior work—the presumed necessity of vi-
sual evidence—as illustrated in Figure 1. Using
MOCHEG (Yao et al., 2023) as our primary testbed,
we analyze the effects of visual evidence on verifi-
cation accuracy. While prior work has shown that
some claims cannot be reliably verified without vi-
sual evidence (Cekinel et al., 2025), we show that
a naïve strategy of indiscriminately incorporating
visual evidence can lead models to underperform
text-only baselines. We further show that verifi-
cation performance improves when the evidence
modality is selected adaptively, as demonstrated in
an oracle setting in which visual evidence is incor-
porated only when it is beneficial for verification.

Motivated by these findings, we propose
AMUFC, a modular framework that adaptively in-
corporates visual evidence through the collabora-
tion of two vision-language models (VLMs) with
distinct roles. To examine whether the benefits of
adaptive visual evidence use persist in practical
settings, we adopt a simple Analyzer–Verifier de-
sign. An Analyzer determines whether visual ev-
idence is necessary for verification, while a Ver-
ifier predicts claim veracity based on the Ana-
lyzer’s natural-language assessment. Experimental
results on MOCHEG demonstrate that AMUFC
outperforms existing methods. We further con-
duct test-only evaluations on FIN-FACT (Ranga-
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Dataset Primary
Inputs Evidence Task Label

Source
Claim
Source

External
Knowledge

Source
Access

Fakeddit (Nakamura et al., 2020) Img/Txt - Mixed Synthetic Reddit ✗ ✓

NeuralNews (Tan et al., 2020) Img/Txt - OOC Mixed Grover/GoodNews ✗ ✓

NewsCLIPings (Luo et al., 2021) Img/Txt - OOC Mixed CLIP/VisualNews ✗ ✓

Factify (Suryavardan et al., 2023) Img/Txt Img/Txt OOC Mixed Twitter ✗ ✓

VERITE (Papadopoulos et al., 2024) Img/Txt - Mixed Mixed Snopes/Reuters ✗ ✓

Fauxtography (Zlatkova et al., 2019) Img/Txt Meta FV Expert Snopes/Reuters ✗ ✓

MMM (Gupta et al., 2022) Img/Txt Txt FV Mixed FC webs ✗ ✗

FactDrill (Singhal et al., 2022) Txt Vid/Aud/Img/Txt/Meta FV Expert FC webs ✗ ✗

ChartFC (Akhtar et al., 2023a) Txt Img FV Crowd TabFact ✗ ✓

ChartCheck (Akhtar et al., 2024) Txt Img/Txt FV Crowd Wikimedia ✗ ✓

MOCHEG (Yao et al., 2023) Txt Img/Txt FV Expert FC webs ✓ ✓

FIN-FACT (Rangapur et al., 2025) Txt Img/Txt FV Expert FC webs ✗ ✓

AVerImaTeC (Cao et al., 2025) Img/Txt Img/Txt FV Expert FC webs ✓ ✓

VeriTaS (Rothermel et al., 2026) Vid/Img/Txt - FV Mixed FC webs ✗ ✓

Table 1: Datasets for multimodal fact-checking (OOC: out-of-context misinformation; FV: fact verification).

pur et al., 2025), a financial-domain dataset, and
WebFC, a newly constructed dataset of recent
claims paired with web-retrieved evidence, and ob-
serve that the performance gains from incorporat-
ing the Analyzer’s assessment persist. These results
suggest that the adaptive use of visual evidence,
as operationalized by AMUFC, can be effective
across diverse fact-checking scenarios, including
cross-domain verification and verification of recent
claims using noisy web evidence.

The key contributions of this study are summa-
rized below.

• We show that visual evidence is not always
beneficial for multimodal fact-checking, chal-
lenging a prevailing assumption in prior re-
search that incorporating visual evidence in-
herently improves verification performance.

• We propose AMUFC, a modular framework
that adaptively uses visual evidence. Despite
its simplicity, AMUFC demonstrates the ef-
fectiveness of adaptive visual evidence use
across diverse fact-checking scenarios.

2 Related Work

2.1 Multimodal Fact-checking

Previous research on multimodal fact-checking,
or multimodal misinformation detection, can be
broadly categorized into three tasks based on their
verdict prediction settings: manipulation classifi-
cation, out-of-context detection, and fact verifica-
tion (Akhtar et al., 2023b). Manipulation classi-
fication focuses on detecting manipulated misin-
formation within a single modality (Gupta et al.,
2013; Boididou et al., 2014; Huh et al., 2018; Heller

et al., 2018; Shao et al., 2023). Out-of-context de-
tection aims to determine whether a given image-
text pair conveys consistent contextual informa-
tion (Nakamura et al., 2020; Tan et al., 2020; Luo
et al., 2021; Suryavardan et al., 2023; Papadopoulos
et al., 2024). Fact verification, which is the focus
of this paper, seeks to predict the truthfulness of
a claim, typically in textual form (Singhal et al.,
2022; Akhtar et al., 2023a, 2024; Yao et al., 2023).
Table 1 summarizes widely used multimodal fact-
checking datasets.

Following early attempts at zero-shot fact veri-
fication (Lee et al., 2020), most subsequent work
has adopted retrieval-augmented generation (RAG)
frameworks (Lewis et al., 2020), which retrieve
both visual and textual evidence and leverage the re-
trieved content to support verification. Because evi-
dence quality is critical for RAG-based verification,
several studies have focused on mitigating noisy
or irrelevant context. For example, MetaSumPer-
ceiver was proposed to summarize multimodal doc-
ument evidence (Chen et al., 2024). Other work
introduced re-ranking methods based on predicted
token probabilities (Tahmasebi et al., 2024), while
additional approaches proposed tool-based RAG
pipelines for fact verification. Most recently, Pang
et al. (2025) proposed a hypergraph transformer-
based fact-checking framework to capture higher-
order relationships between claims and evidence.
Our study explicitly examines the necessity of vi-
sual evidence for fact verification.

2.2 Adaptive Retrieval

We review previous research on adaptive retrieval
for fact verification and, more broadly, for RAG. Al-
though RAG improves performance on knowledge-
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intensive tasks (Lewis et al., 2020), inaccurate or
irrelevant retrieval can introduce noisy context that
degrades performance (Yoran et al., 2024; Shi et al.,
2023). Adaptive retrieval strategies mitigate this is-
sue by retrieving on demand or filtering out unhelp-
ful context (Tang et al., 2025; Parekh et al., 2025).
For example, Self-RAG (Asai et al., 2023) enables
dynamic retrieval via reflection tokens, while other
approaches select RAG strategies based on query
complexity (Jeong et al., 2024) or use trained rele-
vance estimators to assess context utility (Kim and
Lee, 2024). More recent work leverages hidden-
state representations to decide whether retrieval is
necessary (Baek et al., 2025) or dynamically incor-
porates retrieved passages based on their quality (In
et al., 2025).

In fact verification, agent-based iterative frame-
works integrate retrieval and verification across
multiple rounds (Xie et al., 2025), while PASS-FC
augments claims with temporal and entity ground-
ing for progressive search (Zhuang, 2025). Related
work also explores dynamically adjusting search
depth to extract multimodal evidence (Braun et al.,
2025). In contrast to prior work that primarily fo-
cuses on textual relevance or filters out irrelevant
evidence before verification, this study focuses on
the necessity of visual evidence and introduces a
modular framework that enables the adaptive use
of visual information.

3 Task and Dataset

Given a textual claim c and an external knowl-
edge source K, the task of multimodal fact ver-
ification aims to determine the veracity of c by re-
trieving and reasoning over both textual and visual
evidence. Specifically, a fact-checking system re-
trieves a set of textual evidence Et ⊂ K and visual
evidence Ev ⊂ K, and then predicts a verdict label
y ∈ {supported, refuted, not enough information
(NEI)} based on (c, Et, Ev).

Among existing multimodal fact-checking
datasets (Table 1), we select MOCHEG (Yao et al.,
2023) as the primary testbed for our study based on
three criteria aligned with our research objectives.
First, the dataset must explicitly target fact verifi-
cation, thereby excluding datasets designed for re-
lated but distinct tasks, such as out-of-context detec-
tion in Factify (Suryavardan et al., 2023). Second,
it must take a textual claim c as input, excluding
datasets such as AVerImaTeC (Cao et al., 2025) that
assume text–image input pairs. Third, it must pro-

vide a knowledge source K from which textual and
visual evidence can be retrieved. MOCHEG (Yao
et al., 2023) satisfies all three criteria and is there-
fore selected as our primary testbed. To assess
generalizability beyond a single dataset, we use
two additional datasets exclusively for testing: FIN-
FACT and WebFC. These datasets represent diverse
fact-checking scenarios, including generalization
to claims from other domains and to recent claims,
without in-domain training.

The datasets used in this study are described
below.

• MOCHEG comprises claims with corre-
sponding verdicts, supported by evidence
curated by professional fact-checkers. The
claims are collected from two fact-checking
websites: PolitiFact1 and Snopes2. The dataset
includes 11,669 claims for training, 1,490 for
validation, and 2,442 for testing. The knowl-
edge source K consists of 3,070,563 sen-
tences and 137,621 images. Each claim is
paired with gold textual evidence and, when
available, gold visual evidence.

• FIN-FACT (Rangapur et al., 2025) is a finan-
cial fact-checking dataset containing claims
and verdicts produced by human experts. We
applied a sanitization process to the origi-
nal dataset by removing claims without pub-
licly accessible image evidence and refining
the remaining claims, yielding 2,581 claims
with associated multimodal evidence. As the
dataset does not provide an external knowl-
edge source, we treat the entire set of textual
evidence and images as K.

• WebFC is a newly constructed corpus de-
veloped in this study, consisting of 621 re-
cently published claims and their correspond-
ing verdicts from PolitiFact, spanning January
2024 to September 2025. Treating web doc-
uments as the knowledge source K, we re-
trieved both textual and visual evidence using
the Google Custom Search API. To prevent
the retrieval of documents published after the
corresponding fact-checking articles, which
would create an unrealistic verification set-
ting, we restricted retrieval to sources pub-
lished before the fact-checking articles, fol-
lowing recent practice (Cao et al., 2025). We

1https://www.politifact.com/
2https://www.snopes.com/
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also excluded evidence from fact-checking
organizations to reduce the risk of directly
retrieving previously published verdicts. Ac-
cordingly, WebFC better reflects a temporally
realistic fact-checking scenario in which re-
cent claims are verified using web-retrieved
evidence, while also reducing the risk of tem-
poral leakage from evidence published after
the corresponding fact-checking decisions.

Details of dataset preprocessing and construction
are provided in Appendix B.

4 Is Visual Evidence Always Needed?

We challenge a common assumption in prior re-
search on multimodal fact-checking—that visual
evidence is necessary for effective verification. Us-
ing MOCHEG, we examine how incorporating vi-
sual evidence affects fact-checking performance
and then conduct qualitative analyses to identify
when visual evidence contributes to verification
and when it is unnecessary.

4.1 Effect of Visual Evidence on Performance
We compared the verification accuracy of VLMs
across four input configurations: (1) textual evi-
dence only, (2) textual evidence with gold image
evidence, (3) textual evidence with retrieved image
evidence, and (4) an oracle setting in which an in-
put configuration yielding the correct verdict was
selected for each instance, whenever one existed.

In all configurations, we assumed that the gold
textual evidence was provided, as our focus was
to assess the impact of visual evidence. Follow-
ing prior work (Cekinel et al., 2025), configuration
(2) used the first image as evidence when multi-
ple images were available. In configuration (3),
we used the fine-tuned CLIP model provided with
the MOCHEG baseline to retrieve the top-1 image
from K as visual evidence. In configuration (4), the
input combination that yielded the correct verdict—
when such a configuration existed—was always
selected, thereby representing an upper bound on
achievable performance under perfect modality se-
lection. This controlled comparison enabled us to
isolate the impact of visual evidence on fact verifi-
cation performance.

Table 2 presents the evaluation results. The first
column lists the target VLMs, the second specifies
the input configuration, and the third and fourth
report verification performance on the MOCHEG
test split, measured by accuracy (ACC) and macro

Model Configuration ACC F1

Qwen2-VL

(1) Text 0.509 0.419
(2) + Image (G) 0.506 0.410
(3) + Image (R) 0.490 0.395
(4) Oracle 0.547 0.451

Llama-3.2-V

(1) Text 0.496 0.495
(2) + Image (G) 0.462 0.445
(3) + Image (R) 0.412 0.393
(4) Oracle 0.590 0.582

GPT-4o

(1) Text 0.642(.001) 0.612(.000)
(2) + Image (G) 0.635(.003) 0.596(.003)
(3) + Image (R) 0.630(.001) 0.597(.001)
(4) Oracle 0.680(.002) 0.649(.001)

Gemini-2.5-Pro

(1) Text 0.627(.001) 0.599(.001)
(2) + Image (G) 0.620(.001) 0.570(.001)
(3) + Image (R) 0.596(.001) 0.557(.001)
(4) Oracle 0.692(.001) 0.660(.001)

Table 2: Fact-verification performance across different
evidence configuration strategies, indicating that visual
evidence is not always necessary. Values in parenthe-
ses denote standard errors, which are omitted for open-
weight models due to deterministic results (G: Gold, R:
Retrieved).

F1. We evaluated two open-weight and two API-
based VLMs. The open-weight models are Qwen2-
VL-7B (Wang et al., 2024) and Llama-3.2-11B-
Vision (Grattafiori et al., 2024), denoted through-
out the paper as Qwen2-VL and Llama-3.2-V, re-
spectively, while the API-based models are GPT-
4o (Hurst et al., 2024) and Gemini-2.5-Pro (Co-
manici et al., 2025). Model checkpoints are pro-
vided in Appendix A.

We derived three key observations regarding the
effects of visual evidence on verification perfor-
mance. First, when comparing the text-only setting
(configuration 1) with the multimodal setting using
gold images (configuration 2), incorporating visual
evidence consistently degraded performance across
all evaluated models. Second, in configuration (3),
which uses retrieved image evidence, performance
decreased relative to both configurations (1) and (2)
across all models. The largest drop was observed
for Llama-3.2-V, with decreases of 0.084 in accu-
racy and 0.102 in macro F1. This result suggests
that imperfect retrieval can introduce noisy or mis-
leading context. Third, the oracle setup (configura-
tion 4) consistently outperformed all other settings
through optimal modality selection. According to
the Mann–Whitney U test, the improvement over
the non-oracle settings was statistically significant
(p<0.01) for GPT-4o and Gemini-2.5-Pro.3 Taken

3The results for the open-weight models are deterministic
and therefore were not included in the statistical test.
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Type Unnecessary Necessary

Claim Marquette University threatened to rescind student’s
admission over pro-Trump TikTok video.

In an episode of ’The Simpsons,’ Mayor Quimby
says he is canceling a trip to the Bahamas while he’s
in the Bahamas, because of an ongoing epidemic.

Visual Evidence

Textual Evidence

• The pro-Trump post was not at issue. Marquette
and the people complaining to the university were
examining comments on topics like sexuality and
immigration in other social media posts.

• The student clearly felt her status was in doubt, but
she has stopped short of calling it a threat. The
school says no threat was made.

• The “threat” element is tricky to pin down, since
that claim stems from a private conversation
between the student and Marquette admissions
staffers.

After initially saying he didn’t do anything wrong,
Steve Adler, the mayor of Austin, Texas, says he
now realizes he ’set a bad example’ by travel-
ing to Cabo San Lucas, Mexico, for vacation last
month. An Austin American-Statesman story re-
vealed Wednesday that Adler attended an in-person
wedding for his daughter in early November and
then flew with others to Cabo for a weeklong va-
cation. At the same time, Adler was encouraging
people to stay home to avoid contracting or spread-
ing COVID-19.

Table 3: Examples for visual evidence types according to their necessity for claim verification.

together, these findings support our hypothesis that
visual evidence is not always necessary for claim
verification. Moreover, the substantial performance
gains observed in the oracle setting motivate the
adaptive use of visual evidence.

4.2 When Does Visual Evidence Not Help?

Building on the mixed effects of visual evidence
on verification performance, we conducted a qual-
itative analysis to examine when visual evidence
does not aid verification. We first defined claim cat-
egories based on whether visual evidence changed
GPT-4o’s verification outcome on the validation set,
as GPT-4o achieved the best overall performance
among the four VLMs in Table 2. Specifically, we
labeled claims as Visual-successful (51 claims)
when the model predicted the correct verdict only
after visual evidence was added to the textual ev-
idence, and as Visual-unsuccessful (61 claims)
when the model predicted the correct verdict using
textual evidence alone but changed to an incorrect
prediction after visual evidence was incorporated.
Since our goal is to understand the influence of
visual evidence on verification, we excluded claims
for which adding images did not affect the text-only
model’s prediction.

Next, we manually assessed whether visual
evidence was necessary for claim verification.

Figure 2: Distribution of visual evidence types across
claim categories, illustrating the association between
visual evidence necessity and verification outcomes.

Through an iterative process, we developed an an-
notation scheme that distinguished two visual ev-
idence types according to their necessity for veri-
fication. We annotated visual evidence as Unnec-
essary (80 pieces) when it was redundant (i.e., it
merely repeated information already conveyed by
the text) or irrelevant (e.g., it omitted the key en-
tity or event mentioned in the claim, or merely
showed a portrait of a person without adding con-
textual value), and as Necessary (32 pieces) when
it provided unique information required to evalu-
ate the claim’s truthfulness. Two annotators from
Soongsil University applied this scheme to all 112
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Figure 3: Overall pipeline of AMUFC. Given the retrieved evidence, the two VLMs—Analyzer and Verifier—are
responsible for assessing the necessity of visual evidence and predicting the claim’s veracity, respectively.

samples, whose claim categories had already been
determined based on GPT-4o’s predictions, follow-
ing the annotation guidelines in Figure A4. This
process achieved high agreement (Krippendorff’s
α = 0.809), indicating substantial inter-annotator
agreement. Examples are shown in Table 3.

Figure 2 shows how the manually annotated
visual evidence types (Unnecessary or Neces-
sary) varied across the automatically determined
claim categories (Visual-successful or Visual-
unsuccessful). We observed a significant associ-
ation between claim categories and evidence types
(p<0.001, chi-square test), indicating that the ef-
fect of visual evidence on verification performance
is closely related to whether the visual evidence
is actually necessary for verification. In particular,
redundant or irrelevant visual evidence may de-
grade verification performance rather than improve
it. Consistent with the results in Table 2, these find-
ings motivate the adaptive use of visual evidence.

5 Proposed Method: AMUFC

We propose a modular fact-checking frame-
work that adaptively incorporates visual evidence,
termed Adaptive Multimodal Fact-Checking with
Visual Evidence Necessity (AMUFC). Building on
the mixed effects of visual evidence on verification
performance observed in Section 4, we examine
whether the benefits of adaptive visual evidence
use persist in practical settings through AMUFC.
As illustrated in Figure 3, AMUFC comprises two
collaborating VLMs with distinct roles that operate
on evidence retrieved from the knowledge source.

• Analyzer: Assesses whether visual evidence is
necessary for verifying a claim. Given a claim
and the retrieved textual and visual evidence,
it generates a natural-language assessment of
visual evidence necessity together with its rea-
soning traces. Building on the findings in Sec-
tion 4, the Analyzer is instructed to reason
about whether visual evidence is required for

Your task is to determine whether the
provided image evidence is necessary for
verifying the given claim or clarifying the
accompanying text evidence. Follow these
steps:
1. Analyze the claim and the text evidence
to understand the context.
2. Assess whether the image provides
important information that is not already
conveyed by the text.
3. Decide whether the image is necessary for
verification and justify your reasoning.
Respond only with your analysis.

Claim: {claim}
Image Evidence: {image evidence}
Text Evidence: {text evidence}

(a) Analyzer

Given a claim, your task is to determine
the correct verdict based on the provided
image evidence and text evidence. Provide a
justification for your answer, then choose
one of the following verdicts: ‘Supported’,
‘Refuted’, or ‘NEI’ (Not Enough Information).
Claim: {claim}
Image Evidence: {image evidence}
Image Analysis: {analysis generated by
Analyzer}
Text Evidence: {text evidence}

(b) Verifier

Figure 4: Prompts used in AMUFC.

verification.

• Verifier: Predicts the veracity of the claim.
In addition to the claim and retrieved evi-
dence, the Verifier incorporates the Analyzer’s
natural-language assessment to adaptively de-
cide how visual evidence should be used dur-
ing verification.

This modular design is inspired by the fact-
checking practices of human experts (Borel, 2023;
Graves and Amazeen, 2019), who assess the rel-
evance and quality of candidate evidence before
reaching a verdict. We hypothesize that incorpo-
rating the Analyzer’s natural-language assessment
can improve overall fact-checking accuracy. This
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hypothesis is evaluated empirically in Section 6.
Focusing on open-weight models, our best-

performing configuration employs Llama-3.2-V
as the Analyzer and Qwen2-VL as the Verifier.
The prompts used in this framework are shown
in Figure 4. Both the Analyzer and the Verifier
were fine-tuned on the MOCHEG training split
via QLoRA (Dettmers et al., 2023). The Analyzer
was fine-tuned using outputs distilled from GPT-
4o, generated by prompting GPT-4o with the corre-
sponding claims and gold evidence. Further details
are provided in Appendix A.

6 Evaluation Results

This section presents experimental results evalu-
ating whether the adaptive use of visual evidence
operationalized by AMUFC is effective for multi-
modal fact verification.

6.1 Experimental Setting

We evaluated fact verification performance using
accuracy (ACC) and macro F1, which are standard
metrics for multi-class classification. We adopted
the retriever provided with MOCHEG and em-
ployed by the baseline methods to ensure a fair
comparison. Specifically, a fine-tuned CLIP (Rad-
ford et al., 2021) was used for image retrieval,
while SBERT (Reimers and Gurevych, 2019) was
used for text retrieval. The top-ranked textual and
visual evidence items based on cosine similarity
were passed to subsequent verification stages. Ad-
ditional experimental details are provided in Ap-
pendix A.

6.2 Comparison with Baseline Methods

On MOCHEG, we compared AMUFC with four
existing multimodal fact-verification approaches.
Our focus was on methods that (1) assume a fixed
knowledge source K and (2) employ open-weight
models. For a fair comparison, all methods were
trained on the MOCHEG training split.

• MOCHEG (Yao et al., 2023): This method
encodes the concatenated claim, textual evi-
dence, and visual evidence using CLIP. It then
applies stance detection to derive claim–text
and claim–image stance features, which are
averaged and fed into a multimodal fusion
classifier to predict the final verdict.

• LVLM4FV (Tahmasebi et al., 2024): This
method re-ranks initially retrieved evidence

using Mistral-7B (Jiang et al., 2023) for tex-
tual evidence and InstructBLIP (Dai et al.,
2023) for visual evidence. The re-ranked ev-
idence is then fed into a LLaVa-based veri-
fier (Liu et al., 2023).

• HGTMFC (Pang et al., 2025): This method
retrieves textual evidence using SBERT and
visual evidence using CLIP. It encodes the
claim and textual evidence as text tokens and
the visual evidence as image patches using
CLIP. A Hypergraph Transformer with group
attention and line-graph propagation performs
higher-order reasoning across evidence from
different modalities, and an MLP classifier
predicts the final verdict.

• MetaSumPerceiver (Chen et al., 2024): This
method encodes textual evidence in chunks
using BART and visual evidence using CLIP.
These modalities are fused through a dy-
namic Perceiver module to generate a claim-
conditioned evidence summary. A fine-tuned
Llama 2 (Touvron et al., 2023) then acts as a
surrogate fact-checker, predicting the final ve-
racity verdict by evaluating whether the sum-
mary is entailed by the claim.

Table 4 shows the fact-verification performance
of AMUFC and the baseline methods on the
MOCHEG test set. In the Gold setting, we pro-
vided gold evidence without retrieval, simulating
perfect retrieval, whereas the Retrieved setting re-
lied on retrieved evidence. We reported baseline
scores from their original papers and omitted the
macro F1 score for the retrieved setting of Meta-
SumPerceiver, as its implementation was not pub-
licly available and the reported results could not be
reproduced.

The results show that AMUFC consistently out-
performed existing methods by a substantial margin
across both evidence settings and evaluation met-
rics. Specifically, AMUFC achieved an accuracy
of 0.612 and a macro F1 of 0.6 in the gold setting.
When retrieved evidence was used, overall perfor-
mance decreased, but the performance advantage
of AMUFC persisted. These results demonstrate
the effectiveness of the proposed framework and
suggest that the adaptive use of visual evidence is
beneficial for multimodal fact verification.
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Method Gold Retrieved

ACC F1 ACC F1

AMUFC 0.612 0.600 0.546 0.540

MOCHEG 0.520 0.500 0.456 0.438
LVLM4FV 0.534 0.535 0.451 0.450
HGTMFC 0.541 0.520 0.486 0.468
MetaSumPerceiver 0.556 0.482 0.486 -

Table 4: Verification performance of AMUFC and base-
line methods on the MOCHEG test set, indicating the
effectiveness of the proposed framework.

6.3 Ablation Analysis

Analyzer-Verifier Integration We evaluated
whether incorporating the Analyzer’s natural-
language assessment into the Verifier’s prompt is
critical to the performance gains of AMUFC. To
this end, we implemented four alternative strategies
that incorporate visual evidence necessity into their
designs. The first, Label-only, treats the Analyzer
as a classifier that generates a visual evidence ne-
cessity label without an accompanying explanation.
Only the predicted label is incorporated into the
Verifier’s prompt. The second, Pre-filtering (Ana-
lyzer), excludes images predicted as unnecessary
by the Analyzer from the Verifier’s input. The third,
Pre-filtering (CLIP), replaces the fine-tuned An-
alyzer with CLIP and considers visual evidence
necessary when the text–image cosine similarity
exceeds a predefined threshold of 0.42, optimized
on the validation set. The fourth, w/o Analyzer, re-
moves the Analyzer entirely.

Table 5 reports the verification performance of
these strategies, all of which employ the fine-tuned
Qwen2-VL as the Verifier. The results indicate
that all alternative integration strategies performed
worse than AMUFC, supporting the conclusion
that the Analyzer’s natural-language assessment
contributes substantially to its performance gains.
In particular, given that both Label-only and Pre-
filtering (Analyzer) retain a separate call to the
Analyzer, the results suggest that relying on the
Analyzer’s assessment of visual evidence necessity
alone does not explain the observed performance
gain of AMUFC. The results further suggest that
the Verifier does not treat the Analyzer’s assess-
ment as a binding decision for reasoning during
verification.
Alternative Verifiers We compared AMUFC with
two fine-tuning alternatives that use different Veri-
fier configurations. The first, Unified Verifier, com-

Method Gold Retrieved

ACC F1 ACC F1

AMUFC 0.612 0.600 0.546 0.540

Label-only 0.599 0.581 0.517 0.492
Pre-filtering (Analyzer) 0.574 0.551 0.492 0.460
Pre-filtering (CLIP) 0.569 0.546 0.495 0.463
w/o Analyzer 0.563 0.537 0.477 0.435

Table 5: Ablation results for different Analyzer–Verifier
integration strategies, demonstrating the effectiveness
of incorporating the Analyzer’s natural-language assess-
ment used in AMUFC.

Method Gold Retrieved

ACC F1 ACC F1

AMUFC 0.612 0.600 0.546 0.540

Unified Verifier 0.577 0.555 0.531 0.513
Verifier with CoT 0.553 0.511 0.493 0.459

Table 6: Comparison with alternative verifiers, demon-
strating the benefit of separating evidence assessment
from verdict prediction.

bines the roles of the Analyzer and Verifier into
a single model that jointly determines the neces-
sity of visual evidence and predicts the veracity
label. The second, Verifier with CoT, generates a
justification before predicting the verdict, unlike
the Verifier in AMUFC, which predicts only the
verdict. Both models are based on Qwen2-VL and
were fine-tuned on the MOCHEG training split
using GPT-4o-generated explanations; Unified Ver-
ifier used the same supervision as the Analyzer
in AMUFC. Table 6 reports the experimental re-
sults. Unified Verifier underperformed relative to
AMUFC, highlighting the benefit of separating ev-
idence assessment from verdict prediction. Verifier
with CoT also underperformed, indicating that the
Analyzer’s assessment of visual evidence neces-
sity provides a distinct signal beyond the benefits
of eliciting explicit reasoning within the Verifier
itself.

Details of the methods are described in Ap-
pendix A.2, and additional ablation results on the
choice of VLM backbones and retriever models are
presented in Appendix C.

6.4 Error Analysis

To assess the strengths and weaknesses of AMUFC,
we compared its error distribution with that of a
baseline method that excludes the Analyzer. Fig-
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Figure 5: Distribution of confusion patterns for AMUFC
compared with the Verifier-only baseline.

ure 5 shows the corresponding confusion matrices.
Overall, the baseline method tended to overpre-
dict the Refuted label across the three ground-truth
classes, whereas AMUFC produced more correct
predictions across all classes. The largest gap was
observed for the Supported class (457 vs. 205). As
illustrated by the left example in Table A9, the
Analyzer’s natural-language assessment of visual
evidence necessity helped the Verifier produce the
correct Supported verdict. Another notable trend
is that AMUFC predicted NEI more frequently
than the baseline, resulting in more correct NEI
predictions (312 vs. 220). Although this conser-
vative tendency can sometimes lead to incorrect
predictions (e.g., the right example in Table A9),
such behavior may be desirable in practical fact-
checking settings, where withholding a verdict in
the absence of sufficient evidence can help avoid
premature conclusions.

6.5 Test-only Evaluation

We conducted test-only evaluations on FIN-FACT
and WebFC to assess the generalizability of the
proposed framework across diverse fact-checking
scenarios. We evaluated how AMUFC, trained on
the MOCHEG training split, performed on these
two datasets. Thus, these datasets represent practi-
cal fact-checking scenarios involving cross-domain
verification and verification of recent claims us-
ing noisy web evidence, respectively. Using the
same retriever for each method, we compared
AMUFC with a Verifier-only baseline. Table 7
shows that AMUFC outperformed the baseline on
both datasets. While the absolute performance de-
creased compared with performance on MOCHEG,
the performance advantage of the proposed method
over the baseline persisted in both test-only eval-
uations without in-domain training. These results
suggest that the adaptive use of visual evidence,

Method FIN-FACT WebFC

ACC F1 ACC F1

AMUFC 0.491 0.461 0.316 0.241
Verifier-only 0.469 0.384 0.309 0.179

Table 7: Test-only evaluation on two datasets, demon-
strating the effectiveness of AMUFC across diverse
fact-checking scenarios.

as operationalized by AMUFC, can be effective
across diverse fact-checking scenarios, including
cross-domain verification and verification of recent
claims using noisy web evidence.

7 Conclusion

This study examines a common assumption in
multimodal fact-checking (Tahmasebi et al., 2024;
Cekinel et al., 2025): that incorporating visual ev-
idence leads to more accurate verdict prediction.
Performance analyses across different modality set-
tings show that indiscriminate use of visual evi-
dence can reduce fact-checking accuracy, while
our manual annotation further shows that visual
evidence can be particularly harmful when it is re-
dundant or irrelevant. This observation aligns with
findings from psychology research showing that
some images are ineffective for misinformation
correction (Whitehead et al., 2025).

Building on this finding, we present AMUFC,
a modular framework that adaptively uses visual
evidence through collaboration between two vision-
language models with distinct roles. We conduct
experiments on three datasets, including WebFC,
introduced in this study. The results demonstrate
the effectiveness of adaptive visual evidence use
across diverse fact-checking scenarios, including
cross-domain verification and verification of re-
cent claims using noisy web evidence. Future work
could extend AMUFC to agentic fact-checking sys-
tems, building on recent work demonstrating the
potential of this direction (Braun et al., 2025; Lin
et al., 2025; Jung et al., 2026).

Limitations

This work has several limitations, which open di-
rections for future research. First, to ensure a fair
comparison with existing methods, we used the
same retrievers, CLIP and SBERT, for the main
experiments on MOCHEG. To address the limita-
tion, we conducted additional experiments with
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different retrievers, the results of which are re-
ported in Table A3. Second, the Analyzer-Verifier
collaboration introduces additional computational
costs compared to the single-model baseline (Ta-
ble A4). Employing smaller models represents a
promising direction for improving the practical-
ity of real-world fact-checking systems (Belcak
et al., 2025). Third, the primary evaluation was
conducted on a single English-language dataset,
MOCHEG. We conducted test-only evaluations us-
ing FIN-FACT and the proposed WebFC, further
demonstrating the effectiveness of the proposed
framework across diverse fact-checking scenarios.
Future studies could incorporate recently released
benchmarks that meet our data selection criteria,
including VeriTaS (Rothermel et al., 2026).

Ethical Considerations

Annotator Information Two annotators—one
graduate and one undergraduate student (both male)
from the authors’ institution—were recruited for
manual data annotation (Section 4). As fact ver-
ification is an objective task, we expect that the
annotators’ gender had minimal impact on the out-
comes. In compliance with local wage regulations,
the annotators were compensated at a rate of ap-
proximately USD 7 per hour.

Copyright and Privacy Issues WebFC is re-
leased to support the evaluation of multimodal
fact-checking methods. Its intended use is to evalu-
ate methods without additional training, including
zero-shot evaluation of LLM/VLMs. The dataset is
released exclusively for academic purposes through
https://github.com/ssu-humane/AMuFC under
CC BY-NC 4.0. This dataset contains references
to fact-checking articles published by PolitiFact, a
service of The Poynter Institute. The CC BY-NC
4.0 license applied to WebFC does not apply to
any PolitiFact content. Since the dataset is derived
from publicly available fact-checking verdicts, its
use poses minimal privacy concerns.

AI Assistant Usage We used AI-assisted lan-
guage editing tools (e.g., Grammarly and ChatGPT)
exclusively to improve grammar and readability.
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Appendix

A Experimental Details

A.1 Training and Inference

For experiments on MOCHEG, we used the fine-
tuned CLIP and SBERT retrievers provided with
the baseline to ensure a fair comparison by con-
trolling for the effects of the retrieval components.
We accessed GPT-4o and Gemini-2.5-Pro via API,
while Qwen2-VL-7B and Llama-3.2-11B-Vision
were used through pretrained checkpoints. Fine-
tuning was performed with QLoRA (Dettmers
et al., 2023), using a rank of 128, an alpha value
of 256, and a dropout rate of 0.05. We employed
the AdamW optimizer with a cosine learning rate
scheduler, a base learning rate of 2 × 10−5, a
warmup ratio of 0.03, and a batch size of 32. Train-
ing was conducted for two epochs. All experiments
were run on a single node equipped with eight
NVIDIA H100 80GB GPUs, which were used for
both training and inference. Training the Analyzer
(Llama-3.2-11B-Vision) and Verifier (Qwen2-VL-
7B) required approximately 6 and 2 H100 GPU-
hours, respectively. Per-sample inference times are
reported in Table A4.

The Verifier was fine-tuned on the MOCHEG
training split using the claim, gold textual evidence,
and gold image evidence when available. The train-
ing target consisted solely of the verdict label; Ana-
lyzer outputs were not used during Verifier training.
The Analyzer’s natural-language assessment was
incorporated only at inference time through the Im-
age Analysis field. The same fine-tuned Verifier was
used for both gold-evidence and retrieved-evidence
evaluations. This decoupling also allowed differ-
ent Analyzers to be paired with the same Verifier
without retraining, as shown in Table A2.

We fixed the inference hyperparameters to en-
sure reproducibility. Specifically, we used greedy
decoding for both Qwen2-VL-7B and Llama-3.2-
11B-Vision; accordingly, all results from the open-
weight models are deterministic. GPT-4o and
Gemini-2.5-Pro were evaluated with a temperature
of 0.0, with a thinking budget of 128 for Gemini-
2.5-Pro. For API-based results, we reported the
mean and standard error of performance across
three runs. Variability due to fine-tuning seeds is
evaluated separately in Appendix C.4.

Your task is to determine if the provided image
evidence is essential to verify the given claim
or clarify the provided text evidence. To do
this, follow these steps:
1. Analyze the claim and the text evidence to
understand the context.
2. Assess whether the image evidence provides
critical information not conveyed by the text
alone.
3. Decide if the image evidence is necessary for
verification or clarification.
Respond only with ‘Yes’ if the image evidence
is necessary or ‘No’ if it is not.

Figure A1: Prompt used for Pre-filtering (Analyzer).

The model IDs of the VLMs used in our experi-
ments are provided below.

• GPT-4o (Hurst et al., 2024): gpt-4o-2024-11-
20

• Gemini-2.5-Pro (Comanici et al., 2025):
gemini-2.5-pro

• Qwen2-VL-7B (Wang et al., 2024):
https://huggingface.co/Qwen/
Qwen2-VL-7B-Instruct

• Llama-3.2-11B-Vision (Grattafiori
et al., 2024): https://huggingface.
co/meta-llama/Llama-3.
2-11B-Vision-Instruct

The model IDs of the retrievers used in our ex-
periments are provided below.

• CLIP (Radford et al., 2021):
https://huggingface.co/
sentence-transformers/clip-ViT-B-32

• SigLIP (Tschannen et al., 2025):
https://huggingface.co/google/
siglip-so400m-patch14-384

• SBERT (Reimers and Gurevych,
2019): https://huggingface.
co/sentence-transformers/
multi-qa-MiniLM-L6-cos-v1

• mxbai (Lee et al., 2024b): https:
//huggingface.co/mixedbread-ai/
mxbai-embed-large-v1

A.2 Methods in Ablation Studies
Label-only A VLM Analyzer (Llama-3.2-11B-
Vision) was fine-tuned to predict a binary label
indicating whether visual evidence is necessary,
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Type Claim ID 28 Claim ID 35

Claim Google PhoneBook Barack Obama’s Net Worth

Refined Claim
Entering a phone number into the Google
search engine can produce a home address
and a map with directions to that address.

Barack Obama’s net worth increased over
$10 million from 2008 to 2012.

Table A1: Examples of refinement results for incomplete claims from FIN-FACT.

using labels generated by GPT-4o. The predicted
label was then passed to the Verifier through the
Image Analysis field. The prompt is shown in Fig-
ure A1.
Pre-filtering (Analyzer) The VLM Analyzer used
for Label-only was also used to exclude images pre-
dicted to be unnecessary from the Verifier’s input.

Pre-filtering (CLIP) The fine-tuned CLIP model
provided by Yao et al. (2023) was used to compute
the cosine similarity between the claim text and the
image. Images with similarity scores below 0.42,
a threshold optimized on the validation set, were
excluded from the Verifier’s input.

Unified Verifier A VLM (Qwen2-VL-7B) was
fine-tuned to perform both visual evidence neces-
sity assessment and verdict prediction in a sin-
gle pass, using a concatenated Analyzer and Ver-
ifier prompt. The model was trained to generate
a natural-language analysis followed by the ver-
dict. The analysis was distilled from GPT-4o and
was identical to the supervision used to train the
Analyzer in AMUFC.

Verifier with CoT A single Qwen2-VL-7B Ver-
ifier used the same prompt as the Verifier in
AMUFC but was trained to generate a justification
before the verdict, rather than outputting only the
verdict label. The justification data were obtained
from the GPT-4o-generated justifications provided
by Lee et al. (2024a).

A.3 Licenses and Software

Artifact Licenses All datasets and open-weight
models used in this study are publicly available
under licenses permitting academic research use.
MOCHEG (Yao et al., 2023) is released under CC
BY 4.0, and FIN-FACT (Rangapur et al., 2025) is
released under the MIT License. Qwen2-VL-7B is
distributed under the Apache 2.0 License, whereas
Llama-3.2-11B-Vision is governed by the Llama
3.2 Community License. CLIP is released under the

MIT License; SBERT, SigLIP, and mxbai-embed-
large are distributed under the Apache 2.0 License.
The proposed WebFC dataset will be publicly re-
leased through a software repository under the CC
BY-NC 4.0 for the authors’ original annotations,
labels, and metadata. To avoid redistributing third-
party content, the release will exclude raw web
documents, images, and generated document sum-
maries, and will instead provide retrieval queries,
evidence URLs, metadata, and scripts to recollect
evidence from the original sources.

Software and Packages All experiments
were conducted using Python 3.11.13 with
CUDA 12.6, using PyTorch 2.7.0, Hugging-
Face Transformers 4.57.3, PEFT 0.17.1, TRL
0.16.1, BitsAndBytes 0.47.0, Accelerate 1.6.0,
DeepSpeed 0.17.5, SentenceTransformers
5.1.2, FAISS 1.12.0, bm25s 0.2.14, scikit-learn
1.7.1, and SciPy 1.16.1. Classification metrics,
including accuracy and macro F1, were com-
puted with sklearn.metrics, where macro F1
used average="macro". Statistical tests used
scipy.stats.mannwhitneyu with a two-sided
alternative and scipy.stats.chi2_contingency.
Krippendorff’s α was computed manually using
the nominal-metric formulation on the 112 doubly
annotated samples.

B Dataset Details

This section describes the dataset sanitization and
construction processes.

B.1 FIN-FACT

The original FIN-FACT (Rangapur et al., 2025)
dataset contains 3,369 claims, comprising 840 text-
only claims and 2,529 claims with multimodal evi-
dence. Among 4,285 referenced image URLs, we
successfully downloaded 3,027 images. We then re-
tained 1,741 multimodal claims for which more
than one referenced image was successfully re-
trieved. Combined with the text-only portion, the
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You are a fact-checking assistant. Your task
is to determine whether the given claim is
complete in intention and clearly stated. If
the claim is vague or incomplete (e.g., a
keyword like “Google PhoneBook”), refine it
into a clear and complete sentence using the
provided evidence, justification, and label.
If the claim is already clear and complete,
return “not needed”.

Claim: {claim}
Evidence: {evidence}
Justification: {justification}
Label: {label}

Return ONLY the refined claim or “not needed”.

Figure A2: Prompt used for claim refinement.

resulting dataset contains 2,581 claims.
We observed that a substantial portion of FIN-

FACT claims are incomplete phrases or keywords
rather than self-contained, verifiable statements,
such as “Google PhoneBook” or “Barack Obama’s
Net Worth.” To address this issue, we refined vague
and incomplete claims using Gemini-2.5-Pro by
providing the original claim along with its evidence,
justification, and label. Examples of refined claims
are presented in Table A1, and the claim-refinement
prompt is shown in Figure A2.

Because FIN-FACT does not provide an exter-
nal knowledge source, we constructed a knowledge
source K consisting of 39,850 sentences extracted
from all textual evidence passages in the original
dataset, together with the 3,027 downloaded im-
ages. We also transformed labels from True and
False to Supported and Refuted, respectively, to
align with the MOCHEG label space. We used the
refined FIN-FACT dataset for retrieval-based eval-
uation in the experiments.

B.2 WebFC

Using a web-based retriever (Google Custom
Search API), we queried the web for each claim
to retrieve the top 10 documents and the top 1 im-
age as textual and visual evidence. We excluded
claims for which more than eight of the top 10 doc-
ument URLs could not be parsed. As the retrieved
documents varied widely in length and were often
long, we summarized each of the documents using
GPT-4o-mini (gpt-4o-mini-2024-07-18) with the
prompt in Figure A3, which is adapted from Yoon
et al. (2025). After temporal and source filtering,
2,365 evidence remained for 621 claims.

Your task is to read the following document
carefully and summarize it into a single,
coherent paragraph. Focus on capturing the main
ideas and essential details without adding new
information or personal opinions.
Document:
{document}

Figure A3: Prompt used for document summarization.

Verifier Analyzer Gold Retrieved

ACC F1 ACC F1

Qwen2-VL

None 0.563 0.537 0.477 0.435
Qwen2-VL 0.610 0.598 0.547 0.543
Llama-3.2-V 0.612 0.600 0.546 0.540
GPT-4o 0.631 0.620 0.538 0.537
Gemini-2.5-Pro 0.612 0.606 0.478 0.470

Llama-3.2-V

None 0.491 0.398 0.423 0.314
Qwen2-VL 0.555 0.455 0.513 0.408
Llama-3.2-V 0.562 0.461 0.514 0.409
GPT-4o 0.575 0.473 0.515 0.412
Gemini-2.5-Pro 0.525 0.445 0.415 0.329

Table A2: Comparison of verification performance
across different VLM choices for the Analyzer and Ver-
ifier.

C Supplementary Results

C.1 VLM Comparison

Table A2 reports verification accuracies under dif-
ferent VLM configurations. For the Verifier, we
compared two open-weight VLMs: Qwen2-VL and
Llama-3.2-V. For the Analyzer, we additionally
evaluated two closed-weight VLMs accessed via
API: GPT-4o and Gemini-2.5-Pro. Although our
primary focus is on open-weight VLMs, this com-
parison allows us to assess how effectively the fine-
tuned Analyzer in AMUFC performs relative to
high-performing closed-weight models.

C.2 Effects of Varying Retrievers

We conducted an ablation study to assess the ef-
fectiveness of AMUFC across varying retrievers.
For text retrievers, we considered the pretrained
SBERT, the fine-tuned SBERT, and mxbai. For im-
age retrievers, we compared pretrained CLIP, fined-
tuned CLIP, and SigLIP. As shown in Table A3, the
effectiveness of AMUFC persisted across different
retriever configurations.

C.3 Accuracy–Efficiency Trade-offs

While the proposed framework focuses on im-
proving verification accuracy, the Analyzer-Verifier
collaboration introduces additional computational
overhead. Specifically, compared to a standard
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Method Verifier-only AMUFC

Text Image Acc. F1 Acc. F1

SBERT CLIP 0.475 0.434 0.530 0.527
Mxbai SigLIP 0.502 0.476 0.521 0.523

SBERT(FT) CLIP(FT) 0.477 0.435 0.546 0.540

Table A3: Verification performance across different text
and image retriever configurations. FT denotes fine-
tuned models.

Method Accuracy F1 Inference time

AMUFC 0.612 0.600 1.531
Analyzer - - 1.420
Verifier - - 0.111
Baseline 0.563 0.537 0.112

Table A4: Accuracy-efficiency trade-offs, with inference
time averaged per sample (seconds).

retrieval-based fact-verification pipeline, it incurs
extra inference costs due to the Analyzer’s assess-
ment of the necessity of visual evidence. We pro-
vide a detailed analysis of these trade-offs in Ta-
ble A4. We measured inference time on the test
dataset with gold evidence using single-instance in-
ference and a basic inference pipeline implemented
with Hugging Face Transformers, evaluated on a
single NVIDIA H100 GPU.

C.4 Fine-tuning Seed Variability
To assess variability across fine-tuning runs, we
retrained both the Analyzer and the Verifier with
two additional seeds (43 and 44), alongside the
original seed (42). All three runs were evaluated
using the same prompt configuration as the main
experiments. Table A5 reports the mean and stan-
dard error across the three seeds on MOCHEG.
AMUFC consistently outperformed the Verifier-
only baseline, with mean improvements of approx-
imately 6.0–11.0 percentage points across the four
metrics. Two-sided paired t-tests across seeds indi-
cated statistically significant improvements for all
four metrics (p < 0.01).

C.5 More Comparisons on WebFC
We additionally compared AMUFC with a recent
method, DEFAME (Braun et al., 2025), on WebFC.
Both systems used the same WebFC-retrieved evi-
dence to control for differences in web search and
evidence retrieval. We used Llama-4-Scout as the
Verifier backbone for both systems, following the
original DEFAME configuration. For AMUFC, we

Given a claim and its associated textual and
visual evidence, determine whether the visual
evidence is necessary for evaluating the claim.

Inputs:

Claim: {claim}

Textual Evidence: {textual evidence}

Visual Evidence: {visual evidence}

Necessary visual evidence refers to visual
content that provides novel, complementary, or
clarifying information beyond what is conveyed
in the textual evidence, and that meaningfully
contributes to interpreting or supporting the
claim.

Unnecessary visual evidence refers to visual
content that is irrelevant, only depicts
entities, is loosely related, or is redundant
with the textual evidence.

Select one:

□ Necessary
□ Unnecessary

Figure A4: Annotation guidelines for determining
whether visual evidence is necessary.

Method Gold Retrieved

ACC F1 ACC F1

AMUFC 0.613± 0.005 0.600± 0.007 0.541± 0.006 0.536± 0.003
Verifier-only 0.553± 0.006 0.523± 0.008 0.476± 0.002 0.426± 0.006

Table A5: MOCHEG verification performance across
three fine-tuning seeds (mean ± standard error).

replaced only the Verifier backbone with Llama-
4-Scout while keeping the Analyzer unchanged.
Table A6 shows that AMUFC achieved higher ac-
curacy and macro F1 than DEFAME under this
setting. These results provide support for the effec-
tiveness of adaptive visual evidence use.

C.6 Standalone Evaluation of the Analyzer

We evaluated the Analyzer’s visual-necessity clas-
sification performance on the 112 manually an-
notated validation examples described in Sec-
tion 4.2. We compared the fine-tuned Analyzer
used in AMUFC with its GPT-4o teacher and a
majority-class baseline that always predicts Un-
necessary, which accounts for 80 of the 112 ex-
amples. Table A7 shows that the fine-tuned Ana-
lyzer performed comparably to its GPT-4o teacher
while substantially outperforming the majority-
class baseline in macro F1. These results suggest
that the distilled Analyzer captures meaningful
visual-necessity judgments on these annotated ex-
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Method ACC F1

AMUFC 0.662 0.338
DEFAME 0.478 0.307

Table A6: Comparison with DEFAME on WebFC using
Llama-4-Scout as the Verifier backbone.

Model ACC Macro F1

Fine-tuned Analyzer 0.768 0.721
GPT-4o 0.777 0.738
Majority class 0.714 0.417

Table A7: Visual-necessity classification performance
on 112 manually annotated validation examples.

amples. However, AMUFC does not use the Ana-
lyzer as a binding binary classifier. As shown in Ta-
ble 5, the Label-only variant performs worse than
the full natural-language assessment, suggesting
that the verbalized reasoning provides additional
benefits beyond the binary necessity label.

C.7 Effects of Generation Length

Table A8 summarizes the ablation configurations,
average generated token counts, and verification
performance in the MOCHEG gold-evidence set-
ting. Tokens were counted using each model’s tok-
enizer. Unified Verifier and Verifier with CoT gener-
ated 110.3 and 96.6 tokens on average, respectively,
compared to approximately 90.5 tokens generated
across the Analyzer and Verifier in AMUFC, yet
their accuracy was lower by 3.5 and 5.9 percentage
points. Despite generating only a short necessity
label, Label-only improved over w/o Analyzer by
3.6 percentage points in accuracy and 4.4 points
in macro F1. The full natural-language assessment
yielded further improvements, indicating that the
performance gains cannot be explained by genera-
tion length alone.

C.8 Qualitative Examples

Table A9 shows successful and failed predictions of
the proposed method, along with the corresponding
Analyzer outputs. The successful case shows that
the Analyzer’s assessment can help the Verifier
correct a baseline error when the analysis explains
why visual evidence complements the text evidence
in verifying the claim. However, the failed case also
illustrates that the Verifier can produce an incorrect
verdict despite a correct analysis, indicating that

accurate evidence-necessity assessment alone does
not guarantee correct verification.
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Method Separate
Analyzer

Necessity
Information

Generated Tokens
(Analyzer)

Generated Tokens
(Verifier) ACC F1

AMUFC Yes Assessment 85.9 4.6 0.612 0.600
Label-only Yes Label 12.1 4.6 0.599 0.581
Pre-filtering (Analyzer) Yes Filter 12.1 4.6 0.574 0.551
w/o Analyzer No None – 4.6 0.563 0.537
Unified Verifier No Joint assessment – 110.3 0.577 0.555
Verifier with CoT No None – 96.6 0.553 0.511

Table A8: Average generation length and verification performance across ablation configurations.

Type Successful Failed

Claim A Boeing B-17E bomber from World War II was
found in the jungle with coffee still in thermoses.

Students no longer say the Pledge of Allegiance
in schools.

Visual Evidence

Textual Evidence

• They found the rear door of the airplane, two alu-
minum receptacles and a third which contained
coffee residue.

• Both the impactor and the condensate were
stored and transported to the laboratory at 2-
8 °C.

• Print LONG BEACH, Calif. - A B-17 bomber
that lay in a New Guinea swamp for decades
after being forced down during a World War II
combat mission has been returned to the United
States after years of salvage efforts.

• As food stores were running low at the airplane,
Zerbino and Fito went searching for cadavers
and although they found one, they were too
tired to bring it back to the fuselage.

• Ignited by fire, ammunition was exploding inside
the cabin.

• Students still say the Pledge of Allegiance in
classrooms, though they don’t have to.

• Virtual learning has presented new challenge for
how schools say the Pledge of Allegiance.

Analysis

The image evidence is necessary for verifying the
claim. While the text evidence provides detailed
information about the discovery of the Boeing B-
17E bomber in the jungle, including the presence
of coffee residue and thermoses, the image directly
shows the plane in its jungle location, confirming
the physical context of the claim. The visual evi-
dence complements the text by providing a tangi-
ble representation of the scene described, which
is essential for verifying the authenticity of the
claim.

The image evidence is not necessary for verify-
ing the claim. The text evidence already provides
sufficient information to address the claim that
students no longer say the Pledge of Allegiance
in schools. It clarifies that students still say the
Pledge of Allegiance in classrooms, though it is
not mandatory, and that it is recited at every school.
The image of students raising their hands does not
add any new or essential information to verify or
refute the claim.

Prediction
Ground truth: Supported
Baseline: Refuted ✗
AMUFC: Supported ✓

Ground truth: Refuted
Baseline: Refuted ✓
AMUFC: NEI ✗

Table A9: Examples for successful and failed predictions of AMUFC.
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