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Abstract001

Automated fact-checking is a crucial task not002
only in journalism but also across web plat-003
forms, where it supports a responsible infor-004
mation ecosystem and mitigates the harms005
of misinformation. While recent research has006
progressed from text-only to multimodal fact-007
checking, a prevailing assumption is that in-008
corporating visual evidence universally im-009
proves performance. In this work, we challenge010
this assumption and show that indiscriminate011
use of multimodal evidence can reduce accu-012
racy. To address this challenge, we propose013
an agentic fact-checking framework, AMUFC014
(Adaptive Agentic Multimodal Fact-Checking015
with Visual Evidence Necessity). The proposed016
method employs an Analyzer that determines017
whether visual evidence is necessary for claim018
verification and a Verifier that predicts claim019
veracity conditioned on both the retrieved evi-020
dence and the Analyzer’s assessment. Experi-021
mental results show that incorporating the An-022
alyzer’s assessment of visual evidence neces-023
sity into the Verifier’s prediction yields substan-024
tial improvements in verification performance.025
Case studies further support its generalizability026
across diverse fact-checking scenarios.027

1 Introduction028

Fact-checking—the process of determining the ve-029

racity of claims—is a cornerstone of responsible030

journalism and an essential mechanism for mitigat-031

ing the harms of misinformation in broader web en-032

vironments (Hassan et al., 2015; Adair et al., 2017).033

Building on early work focused on text-only veri-034

fication, recent research shifts toward multimodal035

fact-checking, which addresses scenarios in which036

evidence is conveyed through multiple modalities,037

primarily images and text (Hameleers et al., 2020;038

Alam et al., 2022; Biamby et al., 2022). Various039

approaches integrate these modalities for fact ver-040

ification. For example, multimodal fusion-based041

classifiers combine retrieved image–text evidence042

Figure 1: Illustration of the key idea.

for fact verification (Yao et al., 2023), while more 043

recent work leverages reinforcement learning to 044

summarize multimodal inputs (Chen et al., 2024). 045

A common finding across these studies is that lever- 046

aging both textual and visual evidence improves 047

fact-checking accuracy (Tahmasebi et al., 2024; 048

Cekinel et al., 2025), echoing the adage that a pic- 049

ture is worth a thousand words. 050

In this study, we challenge a prevailing assump- 051

tion in prior work—the presumed necessity of vi- 052

sual evidence, as illustrated in Figure 1. We analyze 053

claim types according to their dependence on visual 054

evidence using both manual and automated meth- 055

ods. While some claims are unverifiable without 056

visual evidence (Cekinel et al., 2025), our analysis 057

reveals that a naïve strategy of always incorporating 058

visual evidence can cause models to underperform 059

compared to text-only baselines. We further show 060

that verification performance improves when evi- 061

dence is selected adaptively, as demonstrated in an 062

oracle setting in which visual evidence is used only 063

when it contributes to verification. 064

Motivated by these findings, we propose 065

AMUFC, an agentic fact-verification frame- 066

work that adaptively incorporates visual evidence 067

through two collaborating vision-language model 068

(VLM) agents. An Analyzer assesses whether vi- 069

sual evidence is necessary for verification, while 070

a Verifier predicts claim veracity conditioned on 071

the Analyzer’s natural-language assessment. Ex- 072

perimental results demonstrate the effectiveness of 073
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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 ✓ ✓

Table 1: Datasets for multimodal misinformation detection. OOC and FV denote out-of-context misinformation and
fact verification, respectively.

adaptive multimodal evidence use: our best configu-074

ration, with Llama-3.2-11B-Vision as the Analyzer075

and Qwen2-VL-7B as the Verifier, achieves an ac-076

curacy of 0.612 and outperforms existing meth-077

ods. We also conduct case studies on test-only078

datasets, including newly collected claims with079

web-searched evidence, where performance gains080

from incorporating the Analyzer’s assessment per-081

sist, underscoring the generalizability of AMUFC082

across diverse fact-checking scenarios.083

The key findings and contributions of this study084

are summarized below.085

• Necessity of visual evidence: We show that a086

naïve approach of always incorporating visual087

evidence can degrade performance.088

• Effectiveness of agentic fact-checking: We089

propose AMUFC, an agentic multimodal fact-090

checking framework that adaptively utilizes091

visual evidence, and demonstrate substantial092

improvements over existing methods.093

• Generalizability across diverse fact-094

checking scenarios: Case studies on two095

datasets confirm the effectiveness of AMUFC096

and support its generalizability.097

2 Related Work098

2.1 Multimodal Fact-checking099

Previous research on multimodal fact-checking,100

or multimodal misinformation detection, can be101

broadly categorized into three different tasks ac-102

cording to the verdict prediction settings: manipu-103

lation classification, out-of-context detection, and104

fact verification (Akhtar et al., 2023b). Manipula-105

tion classification focuses on detecting manipulated106

misinformation within a single modality (Gupta 107

et al., 2013; Boididou et al., 2014; Huh et al., 108

2018; Heller et al., 2018; Shao et al., 2023). Out- 109

of-context detection aims to determine whether a 110

given image-text pair conveys consistent contex- 111

tual information (Nakamura et al., 2020; Tan et al., 112

2020; Luo et al., 2021; Suryavardan et al., 2023; Pa- 113

padopoulos et al., 2024). Fact verification, which is 114

the focus of this paper, seeks to predict the truthful- 115

ness of a claim, typically in textual form (Singhal 116

et al., 2022; Akhtar et al., 2023a, 2024; Yao et al., 117

2023). Table 1 summarizes widely used multimodal 118

fact-checking datasets. 119

Following early attempts of zero-shot fact veri- 120

fication (Lee et al., 2020), most subsequent works 121

have adopted the retrieval-augmented generation 122

(RAG) framework (Lewis et al., 2020), which re- 123

trieves both image and textual evidence and then 124

leverages the retrieved content to assist a veri- 125

fier model. Because evidence quality is critical 126

for RAG-based verification, several studies have 127

focused on mitigating the issue of noisy or irrel- 128

evant contexts. For example, MetaSumPerceiver 129

was proposed to summarize multimodal document 130

evidence (Chen et al., 2024). Other work intro- 131

duced re-ranking methods based on predicted to- 132

ken probabilities (Tahmasebi et al., 2024), while 133

additional approaches proposed tool-based RAG 134

pipelines for fact verification. Most recently, Pang 135

et al. (2025) proposed a hypergraph transformer- 136

based fact-checking framework to capture high- 137

order relationships between claim and evidence. 138

To the best of our knowledge, our study is the 139

first to explicitly examine the necessity of visual 140

evidence and to incorporate it within an agentic 141

fact-verification framework. 142
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2.2 Adaptive Retrieval143

We review previous research on adaptive retrieval144

for fact verification and, more broadly, RAG. Al-145

though RAG improves performance on knowledge-146

intensive tasks (Lewis et al., 2020), inaccurate or147

irrelevant retrieval can introduce noisy context that148

degrades performance (Yoran et al., 2024; Shi et al.,149

2023). Adaptive retrieval strategies mitigate this is-150

sue by retrieving on demand or filtering unhelpful151

context (Tang et al., 2025; Parekh et al., 2025). For152

example, Self-RAG (Asai et al., 2023) enables dy-153

namic retrieval via reflection tokens, while other154

approaches select RAG strategies based on query155

complexity (Jeong et al., 2024) or use trained rele-156

vance estimators to assess context utility (Kim and157

Lee, 2024). More recent work leverages hidden-158

state representations to decide whether retrieval is159

necessary (Baek et al., 2025) or dynamically in-160

corporates retrieved passages based on quality (In161

et al., 2025).162

In fact verification, agent-based iterative frame-163

works integrate retrieval and verification across164

multiple rounds (Xie et al., 2025), while PASS-FC165

augments claims with temporal and entity ground-166

ing for progressive search (Zhuang, 2025). Related167

work also explores dynamically adjusting search168

depth to extract multimodal evidence (Braun et al.,169

2025). In contrast to prior work that primarily tar-170

gets textual relevance or pre-filters irrelevant evi-171

dence, this study introduces an agentic framework172

in which a VLM-based agent assesses the neces-173

sity of visual evidence relative to the textual evi-174

dence and another VLM predicts a verdict based on175

this natural-language assessment, enabling adap-176

tive and selective use of visual information for fact177

verification.178

3 Task and Dataset179

Given a textual claim c and an external knowl-180

edge source K, the task of multimodal fact ver-181

ification aims to determine the veracity of c by re-182

trieving and reasoning over both textual and visual183

evidence. Specifically, a fact-checking system re-184

trieves a set of textual evidence Et ⊂ K and visual185

evidence Ev ⊂ K, and then predicts a verdict label186

y ∈ {supported, refuted, not enough information187

(NEI)} based on (c, Et, Ev). This formulation ex-188

tends the standard text-only fact verification setting,189

as exemplified by FEVER (Thorne et al., 2018) and190

AVeriTeC (Schlichtkrull et al., 2023).191

Among existing multimodal fact-checking192

datasets (Table 1), we select MOCHEG (Yao et al., 193

2023) as the primary testbed for our study based 194

on three criteria aligned with our research objec- 195

tives. First, it must explicitly target fact verification, 196

thereby excluding datasets designed for related but 197

distinct tasks, such as Factify (Suryavardan et al., 198

2023), which focuses on out-of-context detection. 199

Second, it must take a textual claim c as input, ex- 200

cluding datasets such as AVerImaTeC (Cao et al., 201

2025) that assumes text-image input pairs. Third, 202

it must provide the knowledge source K for the 203

retrieval of both textual and visual evidence. To 204

the best of our knowledge, MOCHEG (Yao et al., 205

2023) is the only publicly available dataset meet- 206

ing all these requirements, as ChartCheck provides 207

only chart-caption evidence pairs. To assess the 208

generalizability beyond a single dataset, we use 209

two additional datasets only for testing. 210

MOCHEG comprises claims with correspond- 211

ing verdicts, supported by evidence curated by pro- 212

fessional fact-checkers. The claims are collected 213

from two widely used fact-checking websites: Poli- 214

tiFact1 and Snopes2. The dataset includes 11,669 215

claims for training, 1,490 for validation, and 2,442 216

for testing. The knowledge source K consists of 217

3,070,563 sentences and 137,621 images. Each 218

claim is paired with gold textual evidence and, 219

when available, gold visual evidence. 220

FIN-FACT (Rangapur et al., 2025) is a finan- 221

cial fact-checking dataset of claims and verdicts 222

produced by human experts. We applied a saniti- 223

zation process to the original dataset by removing 224

claims without publicly accessible image evidence 225

and refining the remaining claims, yielding 2,581 226

claims with associated multimodal evidence. As 227

the dataset does not provide an external knowledge 228

store, we treat the entire set of textual evidence and 229

images as K. 230

WebFC is a newly constructed corpus devel- 231

oped in this study, consisting of 621 recently pub- 232

lished claims and their corresponding verdicts from 233

PolitiFact, spanning January 2024 to September 234

2025. Treating web documents as the knowledge 235

source K, we retrieved both textual and visual ev- 236

idence using the Google Custom Search API. To 237

prevent retrieving documents published after the 238

corresponding articles, which would make the set- 239

ting unrealistic, we restricted retrieval to sources 240

published before the fact-checking articles. As the 241

1https://www.politifact.com/
2https://www.snopes.com/
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dataset does not assume a fixed domain, it reflects242

a real-world, open-domain fact-checking scenario.243

Details of dataset preprocessing and construction244

are provided in Appendix B.245

4 Is Visual Evidence Always Needed?246

This section examines the role of visual evidence247

in verifying textual claims. We first analyze the248

effects of visual evidence on performance, and then249

conduct qualitative analyses to identify when visual250

evidence contributes to verification and under what251

circumstances it is not necessary.252

4.1 Effect of Visual Evidence on Performance253

We compared the verification accuracy of VLMs254

across four input configurations: (1) textual evi-255

dence only, (2) textual evidence with gold image256

evidence, (3) textual evidence with retrieved image257

evidence, and (4) an oracle setting in which the258

input modality that leads to the correct outcome is259

provided for each instance.260

In all configurations, we assumed that the gold261

textual evidence is provided, as our focus is to as-262

sess the impact of visual evidence. Following prior263

work (Cekinel et al., 2025), configuration (2) used264

the first image as evidence when multiple images265

are available. In configuration (3), we used the fine-266

tuned CLIP provided with the MOCHEG baseline267

to retrieve the top-1 image from K as visual evi-268

dence. In configuration (4), the input combination269

that yields the correct verdict—when such a config-270

uration exists—was always selected, thereby repre-271

senting the upper bound of achievable performance272

according under perfect modality selection. This273

comparison allows us to examine the impact of274

visual evidence on fact verification.275

Table 2 presents the evaluation results. The first276

column lists the target VLMs, the second specifies277

the input configuration, and the third and fourth278

report verification performance measured by ac-279

curacy and macro F1 on the MOCHEG test split.280

We evaluated two open-weight and two propri-281

etary VLMs. The open-weight models are Qwen2-282

VL-7B (Wang et al., 2024) and Llama-3.2-11B-283

Vision (Grattafiori et al., 2024), denoted through-284

out the paper as Qwen2-VL and Llama-3.2-V, re-285

spectively, while the proprietary models are GPT-286

4o (Hurst et al., 2024) and Gemini-2.5-Pro (Co-287

manici et al., 2025). Model checkpoints are pro-288

vided in Appendix A.289

We derived three key observations regarding the290

Model Configuration Accuracy 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).

Figure 2: Distribution of visual evidence types across
claim categories, illustrating their associations.

role of visual evidence. First, when comparing the 291

text-only setting (configuration 1) with the mul- 292

timodal setting using gold images (configuration 293

2), incorporating visual evidence consistently de- 294

graded performance across different models. Sec- 295

ond, in configuration (3), which uses retrieved im- 296

age evidence, performance decreased relative to 297

both configurations (1) and (2) across all models. 298

The largest drop was observed for Llama-3.2-V, 299

with decreases of 0.084 in accuracy and 0.102 in 300

F1. This result suggests that imperfect retrieval in- 301

troduces noisy or misleading context. Third, the 302

oracle setup (configuration 4) consistently outper- 303

formed all other settings by optimally incorporat- 304

ing visual evidence. Taken together, these findings 305

support our hypothesis that visual evidence is not 306

always necessary for claim verification. Moreover, 307
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Figure 3: Overall pipeline of AMUFC. Given the retrieved evidence, the two VLM agents—Analyzer and Verifier—
are responsible for assessing the necessity of visual evidence and predicting the claim’s veracity, respectively.

the performance upper bound achieved by the or-308

acle setup motivates the need for adaptive use of309

visual evidence.310

4.2 Analyzing the Role of Visual Evidence311

Building on the observed impact of visual evidence312

on verification performance, we conducted an anal-313

ysis to examine when visual evidence aids verifi-314

cation and when it does not. We first defined two315

claim categories based on whether visual evidence316

changed GPT-4o’s verification outcome on the val-317

idation set, as GPT-4o achieved the best overall318

performance among the four VLMs evaluated in319

Table 2. Specifically, we labeled claims as Visual-320

successful (51 claims), where the model predicted321

the correct verdict only when visual evidence was322

provided alongside textual evidence, and as Visual-323

unsuccessful (61 claims), where the model verified324

the claim correctly using textual evidence alone325

but became incorrect when visual evidence was326

incorporated. Since our goal is to understand the327

influence of visual evidence in verification, we ex-328

cluded claims for which adding images did not329

affect the text-only model’s prediction.330

Next, we manually assessed whether visual evi-331

dence is necessary for claim verification. Through332

an iterative process, we developed an annotation333

scheme that distinguished two visual evidence types334

by necessity for claim verification. The scheme was335

reviewed by a journalism Ph.D. expert. We anno-336

tated visual evidence as Unnecessary (80 pieces)337

when it was redundant (i.e., it only repeats what338

the text already conveys) or irrelevant (e.g., it omits339

the key entity or event mentioned in the claim,340

or merely shows a portrait of a person without341

adding contextual value), and as Necessary (32342

pieces) when it provided unique information re-343

quired to evaluate the claim’s truthfulness. Two344

annotators from our institution applied this scheme345

to the 112 samples, of which the claim categories346

were labeled, following the annotation guidelines347

in Table A6. This process achieved high agreement348

(Krippendorff’s α = 0.809), indicating reliable 349

labeling consistency; Examples are shown in Ta- 350

ble A7. 351

Figure 2 shows how evidence necessity varied 352

across claim categories. We observed a significant 353

association between claim categories and evidence 354

types (p<0.001, chi-square test), indicating that 355

irrelevant or redundant visual evidence is not only 356

unnecessary but can also degrade verification per- 357

formance. Consistent with the results in Table 2, 358

these findings motivate the adaptive use of visual 359

evidence, as reflected in the proposed method. 360

5 Methods 361

5.1 Proposed Method: AMUFC 362

We propose an agentic fact-checking frame- 363

work, termed Adaptive Agentic Multimodal 364

Fact-Checking with Visual Evidence Necessity 365

(AMUFC). This framework addresses the limita- 366

tions observed when visual evidence is indiscrimi- 367

nately adopted (Section 4). 368

As illustrated in Figure 3, AMUFC consists of 369

three components: a Retriever and two collabo- 370

rating VLM agents. With a focus on open-weight 371

models, our best-performing configuration employs 372

Llama-3.2-V as the Analyzer and Qwen2-VL as 373

the Verifier. The prompts used in this framework 374

are shown in Figure 4. 375

• Retriever: Retrieves textual and visual evi- 376

dence from the knowledge source K. 377

• Analyzer: Evaluates whether visual evidence 378

is necessary for verifying a claim. It generates 379

natural-language judgments about the neces- 380

sity of visual evidence given a claim and the 381

retrieved textual and visual evidence. Llama- 382

3.2-V is fine-tuned on claims and gold evi- 383

dence in the training split using GPT-4o dis- 384

tilled outputs under this prompting scheme. 385

Building on the findings in Section 4, the An- 386

alyzer is explicitly instructed to reason about 387

the necessity of visual evidence. 388
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• Verifier: Predicts claim veracity as the pri-389

mary VLM agent. In addition to the claim and390

retrieved evidence, the Verifier incorporates391

the Analyzer’s natural-language assessment392

to adaptively determine whether to use visual393

evidence during verification.394

This agentic design is inspired by the fact-395

checking practices of human experts (Borel, 2023;396

Graves and Amazeen, 2019), who assess the rel-397

evance and quality of candidate evidence before398

reaching a verdict. We hypothesize that incorporat-399

ing the Analyzer’s natural-language assessment is400

critical for improving overall fact-checking accu-401

racy. This hypothesis is validated through experi-402

ments in Section 6.403

For the experiments, the Analyzer and Verifier404

were trained on the training split of MOCHEG,405

our primary testbed. For model comparison, we406

adopted the retriever provided with the dataset and407

used in baseline methods to ensure a fair compari-408

son. Specifically, CLIP (Radford et al., 2021) was409

used for image retrieval and SBERT (Reimers and410

Gurevych, 2019) was used for text retrieval. The411

top-ranked textual and visual evidence was selected412

via maximum cosine similarity search and passed413

to subsequent verification stages. For the WebFC414

case study in Section 6.4, we used the Google415

Search engine as the Retriever and treated web416

documents as the knowledge source K.417

5.2 Baseline Methods418

We compare AMUFC with four existing ap-419

proaches for multimodal fact verification that incor-420

porate both textual and visual evidence. Our focus421

is on approaches that assume a fixed knowledge422

source K, thereby excluding those that do not, such423

as DEFAME (Braun et al., 2025).424

• MOCHEG (Yao et al., 2023): Concatenates425

the claim, textual evidence, and visual ev-426

idence, which are then fed into CLIP to427

obtain contextual representations. It applies428

stance detection to generate claim–text and429

claim–image stance representations, which430

are averaged and passed to a multimodal fu-431

sion classifier for final prediction.432

• LVLM4FV (Tahmasebi et al., 2024): Employs433

a re-ranking strategy that leverages both a434

LLM and a VLM to retrieve more informa-435

tive evidence, and uses another VLM to verify436

the claim.437

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.

• HGTMFC (Pang et al., 2025): Utilizes a Hy- 438

pergraph Transformer-based model to cap- 439

ture high-order relationships between differ- 440

ent modalities of evidence and claims by mod- 441

eling them as hypergraphs. 442

• MetaSumPerceiver (Chen et al., 2024): Jointly 443

summarizes the claim, textual evidence, and 444

visual evidence for information extraction, fol- 445

lowed by claim verification. 446

6 Experiments 447

This section presents the experimental results on 448

the effectiveness of the proposed method. We eval- 449

uated fact-verification performance using accuracy 450

(micro F1) and macro F1, which are standard met- 451

rics for multi-class classification. Additional exper- 452

imental details are provided in Appendix A. 453

6.1 Performance Evaluation 454

Table 3 shows the fact-verification performance 455

of AMUFC and the baseline methods on the 456

MOCHEG test set. In the Gold setting, we pro- 457

vided gold evidence without retrieval, simulating 458
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Method Gold Retrieved

Accuracy F1 Accuracy 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 3: Verification performance of baseline and pro-
posed methods measured on the test set of MOCHEG,
indicating the effectiveness of the proposed framework.

perfect retrieval, whereas the Retrieved setting re-459

lied on retrieved evidence. We reported baseline460

scores from their original papers and omitted the461

macro F1 score for the retrieved setting of Meta-462

SumPerceiver, as its implementation was not pub-463

licly available and the reported results were not464

reproducible.465

The results show that AMUFC consistently out-466

performed existing methods by a substantial mar-467

gin across different settings and evaluation met-468

rics. Specifically, AMUFC achieved an accuracy469

of 0.612 and a macro F1 of 0.6 in the gold setting.470

When retrieved evidence was used, overall perfor-471

mance decreased, but the performance advantage472

of AMUFC persisted. These results demonstrate473

the effectiveness of the proposed framework and474

indicate its ability to adaptively leverage visual evi-475

dence across different claims.476

6.2 Ablation Analysis477

Analyzer-Verifier Integration We evaluated the478

hypothesis that incorporating the Analyzer’s479

natural-language assessment into the Verifier’s480

prompt is critical to the performance gains of481

AMUFC. To this end, we implemented three al-482

ternative strategies. The first, label-only, treats the483

Analyzer as a classifier that generates a visual ev-484

idence necessity label without explanations. The485

second, pre-filtering, excludes images predicted as486

unnecessary by the Analyzer from the Verifier’s487

input, unlike AMUFC, which passes images to the488

Verifier for all claims. The third, w/o Analyzer, dis-489

cards the Analyzer module entirely. Table 4 reports490

verification performance for these strategies, all491

of which employed the fine-tuned Qwen2-VL as492

the Verifier. The results indicate that the alternative493

integration strategies yielded lower performance494

than AMUFC, supporting the hypothesis that the495

Analyzer’s natural-language assessment is critical496

to the performance gains of AMUFC and suggest-497

Method Gold Retrieved

Accuracy F1 Accuracy F1

AMUFC 0.612 0.600 0.546 0.540
Label-only 0.556 0.530 0.484 0.442
Pre-filtering 0.574 0.551 0.492 0.460
w/o Analyzer 0.563 0.537 0.477 0.435

Table 4: Ablation results on Analyzer-Verifier integra-
tion strategies, demonstrating the effectiveness of incor-
porating the Analyzer’s natural-language assessments,
adopted in AMUFC.

Verifier Analyzer Gold Retrieved

Accuracy F1 Accuracy 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 5: Comparison of verification performance with
varying VLM choices for the Analyzer and Verifier.

ing that the Verifier does not treat the Analyzer’s 498

assessments as binding but integrates them within 499

its internal reasoning process. 500

VLM Comparison Table 5 reports verification 501

accuracies under different VLM configurations. 502

For the Verifier, we compared two open-weight 503

VLMs: Qwen2-VL and Llama-3.2-V. For the Ana- 504

lyzer, we additionally evaluated two closed-weight 505

VLMs accessed via API: GPT-4o and Gemini-2.5- 506

Pro. Although the primary focus of this study is 507

on open-weight VLMs, this comparison allows 508

us to assess how effectively the fine-tuned Ana- 509

lyzer in AMUFC performs relative to closed, high- 510

performance models. 511

For the Verifier, Qwen2-VL consistently per- 512

formed better than Llama-3.2-V, leading to its se- 513

lection as the Verifier in our best-performing vari- 514

ant. Relative to the baseline approach without an 515

Analyzer agent, incorporating any Analyzer model 516

consistently improved verification accuracy. For the 517

Analyzer, GPT-4o achieved the best performance 518

in the Gold setting, followed by Gemini-2.5-Pro 519

and Llama-3.2-V. In the Retrieved setting, using 520

open-weight models as the Analyzer yielded better 521

performance than closed models. Based on these 522

results, we adopted Llama-3.2-V as the Analyzer 523

and Qwen2-VL as the Verifier for AMUFC. 524
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Figure 5: Distribution of confusion patterns for AMUFC
compared with the Verifier-only baseline.

6.3 Error Analysis525

To assess the strengths and weaknesses of AMUFC,526

we compared its error distribution with that of a527

baseline method that excludes the Analyzer agent.528

Figure 5 shows the corresponding confusion ma-529

trices. Overall, the baseline method overpredicted530

the Refuted label across different classes, whereas531

AMUFC produced correct predictions more fre-532

quently across different classes. The largest gap533

was observed for the Supported class (457 vs. 205).534

As illustrated by the left example of Table A8, the535

Analyzer’s natural-language assessment of visual536

evidence necessity helped the Verifier produce the537

correct Supported verdict. Another notable trend is538

that AMUFC favored NEI predictions relative to539

the baseline, which improved NEI predictions (312540

vs. 220). Although this conservative tendency can541

sometimes lead to incorrect predictions (e.g., the542

right example in Table A8), it may be preferable in543

real-world fact-checking settings, where avoiding544

premature judgment is often important.545

6.4 Case Studies546

We conducted case studies on two test-only547

datasets, FIN-FACT and WebFC, to assess the548

generalizability of the proposed framework across549

diverse fact-checking scenarios. For AMUFC,550

we employed Llama-3.2-V as the Analyzer and551

Qwen2-VL as the Verifier, both of which were fine-552

tuned on the MOCHEG training split. We com-553

pared this with Verifier-only baseline that used554

all retrieved textual and visual evidence. Table 6555

shows that AMUFC outperformed the baseline556

on both datasets, supporting its generalizability557

beyond MOCHEG, which served as the primary558

dataset in earlier experiments. Moreover, the suc-559

cessful integration of a web retriever implies the ap-560

plicability of AMUFC to real-world fact-checking.561

Method FIN-FACT WebFC

Accuracy F1 Accuracy F1

AMUFC 0.491 0.461 0.321 0.236
Verifier-only 0.469 0.384 0.308 0.178

Table 6: Case-study results on test-only datasets, demon-
strating AMUFC’s generalizability.

7 Conclusion 562

This study examines a common assumption in 563

multimodal fact-checking (Tahmasebi et al., 2024; 564

Cekinel et al., 2025): that incorporating visual evi- 565

dence leads to more accurate fact verification. In- 566

depth analyses with manual annotation reveal that 567

indiscriminate use of multimodal evidence can re- 568

duce accuracy, as the necessity of visual evidence 569

varies across claims. This observation aligns with 570

findings from psychology research, indicating that 571

some images are ineffective for misinformation cor- 572

rection (Whitehead et al., 2025). To enable adaptive 573

use of visual evidence, we propose AMUFC, an 574

agentic fact-checking framework with visual ev- 575

idence necessity, composed of two VLM agents. 576

The Analyzer assesses whether visual evidence is 577

necessary for claim verification, while the Veri- 578

fier predicts claim veracity by incorporating the 579

Analyzer’s natural-language assessment into its 580

reasoning process. Experimental results show that 581

AMUFC outperforms existing approaches on the 582

MOCHEG dataset, and ablation analyses indicate 583

that integrating the Analyzer’s natural-language 584

assessment of visual evidence necessity is the key 585

factor driving this improvement. Toward real-world 586

fact-checking, future work could extend the agentic 587

framework to multi-agent collaboration, building 588

on recent work that demonstrates its potential for 589

evaluation (Lin et al., 2025), beyond visual evi- 590

dence necessity by simulating the fact-checking 591

process of human experts (Borel, 2023). 592

Limitations 593

This work has several limitations, which opens 594

directions for future research. First, although ex- 595

periments demonstrated the generalizability of 596

AMUFC, the evaluation is limited to English. Fu- 597

ture work could extend this study to broader con- 598

texts by developing multilingual benchmarks for 599

multimodal fact-checking. Second, to ensure a fair 600

comparison with existing methods, we used the 601

same retriever, CLIP and SBERT, for the main ex- 602
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periments on MOCHEG (Section 6). To address the603

limitation, we conducted additional experiments604

with different retrievers, of which the results are605

provided in Table A4. Third, the agentic design in-606

troduces additional computational costs compared607

to the single-model baseline (Table A5). Employ-608

ing smaller models represents a promising direc-609

tion toward real-world fact-checking (Belcak et al.,610

2025), ultimately fostering a more trustworthy and611

responsible information ecosystem.612

Ethical Considerations613

Two annotators—one graduate and one under-614

graduate student (both male) from the authors’615

institution—were recruited for manual data annota-616

tion (Section 4). As fact verification is an objective617

task, we expect that the annotators’ gender will618

have a minimal impact on the outcomes. In com-619

pliance with local wage regulations, the annotators620

were compensated at a rate of approximately USD621

7 per hour. We constructed WebFC to support the622

evaluation of multimodal fact-checking methods,623

using previously fact-checked claims published be-624

tween January 2024 and September 2025. Since625

the dataset is derived from publicly available fact-626

checking verdicts, its use poses minimal privacy627

concerns. The dataset will be released exclusively628

for academic purposes, such as benchmarking,629

through a public software repository (during the630

review process, available at https://anonymous.631

4open.science/r/AMuFC-01C6/ along with code632

for reproducibility). Its primary purpose is to fa-633

cilitate the evaluation of fact-checking pipelines634

without additional training, including zero-shot in-635

ference by LLM/VLM models and web search. All636

prompts and model checkpoints used in this study637

are provided within the paper. Language editing638

was conducted using ChatGPT.639
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Appendix 990

A Experimental Configurations 991

For experiments on MOCHEG, we used the fine- 992

tuned CLIP and SBERT retrievers provided with 993

the baseline to ensure a fair comparison by con- 994

trolling for the effects of the Retriever. We ac- 995

cessed GPT-4o and Gemini-2.5-Pro via API, while 996

Qwen2-VL-7B and Llama-3.2-11B-Vision were 997

used through pretrained checkpoints. Fine-tuning 998

was performed with QLoRA (Dettmers et al., 999

2023), using a rank of 128, an alpha value of 1000

256, and a dropout rate of 0.05. We employed 1001

the AdamW optimizer with a cosine learning rate 1002

scheduler, a base learning rate of 2 × 10−5, a 1003

warmup ratio of 0.03, and a batch size of 32. Train- 1004

ing was conducted for two epochs. All experiments 1005

were run on a single node equipped with eight 1006

NVIDIA H100 80GB GPUs, which were used for 1007

both training and inference. 1008

We fixed the inference hyperparameters to en- 1009

sure reproducibility. Specifically, we used greedy 1010

decoding for both Qwen2-VL-7B and Llama-3.2- 1011

11B-Vision; accordingly, all results from the open- 1012

weight models are deterministic. GPT-4o and 1013

Gemini-2.5-Pro were evaluated with a temperature 1014

of 0.0, with a thinking budget of 128 for Gemini- 1015

2.5-Pro. For API-based results, we reported the 1016

mean and standard error of model performance 1017

over three runs. 1018

The model IDs of the VLMs used in our experi- 1019

ments are provided below. 1020

• GPT-4o (Hurst et al., 2024): gpt-4o-2024-11- 1021

20 1022

• Gemini-2.5-Pro (Comanici et al., 2025): 1023

gemini-2.5-pro 1024

• Qwen2-VL-7B (Wang et al., 2024): 1025

https://huggingface.co/Qwen/ 1026

Qwen2-VL-7B-Instruct 1027

• Llama-3.2-11B-Vision (Grattafiori 1028

et al., 2024): https://huggingface. 1029

co/meta-llama/Llama-3. 1030

2-11B-Vision-Instruct 1031

The model IDs of the retrievers used in our ex- 1032

periments are provided below. 1033

• CLIP (Radford et al., 2021): 1034

sentence-transformers/clip-ViT-B-32 1035
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• SigLIP (Tschannen et al., 2025):1036

https://huggingface.co/google/1037

siglip-so400m-patch14-3841038

• SBERT (Reimers and Gurevych,1039

2019): https://huggingface.1040

co/sentence-transformers/1041

multi-qa-MiniLM-L6-cos-v11042

• mxbai (Lee et al., 2024): https:1043

//huggingface.co/mixedbread-ai/1044

mxbai-embed-large-v11045

B Dataset Details1046

This section describes the dataset sanitization and1047

construction processes.1048

B.1 FIN-FACT1049

The original FIN-FACT (Rangapur et al., 2025)1050

dataset contains 3,369 claims, comprising 840 text-1051

only claims and 2,529 claims with multimodal evi-1052

dence. Among 4,285 referenced image URLs, we1053

successfully downloaded 3,027 images. We then re-1054

tained 1,741 multimodal claims for which more1055

than one referenced image was successfully re-1056

trieved. Combined with the text-only portion, the1057

resulting dataset contains 2,481 claims.1058

We observed that a substantial portion of FIN-1059

FACT claims are incomplete phrases or keywords1060

rather than self-contained, verifiable statements.1061

For example, “Google PhoneBook” or “Barack1062

Obama’s Net Worth.” To address this issue, we1063

refined vague and incomplete claims using Gemini-1064

2.5-Pro by providing the original claim along with1065

its evidence, justification, and label. The claim-1066

refinement prompt is shown in Table A1, and ex-1067

amples of refined claims are presented in Table A2.1068

Because FIN-FACT does not provide an exter-1069

nal knowledge source, we constructed a knowledge1070

source K consisting of 39,850 sentences extracted1071

from all textual evidence passages in the original1072

dataset, together with the 3,027 downloaded im-1073

ages. We also transformed labels from True and1074

False to Supported and Refuted, respectively, to1075

align with the MOCHEG label space. We used the1076

refined FIN-FACT dataset for retrieval-based eval-1077

uation in the experiments.1078

B.2 WebFC1079

Using a web-based retriever (Google Custom1080

Search API), we queried the web for each claim to1081

retrieve the top 10 documents and the top 1 image1082

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”.

Table A1: Prompt used in claim refinement

as textual and visual evidence. We excluded claims 1083

with more than eight of these URLs that failed due 1084

to parsing errors during top 10 URL extraction. As 1085

the retrieved documents varied widely in length and 1086

were often long, we summarized each of the doc- 1087

uments using GPT-4o-mini (gpt-4o-mini-2024-07- 1088

18) with the prompt in Table A3.To prevent retriev- 1089

ing documents published after the corresponding 1090

articles, which would make the setting unrealistic, 1091

we restricted retrieval to sources published before 1092

the fact-checking articles. 1093

C Supplementary Results 1094

C.1 Effects of Varying Retrievers 1095

We conducted an ablation study to assess the effec- 1096

tiveness of AMUFC across varying retrievers. For 1097

text retrievers, we consider the pretrained SBERT, 1098

the fine-tuned SBERT, and mxbai. For image re- 1099

trievers, we compare the pretrained CLIP, the fined- 1100

tuned CLIP, and SigLIP. As shown in Table A4, the 1101

effectiveness of AMUFC persists across different 1102

retriever configurations. 1103

C.2 Accuracy–Efficiency Trade-offs 1104

While the proposed agentic framework focuses 1105

on improving verification accuracy, this design 1106

choice introduces additional computational over- 1107

head. Specifically, compared to a standard retrieval- 1108

based fact-verification pipeline, it incurs extra infer- 1109

ence costs due to the Analyzer’s assessment of the 1110

necessity of visual evidence. We provide a detailed 1111

analysis of these trade-offs in Table A5. We com- 1112

puted inference time on the test dataset with gold 1113

evidence using a single-batch request and a basic 1114

inference pipeline implemented with Hugging Face 1115
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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 A2: Examples of claim refinement in FIN-FACT.

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}

Table A3: Prompt used for document summarization

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 A4: Ablation results on Analyzer–Verifier inte-
gration strategies across different retriever methods. FT
denotes fine-tuned.

Transformers, evaluated on a single NVIDIA H1001116

GPU.1117

C.3 Qualitative Examples1118

Table A7 presents two examples with different vi-1119

sual evidence necessity labels, as defined in Sec-1120

tion 4. Table A8 shows successful and failed pre-1121

dictions of the proposed method, along with the1122

corresponding Analyzer outputs.1123

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 A5: Accuracy-efficiency trade-offs, with inference
time averaged per sample (s/it).

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

Table A6: Annotation guidelines for determining
whether visual evidence is necessary.
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Type Unnecessary Necessary

Claim
Marquette University threatened to re-
scind 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 com-
ments on topics like sexuality and im-
migration 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 any-
thing wrong, Steve Adler, the mayor of
Austin, Texas, says he now realizes he
’set a bad example’ by traveling to Cabo
San Lucas, Mexico, for vacation last
month. An Austin American-Statesman
story revealed Wednesday that Adler
attended an in-person wedding for his
daughter in early November and then
flew with others to Cabo for a weeklong
vacation. At the same time, Adler was en-
couraging people to stay home to avoid
contracting or spreading COVID-19.

Table A7: Examples for visual evidence types according to their necessity for claim verification.
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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 A8: Examples for successful and failed predictions of AMUFC.
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