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Abstract001

Fact-checking with large language models002
(LLMs) plays a critical role in combating mis-003
information. However, current LLM-based004
fact-checking approaches struggle with reliable005
reasoning. On the one hand, LLMs may pro-006
duce seemingly persuasive multi-step explana-007
tions that are logically inconsistent with the008
provided evidence. On the other hand, when009
the given evidence is incomplete, LLMs tend to010
incorrectly interpret the absence of supporting011
evidence as refutation of the claim, an error012
known as argument from ignorance. Both of013
these behaviors lead to unreliable reasoning and014
fact-checking results. To address these chal-015
lenges, we propose VeriChain, a novel frame-016
work that leverages multi-agent collaboration017
for fact-checking. The core idea of VeriChain018
is to decompose fact-checking into a collab-019
orative multi-agent process, in which the rea-020
soning conclusions are evaluated by a Verifier021
Agent and progressively refined through a dy-022
namic verification loop. The Verifier checks023
the logical consistency of each inference step024
using First-Order Logic (FOL), identifying con-025
tradictions with the given evidence and in-026
stances of insufficient support. Based on these027
assessments, VeriChain iteratively refines the028
reasoning and retrieves additional knowledge029
as needed, thereby producing more accurate030
fact-checking results. Extensive experiments031
demonstrate the effectiveness of VeriChain.032

1 Introduction033

Fact-checking with large language models (LLMs)034

has become increasingly essential in the fight035

against misinformation, particularly in an era036

where the volume and velocity of online informa-037

tion far exceed the capacity of human fact-checkers.038

Traditional fact-checking pipelines, which extract039

representations of claims and evidence and then040

compare them in the feature space for verification,041

struggle to keep up with rapidly evolving complex042

claims. By harnessing the strengths of LLMs in043

Claim: The group Leonidas L. Polk led was the organized agrarian 
economic movement among American farmers. It was supported by 
the weekly left-wing political newspaper ……

Evidence: …… The Appeal to Reason was a weekly left-wing political 
newspaper published in the American Midwest from 1895 until 1922. 
The paper was known for its politics, lending support over the years to 
the Farmers' Alliance and People's Party ……

(a) Reasoning chain conflicts with evidence

Claim: The man that composed the opera Irrelohe was a teacher. The 
composer, who American Violinist and singer Tim Fain is best known 
for working with, was not.

Evidence: ……Tim Fain is an American violinist, perhaps best known for 
his performances in the movie "Black Swan" and his work with 
American composer Philip Glass.

(b) Argument from ignorance

The evidence states that The Appeal to Reason “lending support... 
to the Farmers‘ Alliance and People’s Party” after the newspaper‘s 
inception in 1895. But since Polk was dead by 1892, he could not 
have led a group supported by a newspaper that did not yet exist.

Support

The evidence provides no information about Philip Glass being a 
teacher. The absence of any reference to Philip Glass as a teacher in 
the evidence is consistent with the claim that he "was not" a teacher.

Evidence absence

Figure 1: In LLM-based fact-checking, hallucinations
often manifest as (a) reasoning chains inconsistent with
the evidence, and (b) incorrect denial of claims due to
insufficient supporting evidence, a type of error known
as the argument from ignorance.

interpreting or decomposing claims, integrating ex- 044

ternal evidence, and producing step-by-step reason- 045

ing, these approaches offer significant advantages 046

over conventional methods (Pan et al., 2023; Zhang 047

and Gao, 2023; Wang and Shu, 2023). 048

Despite recent advancements, current LLM- 049

based fact-checking methods still face challenges, 050

particularly those arising from LLM hallucinated 051

reasoning and insufficient retrieved evidence. As 052

illustrated in Figure 1(a), LLMs often generate 053

lengthy reasoning chains that appear coherent and 054

convincing at first glance. However, some of 055

these intermediate steps are not fully supported 056

by the given evidence, resulting in reasoning that 057

is inconsistent with the available facts. This is- 058

sue is partly due to LLMs’ pre-training and post- 059

training objectives, which encourage the generation 060
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of plausible-looking but potentially unsupported061

reasoning chains. In addition, as shown in Figure062

1(b), when the retrieved evidence is incomplete or063

partially missing, LLMs frequently misinterpret064

the absence of supporting information as evidence065

against the claim, a type of error known as the ar-066

gument from ignorance. This can lead the model to067

incorrectly reject claims when sufficient evidence068

is unavailable, a situation that commonly arises in069

single-step evidence retrieval. These limitations,070

including hallucinated reasoning and misinterpreta-071

tion due to evidence insufficiency, pose challenges072

for high-stakes fact-checking tasks, where precise,073

evidence-grounded reasoning is critical. Conse-074

quently, there is a need for methods that can sys-075

tematically evaluate and iteratively refine LLM rea-076

soning to ensure reliable and robust fact-checking.077

To address these challenges, we introduce078

VeriChain, a multi-agent framework for reliable079

fact-checking that iteratively refines the verification080

results through dynamic verification loops. Specif-081

ically, VeriChain organizes the fact-checking pro-082

cess into a set of specialized agents, each respon-083

sible for a distinct task, including claim analysis,084

evidence retrieval, and reasoning. Among them,085

a dedicated Verifier Agent plays a central role by086

evaluating the reasoning chain produced by the087

LLM agent based on principles of FOL. By lever-088

aging FOL, the Verifier Agent formalizes each in-089

ference step as a logical predicate and evaluates090

its truth value, thereby assessing the consistency091

of the reasoning chain with the retrieved evidence092

and identifying cases of insufficient evidential sup-093

port. This FOL-based formalization allows the094

agent to systematically detect contradictions and095

knowledge gaps that may not be readily apparent in096

natural language reasoning. When contradictions097

or insufficient evidence are detected, VeriChain098

triggers a dynamic verification loop that iteratively099

invokes the relevant agents to refine the reasoning100

and acquire additional evidence, continuously up-101

dating the reasoning chain until the inconsistencies102

and knowledge gaps are resolved or a maximum103

number of iterations is reached. Extensive experi-104

ments on real-world, complex fact-checking bench-105

marks demonstrate that VeriChain consistently out-106

performs baseline methods. Our contributions are107

summarized as follows:108

• We propose VeriChain, a multi-agent frame-109

work designed to mitigate hallucinations in110

LLM-based fact-checking, which manifest as111

inconsistencies between reasoning chains and 112

the available evidence, as well as erroneous 113

conclusions arising from insufficient eviden- 114

tial support. 115

• We introduce a dedicated Verifier Agent 116

grounded in FOL and a dynamic verification 117

loop within VeriChain, where the Verifier as- 118

sesses reasoning chains and the dynamic loop 119

refines inference based on the assessment, 120

thereby enabling reliable fact-checking. 121

• Extensive experiments on real-world, complex 122

fact-checking benchmarks demonstrate that 123

VeriChain consistently outperforms existing 124

baseline methods, providing more accurate 125

and reliable fact-checking results. 126

2 Related Work 127

With the explosive growth of online information, 128

fact-checking has become increasingly crucial for 129

detecting misinformation. Earlier methods (Wang, 130

2017; Thorne et al., 2018; Augenstein et al., 2019; 131

Jiang et al., 2020) primarily focused on simple 132

atomic claims that could be verified using a single 133

piece of evidence. However, claims in real-world 134

scenarios are often multifaceted, and claim veri- 135

fication remains a knowledge-intensive task. To 136

address this problem, many fact-checking methods 137

(Schuster et al., 2021; Jiang et al., 2021; Majumder 138

et al., 2021; Saakyan et al., 2021) have acknowl- 139

edged the importance of external knowledge and 140

reasoning in verifying complex claims (Sundriyal 141

et al., 2023; Li et al., 2023; Chen et al., 2023; Yang 142

et al., 2023; Jiang et al., 2024). 143

LLM-based fact-checking. As large language 144

models continue to advance in reasoning capabili- 145

ties (Wang et al., 2022; Wei et al., 2022; Sun et al., 146

2024), recent studies have explored LLM-based ap- 147

proaches to fact-checking. For example, some stud- 148

ies prompt LLMs to perform fact-checking through 149

iterative questioning (Press et al., 2023) or program- 150

guided reasoning (Pan et al., 2023). Nevertheless, 151

researchers have found that LLMs face challenges 152

such as hallucinations (Ji et al., 2023; Du et al., 153

2023; Feng et al., 2023; Luo et al., 2024) and unre- 154

liable reasoning, which undermine the performance 155

of fact-checking. In this work, to mitigate halluci- 156

nations in LLM-based fact-checking, we introduce 157

a multi-agent collaborative framework. A set of 158

agents analyze claims, retrieves evidence, and per- 159

forms reasoning, while a Verifier Agent evaluates 160
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the reasoning process. Based on the Verifier’s eval-161

uation, VeriChain invokes the appropriate agents162

to either refine the reasoning or gather additional163

evidence, iterating this process until a satisfactory164

conclusion is reached.165

3 VeriChain166

VeriChain (as shown in Figure 2) comprises four167

specialized agents: (1) the Analyser interprets the168

claim; (2) the Collector retrieves relevant evidence;169

(3) the Reasoner performs multi-step reasoning;170

and (4) the Verifier evaluates the reasoning through171

FOL and triggers a dynamic verification loop.172

3.1 Task Formulation173

The complex fact-checking task focuses on verify-174

ing a claim based on the relevant evidence. Specif-175

ically, given a claim C and evidence E, a fact-176

checking model M aims to predict the veracity177

label Y using the information provided by E:178

Y = M(C,E), Y ∈ {support, refute}179

3.2 Motivation for the Overall Framework180

As discussed above, current LLM-based fact-181

checking methods face challenges. These ap-182

proaches rely on LLMs to generate reasoning183

chains that seem plausible but may contain hal-184

lucinations or unsupported statements, thereby un-185

dermining the reliability of the verification. These186

challenges can be traced back to the pretraining187

and finetuning paradigms of LLMs. Formally,188

let an LLM be a parameterized model Mθ that,189

given a text prompt x, outputs a sequence of to-190

kens y = (y1, y2, . . . , yT ). During pretraining, the191

model is optimized to maximize the likelihood of192

the next token over a large corpus Dpre. This en-193

courages the model to produce fluent, coherent194

sequences, but does not explicitly constrain fac-195

tual correctness. During fine-tuning or instruction-196

tuning, the model is further trained on a smaller197

dataset Dft to follow instructions or generate de-198

tailed reasoning:199

θ∗ = argmax
θ

T∑
t=1

logPθ(yt | y<t, x). (1)200

where y may include multi-step reasoning chains.201

To encourage long, elaborate outputs, reward func-202

tions or human feedback R(y) may be incorpo-203

rated, e.g., in reinforcement learning from human204

feedback (RLHF): 205

θ∗ = argmax
θ

Ey∼Pθ(·|x)[R(y)]. (2) 206

The combination of maximizing likelihood over 207

long sequences and optimizing for higher rewards 208

on detailed reasoning chains induces a bias toward 209

producing extended outputs. Consequently, the 210

model may fabricate or hallucinate facts to main- 211

tain coherence and satisfy the reward, which ex- 212

plains the observed hallucination problem in multi- 213

step reasoning tasks. 214

To address these issues, our VeriChain frame- 215

work focuses on verifying the reasoning chains 216

generated by LLMs, ensuring reliable and evidence- 217

grounded fact-checking. First-order logic provides 218

a principled framework for this purpose, enabling 219

the formal representation and evaluation of each 220

reasoning step. Specifically, the Verifier assesses 221

each reasoning chain and determines whether it 222

is reliable, inconsistent, or insufficient. Based on 223

this detection, VeriChain employs a dynamic ver- 224

ification loop to invoke the appropriate agents to 225

iteratively refine the reasoning chain or supplement 226

missing evidence, progressively improving the cor- 227

rectness of the reasoning for fact-checking. 228

3.3 Preliminary Fact-Checking 229

Analyser Given a fact-checking claim c ∈ C, 230

the Analyzer module first decomposes the original 231

claim into a set of finer-grained sub-claims. For 232

each sub-claim, Analyzer integrates relevant back- 233

ground knowledge, thereby producing an enriched 234

and structured representation cA that captures both 235

the decomposition and contextual information. 236

Collector The Collector subsequently retrieves 237

evidence relevant to the enriched representation cA 238

by issuing queries to the Bing search engine. For 239

each retrieved web page, the Collector extracts and 240

concatenates the text snippets corresponding to the 241

sentences highlighted or selected by Bing, effec- 242

tively simulating a human collector performing the 243

search query, pressing Enter, and collecting the dis- 244

played content. The aggregated and structured set 245

of evidence is denoted as eC , which will serve as 246

the input for subsequent reasoning stages. 247

Reasoner Based on the aggregated evidence eC 248

and the original claim c, the Reasoner generates a 249

reasoning chain R that outlines the logical steps 250

connecting the evidence to the claim. Based on 251

this reasoning chain, the Reasoner then predicts a 252
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Claim: The group Leonidas L. Polk led was the organized 
agrarian economic movement among Catholic farmers……

Leonidas L. Polk 
– a person, leader of a group ……

The Farmers' Alliance was an organized 
agrarian economic movement among 
American farmers  ……

The evidence supports the claim …… the 
Farmers' Alliance was supported by the 
Appeal to Reason newspaper……

Reasoning chains

FOL evaluation:
①reliable/②inconsistent/③insufficient

Verify reasoning chains

Analyzer

Collector

Reasoner

Verifier
① reliable 

Statements:
includes(Farmers
Alliance, 
VariousFarmers)

≠
includes(Farmers
Alliance, Catholic 
Farmers)

Reasoner

② inconsistent 

Verifier 

Statements:
alignedWith
(AppealToReason, 
PopulistParty)
PopulistParty ？

Reasoner

Collector

③ insufficient

Reliable results

Verifier 

Predicates: 
- leads(x, y): x 
leads group y.
- isA(y, z): y is a 
type of z ……

Statements:
leads(x, y) ⋀ 
isA(y, z) ⋀ … = 1

Add to

Add to

Verifier 

Dynamic Verification Loop

Dynamic Verification LoopFinish

The evidence supports the claim …… the Farmers' Alliance was 
supported by the Appeal to Reason newspaper……

Reasoning chains

Figure 2: The framework of VeriChain.

veracity label ŷ, capturing whether the claim is sup-253

ported or refuted. Formally, this reasoning process254

can be expressed as: (R, ŷ) = Reasoner(c, eC).255

3.4 Fact-Checking with Justification256

First-Order Logic First-Order Logic is a formal257

system used to represent statements about objects,258

their properties, and relationships. In FOL, formu-259

las are constructed from predicates that describe260

properties or relations of objects. Each predicate261

can be evaluated as True or False. For example, a262

predicate IsScientist(p) may represent "p is a sci-263

entist". Given a person Alice, IsScientist(Alice) is264

True if evidence confirms she is a scientist, and265

False otherwise. Predicates can be combined to266

form more complex statements, such as "If Alice267

is a scientist, then she works in a lab". FOL also268

allows quantifiers like "for all" or "there exists" to269

reason about multiple objects, e.g., "There exists270

a person who is a scientist working in this lab." In271

addition to evaluating individual predicates, FOL272

allows logical operations such as conjunction (∧),273

disjunction (∨), and negation (¬) to compute the274

truth of complex statements. In particular, conjunc-275

tion (∧) represents the logical "and" operator: a for-276

mula P ∧Q is True only if both predicates P and277

Q evaluate to True given the evidence, and False278

if at least one of them is False. In the VeriChain279

framework, FOL is used to evaluate the reasoning280

chains generated by the Reasoner. Each step of a281

reasoning chain is converted into a predicate, and282

its truth value is determined based on the available283

evidence. This formal evaluation allows VeriChain284

to detect inconsistencies between reasoning and285

evidence or cases of insufficient supporting evi- 286

dence, and to guide the iterative refinement of both 287

reasoning and evidence retrieval. 288

Verifier The Verifier assesses the reasoning 289

chain R against the collected evidence eC us- 290

ing FOL. Both the reasoning chain and the ev- 291

idence are transformed into sets of FOL predi- 292

cates: [fR1 , . . . , fRm ] for the reasoning steps and 293

[fe1 , . . . , fek ] for the evidence. Each predicate rep- 294

resents a specific fact or logical relation. The eval- 295

uation result falls into three categories: 296

• Reliable: All reasoning predicates are satis- 297

fied, and the model’s predicted label matches 298

the ground truth. This indicates that the rea- 299

soning chain is logically consistent and fully 300

supported by the evidence: 301

ŷ = y,
m∧
i=1

fRi = 1. 302

• Inconsistent: At least one reasoning predi- 303

cate contradicts the available evidence. This 304

implies that there exists an error or conflict in 305

the reasoning process, where a reasoning step 306

is not supported by the evidence: 307

∃ i ∈ {1, . . . ,m}, j ∈ {1, . . . , k} 308

s.t. fRi ̸= fej . 309

• Insufficient: Some evidence predicates are 310

not defined. This indicates that the available 311

evidence is not sufficient to support the con- 312

clusions of the reasoning chain, and additional 313
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information may be required:314

∃ j ∈ {1, . . . , k} s.t. fej is undefined.315

Dynamic Verification Loop VeriChain itera-316

tively refines reasoning chains or retrieves supple-317

mentary knowledge by leveraging feedback from318

the Verifier, repeating this process until a reliable319

outcome is obtained or a predefined maximum num-320

ber of iterations is reached. If a reasoning chain321

is evaluated as reliable, it is accepted and returned322

as the final verification outcome. When the incon-323

sistency is detected, the Reasoner updates the rea-324

soning chain according to the Verifier’s feedback,325

and the revised chain is subsequently re-evaluated.326

In scenarios where the available evidence is in-327

sufficient to determine the truth of certain predi-328

cates, the Collector retrieves additional information329

specifically targeted at these undefined evidence330

predicates. This enables the Reasoner to construct331

a new, more complete reasoning chain for subse-332

quent verification. The iterative procedure guaran-333

tees that each reasoning chain is either confirmed as334

logically reliable or progressively refined, thereby335

enhancing the accuracy of the claim verification.336

4 Experiments337

4.1 Experimental Setup338

Datasets. Two widely used and challenging339

datasets are adopted to evaluate the fact-checking340

performance of both the baselines and our341

VeriChain: (i) Hover (Jiang et al., 2020) and (ii)342

FEVEROUS-S (Pan et al., 2023). Both datasets343

require verifying each claim using multiple pieces344

of evidence and performing multi-step reasoning.345

Baselines. To demonstrate the effectiveness of346

our approach, we compare VeriChain against four347

categories of baselines: (i) Pre-trained methods:348

BERT-FC (Soleimani et al., 2020) and LisT5 (Jiang349

et al., 2021). (ii) Fine-tuned methods: RoBERTa-350

NLI (Nie et al., 2019), DeBERTaV3-NLI (He et al.,351

2021), and MULTIVERS (Wadden et al., 2021).352

(iii) LLM-ICL methods: FLAN-T5 (Chung et al.,353

2022) and GPT-3.5-turbo. (iv) LLM-reasoning354

methods: Chain-of-Thought (Wei et al., 2022),355

Self-Ask (Press et al., 2023), PACAR (Zhao et al.,356

2024), Hiss (Zhang and Gao, 2023), FOLK (Wang357

and Shu, 2023), ProgramFC (Pan et al., 2023),358

FactcheckGPT (Wang et al., 2024) and BiDeV.359

Evaluation Metrics. Following previous works, 360

we adopt Macro-F1 as the evaluation metric to bet- 361

ter address the class imbalance between support 362

and refute samples, as the metric assigns equal im- 363

portance to each class. 364

Implementation Details. In our method, we use 365

GPT-3.5-turbo as the backbone model for all agents, 366

accessed through the OpenAI API. The temperature 367

of the model is set to 0 to ensure deterministic and 368

reproducible outputs across all experiments. We 369

use the Bing search engine as the retriever invoked 370

by our Collector. Unlike dense retrievers, which 371

require creating a candidate index or depending on 372

a predefined set of sources, the Bing search engine 373

offers extensive knowledge coverage and provides 374

up-to-date information without these limitations. 375

For our experiments, unless otherwise specified, 376

the dynamic verification loop in VeriChain is con- 377

figured with a fixed maximum of 3 iterations. 378

4.2 Overall Performance 379

Table 1 presents the performance of different mod- 380

els on the Hover and Feverous-S datasets under two 381

settings: annotated evidence as gold-setting and re- 382

trieved evidence as open-setting. VeriChain consis- 383

tently achieves the best results across all datasets, 384

showing a clear advantage over all baseline models. 385

For example, on Feverous-S, VeriChain achieves 386

94.52%(Gold) and 72.34% (Open), demonstrating 387

its capability on large-scale, multi-hop reasoning 388

tasks. Traditional baseline models, such as BERT- 389

FC and LisT5, perform significantly worse under 390

both settings. Their performance drops notably on 391

multi-hop tasks (Hover(hop-3/hop-4)), highlight- 392

ing their limitations in handling complex reason- 393

ing and long-chain information integration. NLI- 394

based models (e.g., RoBERTa-NLI, DeBERTaV3- 395

NLI) achieve higher results on Gold settings but 396

still underperform on Open settings, indicating 397

limited generalization to open-domain scenarios. 398

Large language models and reasoning-enhanced 399

approaches (e.g., GPT-3.5-turbo, FLAN-T5, Chain- 400

of-Thought, PACAR) show improved performance, 401

especially on multi-hop tasks, suggesting that inte- 402

grating multiple reasoning mechanisms and exter- 403

nal knowledge effectively enhances model perfor- 404

mance. Overall, VeriChain’s strong performance 405

demonstrates its robustness and reasoning capabil- 406

ity in open-domain, multi-hop tasks, highlighting 407

the importance of mitigating LLM hallucinations 408

for complex fact-checking. 409
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Hover(hop-2) Hover(hop-3) Hover(hop-4) Feverous-S
Gold Open Gold Open Gold Open Gold Open

BERT-FC 53.41 50.68 50.91 49.86 50.86 48.57 74.71 51.67
LisT5 56.15 52.56 53.76 51.89 51.67 50.46 77.88 54.15
RoBERTa-NLI 74.62 63.62 62.23 53.99 57.98 52.41 88.28 57.81
DeBERTaV3-NLI (2021) 77.22 68.72 65.98 60.76 60.49 56.01 91.98 58.81
MULTIVERS 68.86 60.17 59.87 52.55 55.67 51.86 86.03 56.61
GPT-3.5-turbo 70.63 65.07 66.46 56.63 63.49 57.27 89.77 62.58
FLAN-T5 73.69 69.02 65.66 60.23 58.08 55.42 90.81 63.73
Chain-of-Thought 74.32 70.22 65.54 58.86 60.58 57.63 90.08 64.04
Self-Ask 60.56 54.23 56.77 48.87 55.76 51.76 80.89 61.16
PACAR 76.86 70.88 70.10 63.28 69.95 58.97 94.43 65.86
HiSS 73.06 66.25 65.14 58.56 64.67 57.64 89.26 65.99
FOLK 73.24 67.29 65.84 58.61 64.73 58.79 89.52 66.89
ProgramFC 74.59 69.89 66.75 61.21 65.00 58.21 91.23 67.22
Factcheck-GPT 74.88 70.25 66.32 60.11 66.62 59.25 91.39 67.24
BiDeV 77.59 73.44 69.91 63.62 70.63 60.41 92.39 69.01
VeriChain 80.24 75.84 73.32 68.38 71.94 64.08 94.52 72.34

Table 1: Macro-F1 scores of VeriChain and baselines on Hover and Feverous-s under both gold and open settings.
Bold numbers indicate significant improvements (p < 0.05) based on 10 rounds of bootstrapping sampling.

4.3 Ablation Study410

To further investigate the contribution of each com-411

ponent in VeriChain, we conduct an ablation study412

by removing the Analyzer, Collector, Reasoner,413

and Verifier agents. Table 3 summarizes the per-414

formance on both Gold and Open settings across415

the Hover and Feverous-S datasets. As shown,416

removing any module leads to a drop in perfor-417

mance, highlighting the importance of each com-418

ponent. Specifically, removing the Verifier causes419

the most significant decrease, dropping the Gold420

scores from 80.24% to 69.62% on Hover(hop-2)421

and from 94.52% to 82.53% on Feverous-S. This422

demonstrates that the verification mechanism is423

critical for ensuring reliable reasoning and accu-424

rate results. The Reasoner also plays a crucial role,425

with its removal reducing performance. This in-426

dicates that the reasoning module is essential for427

multi-hop inference and complex task understand-428

ing. The Analyzer and Collector contribute moder-429

ately but consistently across all datasets, suggesting430

its role in input analysis and contextual feature ex-431

traction. The Collector’s removal results in slightly432

larger drops, reflecting its importance in aggregat-433

ing relevant information for subsequent reasoning.434

A similar trend is observed under the Open setting.435

The Verifier and Reasoner are again the most criti-436

cal components, while the Analyzer and Collector437

provide incremental but consistent gains. Overall,438

this ablation study confirms that the performance 439

improvements of VeriChain are the result of a syn- 440

ergistic combination of all four agents, with the 441

Verifier and Reasoner being particularly vital for 442

robust reasoning in both Gold and Open scenarios. 443

4.4 Analysis 444

Analysis of Three Verification Situations Fig- 445

ure 4 shows the distribution of the Verifier’s as- 446

sessment categories in the first evaluation across 447

the Hover and Feverous-S datasets. Several clear 448

trends emerge from the results. First, the proportion 449

of reliable outputs remains the largest category, typ- 450

ically ranging from 70% to 80%, confirming that 451

LLMs can produce mostly trustworthy reasoning 452

but still leave substantial room for improvement. 453

Second, among the two error types, insufficient re- 454

sponses consistently outnumber inconsistent ones, 455

indicating that LLMs are more prone to under- 456

supported reasoning rather than producing logically 457

contradictory conclusions. Third, the Open setting 458

exhibits a higher fraction of insufficient responses 459

compared to the Gold setting, reflecting the addi- 460

tional challenge posed by open-domain retrieval, 461

where evidence is more likely to be incomplete. 462

Finally, as task difficulty increases, from 2-hop to 463

4-hop in Hover, the proportion of reliable outputs 464

gradually decreases. This indicates that increas- 465

ing task complexity raises the likelihood of LLMs 466
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Figure 3: Results of ablation study. We removed the Analyzer, Collector, Reasoner, and Verifier from VeriChain,
respectively. Notably, removing the Verifier also disables the dynamic verification loop, since the loop is inherently
driven by the Verifier’s assessments.

producing unreliable inferences or encountering467

knowledge gaps. Overall, the results highlight two468

challenges in LLM-based fact-checking, evidence469

insufficiency and reasoning inconsistency, both of470

which become more pronounced in open-domain471

or higher-hop settings. VeriChain effectively allevi-472

ates these issues by enforcing logic-grounded ver-473

ification and iterative refinement, leading to more474

reliable fact-checking outcomes.475
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Figure 4: Distribution of the Verifier’s evaluation out-
comes (reliable, insufficient, and inconsistent) on rea-
soning chains produced in a single verification iteration
across Hover and Feverous-S.

Generalizability Across Different Agents To476

evaluate the generalizability of the VeriChain477

framework, we test it with three different under- 478

lying agent models: GPT-3.5, 4o-mini, and Claude- 479

3.7. Figure 5 shows the performance under both 480

Gold and Open settings. The results indicate 481

that VeriChain consistently achieves strong per- 482

formance regardless of the agent backbone. In 483

the Gold setting, all three agents yield compara- 484

ble scores across datasets. Similarly, in the Open 485

setting, performance remains robust across agents. 486

These findings demonstrate that VeriChain is highly 487

compatible with different LLM-based agents, ef- 488

fectively maintaining reasoning and verification ca- 489

pabilities across diverse model architectures. The 490

consistent performance observed across multiple 491

backbone architectures underscores the robustness 492

of the framework and highlights its potential for 493

broad applicability and generalizability across dif- 494

ferent model architectures. 495

Analysis of Maximum Iterations Figure 6 illus- 496

trates how different maximum iteration settings in 497

the dynamic verification loop affect VeriChain’s 498

performance. Performance generally improves as 499

the number of iterations increases from 1 to 3 500

across all datasets. However, further increasing 501

the iteration count to 4 does not yield additional 502

gains and, in some cases, results in a slight decrease 503

(e.g., Hover(hop-4) drops from 71.94% to 71.88%), 504

suggesting that excessive iterations may introduce 505

redundancy or minor noise in reasoning. These re- 506

sults indicate that 3 iterations strike the best balance 507

between reasoning depth and efficiency, achieving 508

optimal performance across multi-hop and com- 509

plex tasks. Overall, these results demonstrate that 510

the dynamic verification loop enhances VeriChain’s 511
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Figure 5: Performance of the VeriChain framework
when instantiated with three underlying agent models
(GPT-3.5, 4o-mini, and Claude-3.7) under both Gold
and Open settings. The results demonstrate VeriChain’s
robustness and consistent gains across heterogeneous
agent backbones.
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Figure 6: Impact of different maximum iteration settings
in VeriChain’s Dynamic Verification Loop.

performance, while highlighting the importance of512

selecting an appropriate number of iterations to513

maximize benefits.514

Impact of Knowledge Sources To assess the in-515

fluence of different external knowledge sources516

for fact-checking, we compare performance using517

Bing and the MS MARCO Passage Corpus (Izac-518

ard et al., 2021) under the Open setting (shown in519

Figure 7). The results show that leveraging Bing520

as a knowledge source consistently yields higher521

performance across all datasets compared to MS522

MARCO. Bing, as a large-scale, up-to-date web523

search engine, provides richer and more relevant524

information, which helps the model generate more525

accurate and complete responses. In contrast, MS526

MARCO, although structured and curated, is com-527

40 45 50 55 60 65 70 75
Macro-F1
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(hop-2)

Hover
(hop-3)

Hover
(hop-4)

Fev-S

75.84

68.38
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73.07

63.69
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67.43
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Figure 7: Comparison of VeriChain’s performance un-
der the Open setting when using different external
knowledge sources.

paratively limited in coverage, resulting in lower 528

performance on complex multi-hop tasks. Overall, 529

this analysis underscores the importance of select- 530

ing high-coverage, reliable knowledge sources to 531

enhance fact-checking in open-domain scenarios. 532

5 Conclusion 533

In this work, we present VeriChain, a multi-agent 534

fact-checking framework designed to address chal- 535

lenges in LLM-based fact-checking. While LLMs 536

excel at decomposing claims and synthesizing in- 537

formation, their tendency to generate unsupported 538

intermediate inferences and to conflate missing ev- 539

idence with negative conclusions fundamentally 540

limits their reliability in high-stakes verification 541

scenarios. VeriChain mitigates these issues by in- 542

troducing a dedicated Verifier Agent that evaluates 543

the reasoning chains under a first-order logic formu- 544

lation. By grounding each inference step in explicit 545

logical predicates, the Verifier Agent can systemat- 546

ically detect contradictions with the given evidence 547

as well as unsupported assumptions, failure modes 548

that are often obscured in unconstrained natural 549

language reasoning. Based on the Verifier’s assess- 550

ment, VeriChain further employs a dynamic verifi- 551

cation loop to iteratively refine the reasoning pro- 552

cess. By selectively invoking retrieval or reasoning 553

agents to acquire additional knowledge or revise 554

the inference steps, VeriChain enforces evidence- 555

grounded fact-checking throughout the pipeline. 556

Extensive experiments on challenging real-world 557

benchmarks demonstrate that VeriChain yields sub- 558

stantial and consistent improvements over existing 559

LLM-based fact-checking methods. In the future, 560

we will explore the use of our framework in other 561

domain tasks that focus on reasoning. 562

8



Limitations563

At present, VeriChain primarily focuses on en-564

abling reliable reasoning in LLM-based fact-565

checking. In future work, we will explore extend-566

ing the framework to other knowledge-intensive567

reasoning tasks.568
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