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Abstract001

The rapid spread of fake news threatens social002
stability and public trust, highlighting the ur-003
gent need for its effective detection. Although004
large language models (LLMs) show poten-005
tial in fake news detection, they are limited by006
knowledge cutoff and easily generate factual007
hallucinations when handling time-sensitive008
news. Furthermore, the thinking of a single009
LLM easily falls into early stance locking and010
confirmation bias, making it hard to handle011
both content reasoning and fact checking si-012
multaneously. To address these challenges, we013
propose ZoFia, a two-stage zero-shot fake news014
detection framework. In the first retrieval stage,015
we propose novel Hierarchical Salience and016
Salience-Calibrated Minimum Marginal Rel-017
evance (SC-MMR) algorithm to extract core018
entities accurately, which drive dual-source re-019
trieval to overcome knowledge and evidence020
gaps. In the subsequent stage, a multi-agent021
system conducts multi-perspective reasoning022
and verification in parallel and achieve an ex-023
plainable and robust result via adversarial de-024
bate. Comprehensive experiments on two pub-025
lic datasets show that ZoFia outperforms exist-026
ing zero-shot baselines and even most few-shot027
methods. Our code will be open-sourced to028
facilitate the related community 1.029

1 Introduction030

The rapid spread of fake news through social net-031

works has become prevalent, posing severe threats032

to key domains such as politics (Fisher et al., 2016),033

economy (Bakir and McStay, 2018), and livelihood034

(Zhou and Zafarani, 2020). The swift advancement035

of generative models further exacerbates this con-036

cern (Chen and Shu, 2023; Nan et al., 2024; Li037

et al., 2025, 2024a). In this context, developing038

effective, efficient and interpretable fake news de-039

tection methods is indispensable.040
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Early studies mainly rely on supervised learn- 041

ing (Monti et al., 2019; Kaliyar et al., 2021) to 042

train detection models, but their dependence on 043

large-scale labeled data makes it hard to adapt to 044

emerging news topics (Hoy and Koulouri, 2022). 045

Large language models (LLMs), with broad pre- 046

training knowledge and strong contextual under- 047

standing (Su et al., 2023), significantly advance 048

few-shot and zero-shot methods, providing new 049

opportunities to overcome this bottleneck. In few- 050

shot methods, LLMs either serve as auxiliary tools 051

to perform data augmentation for downstream clas- 052

sifiers (Hu et al., 2024a), or act directly as detectors 053

through prompt learning (Jiang et al., 2022) and 054

instruction tuning (Pavlyshenko, 2023), but they 055

still do not fully escape reliance on training data. 056

By contrast, zero-shot methods that do not require 057

labeled samples are a more promising paradigm, 058

which mainly guide LLM reasoning by context 059

engineering (Zhang and Gao, 2023) and agentic 060

architectures (Li et al., 2024b). 061

However, zero-shot methods face reliability chal- 062

lenges. On the one hand, the internal knowledge 063

of LLMs is limited by knowledge cutoff (Cheng 064

et al., 2024). Without the external information, 065

they easily produce factual hallucinations (Ji et al., 066

2023) when handling dynamic news events. On 067

the other hand, LLMs tend to lock their stance 068

early (Echterhoff et al., 2024), where confirmation 069

bias (Wan et al., 2025) drives subsequent reasoning 070

to merely rationalize the initial judgment. (Wang 071

et al., 2025) Consequently, when external retrieval 072

is introduced into a single LLM, it easily takes a 073

cognitive shortcut that substitutes whether infor- 074

mation can be retrieved for factual veracity, which 075

seriously weakens content reasoning on the origi- 076

nal news. This effect becomes much stronger when 077

the retrieved evidence is irrelevant or contradictory. 078

(Tan et al., 2024) Therefore, we observe that the in- 079

herent reasoning defects of a single LLM prevent it 080

from performing both news content reasoning and 081
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external evidence verification well simultaneously.082

We argue that content reasoning and fact check-083

ing should be decoupled and reliable judgment can084

be achieved through multi-agent interaction. Based085

on this motivation, we propose ZoFia, a two-stage086

zero-shot framework for fake news detection. In087

the first entity-guided retrieval stage, we introduce088

Hierarchical Salience to address semantic dilution089

(Hou et al., 2021) of news entities, which fully090

leverages global and local semantics to score entity091

salience, and design a novel Salience-Calibrated092

Minimum Marginal Relevance (SC-MMR) algo-093

rithm to accurately extract core entities. These enti-094

ties then drive dual-source retrieval from Wikipedia095

and Open Web to mitigate knowledge cutoff and096

effectively suppresses hallucinations. In the subse-097

quent multi-LLM interaction stage, ZoFia assigns098

agents to perform content reasoning and fact check-099

ing in parallel and breaks stance locking of a single100

LLM via adversarial debate, ensuring the robust-101

ness and interpretability of the final verdict.102

To sum up, our main contributions are outlined103

as follows:104

• We propose ZoFia, a retrieval-augmented105

multi-agent zero-shot framework for fake106

news detection that effectively overcomes the107

inherent reasoning flaws of a single LLM.108

• We introduce a novel granularity-aware metric109

Hierarchical Salience and design SC-MMR110

algorithm to extract news entities accurately111

for efficient retrieval.112

• Comprehensive experiments on two public113

datasets demonstrate that ZoFia outperforms114

existing zero-shot baselines and even most115

few-shot methods.116

• Our code will be open-sourced to facilitate117

related communities.118

2 Related Work119

LLM in Fake News Detection. The application120

of Large Language Models (LLMs) has become a121

research frontier in fake news detection, primarily122

divided into few-shot and zero-shot paradigms. In123

few-shot methods, researchers often use LLMs as124

auxiliary tools for data augmentation (Hu et al.,125

2024a; Nan et al., 2024), or as detectors via post-126

training (Jiang et al., 2022; Pavlyshenko, 2023).127

However, these methods fail to completely elimi-128

nate dependence on labeled data. Zero-shot meth-129

ods directly guide model reasoning through context130

engineering (Zhang and Gao, 2023) and agentic131

architectures (Li et al., 2024b; Liu et al., 2024), 132

making judgments without labeled samples. Nev- 133

ertheless, these methods fail to address the confir- 134

mation bias arising from a single reasoning chain. 135

We decouple retrieval from reasoning via a multi- 136

role multi-agent system and finally aggregate all 137

evidences to judge, which achieves more compre- 138

hensive and robust zero-shot discrimination. 139

Multi-Agent System. Multi-Agent Systems 140

(MAS) have emerged as an effective paradigm to 141

enhance LLMs for complex tasks. The pioneering 142

work Chateval (Chan et al., 2023) demonstrates that 143

MAS improves both the robustness and accuracy of 144

generation tasks. Subsequent studies introduce this 145

paradigm to reasoning tasks. For instance, COLA 146

(Lan et al., 2024) designs a collaboration frame- 147

work for stance detection, but it remains limited 148

to analyzing the original text. TruEDebate (Liu 149

et al., 2025) applies structured debate to fake news 150

detection, but its implementation tends to cause 151

premature consensus convergence. Our ZoFia in- 152

troduces external information retrieval and inde- 153

pendent modular analysis. This design aims to 154

fundamentally mitigate knowledge cutoff and en- 155

sure the diversity and independence of arguments 156

and analyses. 157

3 Stage 1: Entity-Guided Retrieval 158

This stage aims to acquire reliable external knowl- 159

edge and instant factual evidences for the subse- 160

quent multi-agent system. It consists of four se- 161

quential modules. The first three modules precisely 162

extract a set of core entities from the original news. 163

These entities serve as keywords and are concate- 164

nated into a query for the final retrieval module, 165

which retrieves from Open Web and Wikipedia. 166

3.1 Entity Extractor 167

This module first uses a pre-trained BERT-NER 168

(Tjong Kim Sang and De Meulder, 2003) model 169

to perform named entity recognition (NER) on the 170

news text. This process can be expressed as: 171

{(ti, ei, ci)}Ni=1 =MBERT-NER(T ), (1) 172

whereM is the pre-trained model, T is the input 173

news text. (ti, ei, ci) denotes the recognized entity 174

triplet, ti is the entity token, ei is the entity label, 175

and ci is the confidence score for the corresponding 176

label, expressed as the conditional probability ci = 177

P (ei|ti, T ;MBERT-NER). 178

Due to the large number of recognized entities, 179

we aggregate consecutive entity tokens to form 180
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Paris Hilton and Chris Zylka shared a kiss 

on the red carpet last night!

The 36-year-old former reality star and 31-

year-old The Leftovers actor were in 

attendance at the 2017 MOCA Gala on 

Saturday night (April 29) in Los Angeles.

[... ...]

BERT-NER

Hierarchical 
Salience

Paris Hilton Chris Zylka

Los Angeles The Leftovers

Cameron

[... ...]

Entity: Paris Hilton

Context: Paris Hilton and 

Chris Zylka shared a kiss 

on the red carpet last night!

[0.346,
0.425,
0.127,
...]

Wikipedia Information

SC-MMR
• Chris Zylka

• Paris Hilton

• The Leftovers

Paris Hilton

Paris Whitney Hilton (born February 17, 

1981) is an American media personality, 

businesswoman, and socialite. [...]

Chris Zylka (born Christopher Michael 

Settlemire; May 9, 1985) is an American 

actor and model, known for [...]

Chris Zylka

[... ...]

(1) Entity-Guided Retrieval

• Sentence: ... ...

• Word: ... ...

• Grammar: ... ...

• Emotion: ... ...

• Information Quality: ...
Linguist

• The news aligns 

with known facts 

about …

• The article 

logically …
Expert

(2) Multi-LLM Interaction

• Paris Hilton and Chris 

Zylka shared a kiss ...

• Paris Hilton and Chris 

Zylka attended the 2017 

MOCA ...

• Other attendees at the 

2017 MOCA ...

Claim
Extractor

Open Web Information

Hilton gazes lovingly at boyfriend 

Chris Zylka | Daily Mail Online

She recently admitted that she found the 

one she wants to have children with. And 

on Saturday, [...]

[... ...]

Paris Hilton, Sharon Stone, Ricky 

Martin & More Best Dressed Celebs 

at MOCA Gala 2017

The stars aligned to honor artist Jeff 

Koons at the 2017 MOCA Gala, with 

Paris Hilton, Sharon Stone, Ricky Martin 

and more celebrities.Ryan Seacrest and 

Shayna Taylor on the red carpet at the 

2017 MOCA Gala. [...]

• <Real> Paris 

Hilton and 

Chris Zylka ...

• <Fake> ...

• <Fake> ...

• <Real> ...
Claim

Verifier

Debater - R Debater - F

I think this news is 

real, because

• Evidence 1: ... ...

• Evidence 2: ... ...

• Evidence 3: ... ...

I think this news is 

fake, because

• Evidence 1: ... ...

• Evidence 2: ... ...

• Evidence 3: ... ...

Judge

This news is real.

(1)

(2) (3)

(1) + (2) + (3)

Retrieval

①

②

③ ④

Score

Figure 1: Overall architecture of our proposed ZoFia framework.

new entity units Ue. Its confidence score c(Ue) is181

calculated by averaging the confidence scoresof all182

tokens in Ue, expressed as:183

c(Ue) =
1

|Ue|
∑

ti∈Ue

ci. (2)184

We establish a dynamic confidence threshold to185

select entities with high confidence scores. Starting186

from an initial confidence score λinit, if the number187

of selected entities fails to meet the predetermined188

minimum nmin, the algorithm iteratively lowers the189

confidence score by ∆λ and repeats the selection,190

until at least nmin entities are obtained.191

3.2 Salience Scorer192

This module aims to accurately quantify the impor-193

tance of news entities, namely Entity Salience (ES)194

(Dunietz and Gillick, 2014). Although the prior195

study (Bullough et al., 2024) has demonstrated that196

bi-encoder architectures can efficiently estimate197

entity salience, their performance is often limited198

by semantic dilution (Hou et al., 2021) problem,199

which leading that the importance of key entities200

are severely underestimated.201

We propose a novel Hierarchical Salience that202

avoids a single, coarse evaluation between an en-203

tity and the whole text. It decomposes an entity’s204

overall importance into two orthogonal and mul-205

tiplicative components: Local Salience Slocal and206

Global Salience Sglobal. Local Salience measures207

the semantic alignment between the entity and its208

immediate context, and Global Salience measures209

how much the local context contributes to the text’s210

main content.211

Formally, for a news text T that is an ordered 212

sequence of sentences, consider any entity Ui that 213

appears in sentence sj . We define its local con- 214

text as C(Ui) = sj−1 ⊕ sj ⊕ sj+1. Aligned with 215

(Bullough et al., 2024), we use a unified Sentence- 216

BERT (SBERT) (Reimers and Gurevych, 2019) 217

encoderMSBERT(·) to embed the entity Ui, its lo- 218

cal context C(Ui), and the full text T to vectors vUi , 219

vC(Ui), and vT . The hierarchical salience Shier(Ui) 220

is derived from the product of these two compo- 221

nents as 222

Shier(Ui) =
vUi · vC(Ui)

∥vUi∥ · ∥vC(Ui)∥︸ ︷︷ ︸
Slocal(Ui|C(Ui))

·
vC(Ui) · vT

∥vC(Ui)∥ · ∥vT ∥︸ ︷︷ ︸
Sglobal(C(Ui)|T )

. (3) 223

Hierarchical Salience provides a finer and more 224

robust estimate of each entity’s importance to the 225

news content. It serves as the key criterion for 226

entity filtering in subsequent modules. 227

3.3 Keyword Selector 228

This module aims to select an informative subset 229

of keywords from the candidate entity set Uselected 230

to mitigate the query drift (Carpineto and Ro- 231

mano, 2012) problem. However, this process faces 232

two practical challenges. First, The hierarchical 233

salience score Shier(Ui) is highly sensitive to con- 234

text granularity, so a fixed screening threshold is 235

not effective. Second, coreference in news intro- 236

duces high–scoring entities with repeated seman- 237

tics, which harms the diversity of the keyword set. 238

To optimize relevance and diversity under these 239

constraints, We propose an improved MMR (Car- 240

bonell and Goldstein, 1998) algorithm, namely 241

Salience-Calibrated MMR (SC-MMR). At the 242
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k-th iteration, SC-MMR evaluates the score of a243

candidate entity Ui by244

MMR(Ui) = λkShier(Ui)− (1− λk) max
Uj∈Uselected

S(Ui, Uj),

(4a)

245

S(Ui, Uj) =
vUi · vUj

∥vUi∥ ∥vUj∥
. (4b)246

The key innovation of SC-MMR is to introduce a247

weight schedule λk that changes with the number248

of selected keywords k, so that the focus gradually249

shifts from relevance to diversity. We adopt an250

annealing schedule with a lower bound:251

λk = max(λmin, λmax − exp(α · k − β)). (5)252

This form ensures that λk decreases monotonically253

with k while retaining a non-zero salience weight254

via λmin to prevent the diversity term from fully255

dominating.256

We further introduce a dynamic termination257

rule based on the relative change of the MMR258

score. The iteration continues only when the259

next best candidate U∗
k+1 satisfies MMR(U∗

k+1) >260

γ ·MMR(U∗
k ), where γ is a decay factor. This de-261

sign prevents the decline in entity quality caused262

by diminishing marginal utility.263

3.4 Information Retrieval264

This module uses the keyword set K =265

{k1, k2, . . . , kN} distilled in previous modules to266

build a comprehensive external knowledge base267

E , serving as supplementary context for the subse-268

quent detection stage. We implement a dual source269

retrieval that gathers information from the open270

web and Wikipedia in parallel, ensuring both time-271

liness and authority.272

Retrieval from Open Web. We compose all273

keywords into an aggregated query for the open274

web Qweb with the following logic:275

Qweb =

(
N∧
i=1

ki

)
(6)276

The operator ∧ requires that results relate to all277

keywords, which enables strict cross-keyword veri-278

fication. We explicitly exclude news and wikipedia279

sources. The former avoids retrieving the dupli-280

cate reports to prevent source contamination (Deng281

et al., 2023), and the latter prevents redundancy282

with the subsequent Wikipedia retrieval. For each283

returned page, we only extract its summary and284

search snippet as the raw corpus.285

Retrieval from Wikipedia. The summary sec- 286

tion of a Wikipedia entry usually provides the 287

most precise definition for an entity. However, 288

a single keyword ki often corresponds to multi- 289

ple Wikipedia entries, which introduces semantic 290

ambiguity. We build a context-aware disambigua- 291

tion mechanism that uses the original local context 292

C(Ui) of keyword ki in the news text to perform 293

accurate matching. 294

When Wikipedia returns a list with M candidate 295

senses O(ki) = {o1, o2, . . . , oM}, the mechanism 296

examines each candidate om. It constructs a tem- 297

porary modified context C(Ui ← om) by replacing 298

the original entity Ui with the description text of 299

om. The optimal sense o∗i of Ui is defined as the op- 300

tion that maximizes the cosine similarity between 301

the vector of the original context and the vector of 302

the modified context: 303

o∗i = argmax
om∈O(ki)

vC(Ui) · vC(Ui←om)

∥vC(Ui)∥∥vC(Ui←om)∥
. (7) 304

where v denotes the context vectors embedded by 305

the pretrained SBERTMSBERT. After identifying 306

the unique entry, we extract the first 3 sentences of 307

its summary as supplementary material. 308

4 Stage 2: Multi-LLM Interaction 309

The external information provided by entity-guided 310

retrieval and the prior knowledge of LLMs builds 311

a Multi-Source Information Matrix. This stage 312

employs a dual-state multi-LLM system that fully 313

exploits this matrix to perform parallel and multi- 314

perspective content reasoning and claim verifica- 315

tion, which are finally aggregated to reach a robust 316

and interpretable judgment. 317

This stage operates in two orthogonal interac- 318

tion states. LLM Collaboration performs parallel 319

analyses across multiple agents to reduce inferen- 320

tial variance. LLM Debate and Judgment intro- 321

duces an adversarial debate to reduce systemic bias. 322

These two states form a complete reasoning chain 323

from mining divergent evidences to making a con- 324

vergent judgment. 325

4.1 LLM Collaboration 326

LLM Collaboration state aims to reduce inferential 327

variance. Through parallel analysis by multiple 328

agents, it transforms Multi-Source Information 329

Matrix from the previous stage into a structured 330

evidence pool, which provides a stable decision 331

basis for the subsequent adversarial debate. As 332

illustrated in Figure 2, the matrix systematically 333
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integrates 4 information sources that are orthogonal334

and complementary in evidence distribution:335

• In-news Information: Comes from the original336

text of the target news and provides the basic337

core content.338

• Out-of-news Information: Comes from Open339

Web retrieval and provides the most timely340

and broadest materials.341

• LLM internal Knowledge: Comes from the342

model’s prior knowledge and provides gener-343

alized common sense.344

• LLM external Knowledge: Comes from345

Wikipedia retrieval and provides the most pre-346

cise summary for the core entities.347

The subsequent analysis decomposes the tasks348

and assigns them to agents with distinct roles, so349

that each agent focuses on a specific quadrant of350

the matrix for specialized processing.351

Expert

Claim
Extractor

Claim
Verifier

Linguist

LLM Internal Knowledge

(prior knowledge)

In-news Information

(news text)

Out-of-news Information

(Open Web)

LLM External Knowledge

(Wikipedia)

Figure 2: The diagram of Multi-Source Information
Matrix and the quadrants used by LLM agents.

4.1.1 Linguist352

Following prior studies (Shahid et al., 2022)(Zhou353

and Zafarani, 2018), the linguist agent is designed354

to systematically divide the text into 5 linguistic355

dimensions that are strongly associated with misin-356

formation:357

• Sentence: Lexical complexity, sentence358

length, and formality of tone.359

• Word: Frequency of superlatives, affective lan-360

guage, and pronoun distribution.361

• Grammar: Patterns of reported speech, pas-362

sive voice, and negation.363

• Emotion: Affective terms in the text and the364

headline, and the degree of incendiary tone.365

• Information Quality: Presence of clickbait,366

information overload, or context mismatch.367

To maintain objective independence, each dimen- 368

sion is evaluated in an isolated session. For each 369

dimension, LLM explicitly indicates whether it re- 370

flects the news is real or fake. It uses 2 quadrants 371

of Multi-source Information Matrix: LLM internal 372

knowledge and in-news information. 373

4.1.2 Domain-Specific Expert 374

It operates in a dynamic and adaptive manner. The 375

system first identifies the most relevant domain 376

from the news text and assigns the agent a precise 377

expert role, such as “economist” or “journalist”. 378

The expert with this role then analyses along the 379

following 2 dimensions: 380

• Knowledge Concordance: Examine all claims, 381

viewpoints, and details for sound reasoning; 382

identify departures from common sense. 383

• Logical Integrity: Examine argument-to- 384

conclusion coherence with domain-specific 385

common sense; identify logical errors or un- 386

supported leaps. 387

It uses 3 quadrants of Multi-source Information 388

Matrix: in-news information, LLM internal knowl- 389

edge, and LLM external knowledge. 390

4.1.3 Claim Verification 391

Existing research (Niu et al., 2024) demonstrates 392

that claim-based fact checking effectively serves as 393

a reference for LLM-based detection. In our sys- 394

tem, a serial pipeline composed of Claim Extrac- 395

tor and Claim Verifier deconstructs and verifies 396

factual claims in the news text. These 2 agents use 397

3 quadrants of Multi-source Information Matrix: 398

LLM internal knowledge, in-news information, and 399

out-of-news information from Open Web. 400

Claim Extractor.Mextractor agent converts un- 401

structured news text T into a set of verifiable struc- 402

tured claims. Its function is formalized as follows: 403

Mextractor(T )→ {qcore, {qsub1 , . . . , qsubm}} (8) 404

where qcore is the core claim that determines the 405

veracity of the news, and qsub is a collection of 406

supporting subclaims. All outputs are restated as 407

concise and objective declarative sentences. 408

Claim Verifier. This agent verifies each claim q 409

independently. To ensure precision and control cost 410

(Purwar et al., 2024), a simple retrieval augmented 411

generation (RAG) (Lewis et al., 2020) is imple- 412

mented to build a highly relevant context Crel(q) 413

for each q from the Open Web corpus Iweb. 414
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The context consists of text chunks cj whose415

cosine similarity with the claim representation vq416

exceeds a threshold θsim:417

Crel(q) = {cj ∈ top-k(Iweb, q) |
vq · vcj

∥vq∥∥vcj∥
≥ θsim}. (9)418

All decisions are strictly based on Crel(q). The419

final output includes a clear label (“Supports”, “Re-420

futes”, or “Not Enough Information”), a brief rea-421

soning, and evidence directly quoted from Crel(q)422

for suppressing hallucinations.423

4.2 LLM Debate and Judgment424

LLM Debate and Judgment state aims to suppress425

systemic bias. We introduce a multi-round adver-426

sarial debate framework that forces LLMs to ex-427

plore both supporting and refuting views of the428

truthfulness of news equally. This design directly429

mitigates the thought degeneration (DoT) (Liang430

et al., 2023) phenomenon that often appears in a431

single linear reasoning chain.432

Algorithm 1. Dynamic Adversarial Debate
Input: E: The complete evidence pool
Output: D: The final decision {Real,Fake}
H← ∅; Acon ← null; D ← Insufficient
while D = Insufficient do

Apro ←Mpro.GenerateArgument(E, Acon)
Acon ←Mcon.GenerateArgument(E, Apro)
H← H ∪ {(Apro, Acon)}
D ← Judge.Assess(H)

return D

As shown in Algorithm 1, a pair of debate agents433

Mpro andMcon act as opposing reasoners based434

on the evidence pool E. In each round, the active435

debater first rebuts the opponent’s last argument436

and then presents a new argument. After each ex-437

change, a judge agent evaluates the debate history438

H and outputs a ternary judgment D.439

This dynamic termination mechanism ensures440

that the debate stops once the information is suffi-441

cient for decision, effectively balancing the depth442

and efficiency of reasoning. The debate history H443

provides a traceable reasoning chain composed of444

pro. and con. arguments, making the final judg-445

ment highly interpretable.446

5 Experiment447

5.1 Experimental Setting448

Datasets. Following previous state-of-the-art work449

(Liu et al., 2024), our experiments are conducted450

on two widely recognized fake news datasets: Gos- 451

sipCop and PolitiFact (Shu et al., 2020). Gossip- 452

Cop focuses on entertainment, mainly Hollywood 453

celebrity news; PolitiFact focuses on politics, draw- 454

ing on fact-checks of U.S. political figures. Con- 455

sidering that some links in the initial dataset have 456

become invalid, we adopt the available version pub- 457

licly re-released in (Su et al., 2023). 458

Metrics. We use accuracy and macro F1-score 459

as evaluation metrics. F1-score is less affected by 460

data imbalance, so it serves as the primary metric 461

for assessment. 462

Baselines. We incorporate two groups of base- 463

lines. The first group includes advanced few-shot 464

methods: PSM (Ni et al., 2020), MDFEND (Nan 465

et al., 2021), ARG (Hu et al., 2024b), PSM (Ni 466

et al., 2020), DKFND (Liu et al., 2024), and KPL 467

(Jiang et al., 2022), with reliable metrics from the 468

existing works (Jin et al., 2024; Hu et al., 2024c; 469

Liu et al., 2024). The second group consists of 470

representative zero-shot methods for comparison: 471

Auto-CoT (Zhang et al., 2022), ReAct (Yao et al., 472

2023) equipped with a search API, HiSS (Zhang 473

and Gao, 2023) , Web Retrieval Agents (Tian et al., 474

2024) and FactAgent (Li et al., 2024b) . 475

We implement ZoFia based on DeepSeek-V3 476

(DeepSeek-AI, 2024) and GPT-4o-mini (OpenAI, 477

2024), and compare it with only-LLM inference. 478

All other LLM-based zero-shot methods are based 479

on DeepSeek-V3. 480

Implementation details. We set the dynamic 481

threshold of entity extraction as λinit = 0.8 and 482

∆λ = 0.1 and the decay factor of MMR as γ = 0.5. 483

The maximum entries for Open Web retrieval is 484

10; for Wikipedia, we retrieve the first 3 sentences 485

for each entry. The minimum similarity thresh- 486

old for claim extraction is θsim = 0.1. The NER 487

model is selected as dslim/bert-base-NER (Tjong 488

Kim Sang and De Meulder, 2003), and the SBERT 489

model is selected as all-MiniLM-L6-v2 (Reimers and 490

Gurevych, 2019). For all based LLM, we set the 491

temperature to 0. 492

Brave API2 is selected as Open web retrieval 493

API. We set the search cutoff date to the day before 494

the publication date of each sample URL to strictly 495

prevent label information leakage. 496

5.2 Main Experiment 497

ZoFia demonstrates exceptional performance on 498

both datasets as shown in Table 1, consistently out- 499

2https://brave.com/search/api/
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Table 1: Accuracy (Acc.) and F1-score (F1) comparison of few-shot / zero-shot methods on PolitiFact and
GossipCop. The bold and underlined denote the best and second-best performance.

Category Method LLM Usage PolitiFact GossipCop

Accuracy F1-Score Accuracy F1-Score

Few-shot

PSM (Nan et al., 2021) Non-LLM 70.00 49.15 77.44 41.73
MDFEND (Nan et al., 2021) Non-LLM 65.50 62.30 41.27 40.20

KPL (Jiang et al., 2022) Non-LLM 58.33 60.40 42.71 42.08

ARG (Hu et al., 2024b) LLM-assisted 74.00 67.16 61.41 42.32
DKFND (Liu et al., 2024) LLM-assisted 87.00 82.43 82.37 55.22

Zero-shot

Auto-CoT (Zhang et al., 2022) LLM-based 89.65 73.67 60.01 48.15
ReAct (Search API) (Yao et al., 2023) LLM-based 74.73 67.64 74.03 47.30

HiSS (Zhang and Gao, 2023) LLM-based 64.82 56.80 68.81 40.40
Web Retrieval Agents (Tian et al., 2024) LLM-based 77.83 64.88 66.62 46.54

FactAgent (Li et al., 2024b) LLM-based 80.59 70.06 73.80 56.22

DeepSeek-v3 (DeepSeek-AI, 2024) Only-LLM 78.99 40.24 61.03 28.17
GPT-4o-mini (OpenAI, 2024) Only-LLM 73.58 41.66 66.73 33.18

ZoFia (DeepSeek-v3) LLM-based 91.52 87.88 79.04 62.22
ZoFia (GPT-4o-mini) LLM-based 75.28 75.19 68.90 56.20

performing existing zero-shot and few-shot base-500

lines. On the fact-intensive PolitiFact dataset,501

ZoFia’s advantages are particularly pronounced,502

with its accuracy (91.5%) and F1-score (87.9%)503

not only far exceeding other zero-shot methods but504

also surpassing all few-shot baselines by a substan-505

tial performance margin.506

The detection task on the GossipCop dataset507

presents greater challenges, as its content often508

proves difficult to verify due to subjectivity and509

factual ambiguity. In this scenario, ZoFia achieves510

the highest F1-score (61.2%), surpassing all base-511

line models. Although DKFND attains slightly512

higher accuracy, its F1-score is notably lower. In513

contrast, ZoFia’s superior F1-score demonstrates514

more balanced and robust detection performance515

across both true and fake news categories while516

maintaining high precision.517

The results clearly show that as a zero-shot518

method, ZoFia consistently outperforms all zero-519

shot baselines and even most few-shot methods.520

Compared to only-LLM inference, ZoFia provides521

stable and substantial performance gains, demon-522

strating the superiority of its architecture.523

5.3 Ablation Study524

To assess the influence of each component in ZoFia,525

we conduct extensive ablation on the GossipCop526

dataset. As shown in Table 2, removing Open Web527

retrieval causes a marked decline, which demon-528

strates the importance of instant external evidence.529

Performance decreases further when all retrieval530

sources are removed. For LLM collaboration, re-531

moving the linguist or expert weakens the frame- 532

work. The expert contributes more, with a 3.9% 533

drop in F1-Score. Moreover, removing both causes 534

cumulative degradation. Removing the debate re- 535

duces the F1-Score by 2.0%, demonstrating its role 536

in suppressing single-perspective bias. 537

Table 2: Results of ablation study on GossipCop

Component Accuracy F1-Score

ZoFia (DeepSeek-v3) 79.04 62.22

w/o Wikipedia retrieval 77.67 59.90
w/o Open Web retrieval 71.71 58.14
w/o all retrievals 71.37 58.26
w/o linguist analysis 77.86 58.87
w/o expert analysis 76.77 57.32
w/o all analyses 73.51 57.90
w/o claim verification 79.23 60.50
w/o debate 75.01 59.16

5.4 Effectiveness of Entity-Guided Retrieval 538

To verify the effectiveness of the keyword extrac- 539

tion module in ZoFia, we compare it with several 540

representative methods. As shown in Figure 3, re- 541

placing our keyword extraction module with the 542

classic TF-IDF (Sparck Jones, 1972) algorithm low- 543

ers the F1-Score by 9.1%. This finding emphasizes 544

the need for semantic-based Hierarchical Salience. 545

We also evaluate Sentence Salience (Bullough et al., 546

2024) strategy, which retrieves a full sentence. The 547

result shows an extreme imbalance: high Accuracy 548

with low F1-Score. The reason is that using sen- 549

tences as queries tends to retrieve pages that are 550

highly similar to the original news. This source con- 551
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tamination (Deng et al., 2023) induces confirmation552

bias in LLM agents. The LLM-based promptNER553

(Ashok and Lipton, 2023) cannot quantitatively554

evaluate the importance of each entity, so its per-555

formance gain is also inferior to ZoFia’s extractor.556
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Figure 3: Performance comparison of ZoFia’s keyword
extraction with other extraction methods.

5.5 Sensitivity Analysis of SC-MMR557

To motivate the design of the dynamic weight λk,558

we first conduct an experiment with the weight559

fixed at λ = 0.5 to observe the direct impact of560

the keyword count k on performance. As shown in561

Figure 4, the F1-Score remains stable when k ≤ 6562

but drops sharply beyond this point.563
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Figure 4: The effect of the number of keywords k on
performance (F1-Score).

This phenomenon reveals an inflection point,564

where the number of keywords exceeds 6, the risk565

of introducing noise and redundancy begins to out-566

weigh the benefits of new information. It suggests567

that the strategic focus must shift from relevance to568

diversity near the critical inflection point of k ≈ 6.569

Consequently, we adopt the annealing schedule570

form defined in Equation 5 and determine its pa-571

rameters as α = 0.3 and β = 2.5 to fit this down-572

ward trend.573

5.6 Efficiency of Token Utilization574

To investigate ZoFia’s reasoning efficiency, a con-575

trolled comparison experiment is conducted. We576

provide CoT (Wei et al., 2022), FactAgent (Li et al., 577

2024b), and ZoFia with the same materials and im- 578

pose a unified limit on output tokens to evaluate 579

their performance. Since ZoFia cannot complete 580

full reasoning below 400 tokens, we set its evalua- 581

tion range to 400 tokens and above. 582

200 400 600 800 1000 1200
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45
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51

54

57

60

F1
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re
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ZoFia

Figure 5: Performance (F1-Score) comparison of meth-
ods under maximum output token limits.

The results are shown in Figure 5. At all budget 583

points above 400 tokens, ZoFia achieves a clearly 584

higher F1-score than other baseline methods, which 585

demonstrates high reasoning efficiency. In contrast 586

to CoT and FactAgent, whose performance are sat- 587

urated after around 600 tokens, ZoFia show a stable 588

upward trend even at 1200 tokens. This indicates 589

that ZoFia can consistently convert tokens into per- 590

formance gains within an acceptable budget. 591

Note that this experiment only constrains output 592

tokens, because prompt caching (Gim et al., 2024) 593

can extensively amortize input overhead, making 594

output cost more critical for efficiency. 595

6 Conclusion 596

In this paper, we propose ZoFia, a retrieval- 597

augmented multi-agent zero-shot framework for 598

fake news detection, to address the cognitive con- 599

flict of a single LLM between content reasoning 600

and fact checking. It first utilizes our novel Hierar- 601

chical Salience and Salience-Calibrated Minimum 602

Marginal Relevance (SC-MMR) algorithm to accu- 603

rately extract core entities from news text, which 604

then guide dual-source retrieval from Open Web 605

and Wikipedia. Next, the multi-agent system con- 606

ducts analysis and verification in parallel and make 607

a final verdict via adversarial debate. This process 608

effectively reduces confirmation bias from a single 609

reasoning perspective and ensures robust and ex- 610

plainable results. Comprehensive experiments on 611

two public datasets show that ZoFia outperforms 612

existing zero-shot baselines in both performance 613

and efficiency. 614
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Limitations615

Though ZoFia show strong detection capacities, its616

application and evaluation face multiple constraints.617

Due to copyright and privacy concerns, there has618

been a recent lack of high-quality, and continuously619

updated public datasets. It prevents us from evalu-620

ating ZoFia on the most recent news. Building the621

next generation of benchmark datasets that meet622

ethical standards and reflect real-world information623

dynamics is a critical step in this field.624

The efficiency of using external retrieval can also625

be improved. Since it is not our main focus, we626

integrate only a lightweight retrieval augmented627

generation (RAG) module in claim verification. Fu-628

ture work that adopts more advanced RAG architec-629

tures, such as re-ranking model and more advanced630

mechanism, may further strengthen the exploita-631

tion of external knowledge. We plan to conduct632

more comprehensive experimental benchmark eval-633

uation over the detection capabilities of LLMs and634

Multi-agent system for fake news (Guo et al., 2025;635

Kuntur et al., 2024; Jiang et al., 2024).636

ZoFia currently focuses on the text modality.637

Modern misinformation increasingly appears in638

multi-modal form that combines images and text.639

Extending ZoFia to the multimodal domain has640

strong potential. One direction is to introduce vi-641

sion language models (VLMs) as a dedicated visual642

expert. Another is to study how different modali-643

ties interact during the debate process to achieve644

effective fusion.645
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A Implementation Details 905

A.1 Entity Extracton 906

The goal of entity extraction is to provide a stable 907

set of semantic anchors for subsequent retrieval. To 908

prevent retrieval link failures caused by entity spar- 909

sity or confidence distribution shifts, we introduce 910

dynamic confidence threshold filtering after extrac- 911

tion, maintaining a controllable balance between 912

the quality and usability of the entity set. 913

Algorithm 2 details the implementation of this 914

process. The inputs are the news text T , the Named 915

Entity Recognition (NER) modelMNER, an initial 916

threshold τ0, and a threshold decay step ∆. The 917

output is the filtered entity set Esel. The algorithm 918

first runs NER on the full text to obtain the raw 919

entity set Eraw =MNER(T ), where each entity e 920

comes with a model confidence score e.ner_score 921

that characterizes the reliability of the entity bound- 922

ary and type prediction. If Eraw is empty, the algo- 923

rithm directly returns an empty set. This indicates 924

that the text lacks identifiable entity signals or the 925

model cannot provide reliable predictions, in which 926

case the retrieval stage should degrade to coarser- 927

grained information clues or skip the entity-guided 928

strategy. 929

When Eraw is not empty, the algorithm em- 930

ploys dynamic threshold filtering to construct Esel. 931
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Specifically, it starts with a high initial threshold τ0932

and retains only entities satisfying e.ner_score ≥ τ ,933

prioritizing entity quality and precision. If Esel re-934

mains empty under the current threshold, the thresh-935

old decreases stepwise by ∆ until the system se-936

lects at least one entity or the threshold drops to937

a lower bound of 0.1. This mechanism reflects a938

clear constraint: entity extraction must provide a939

non-empty semantic entry point for subsequent re-940

trieval; otherwise, retrieval degenerates into anchor-941

less generalized queries. Meanwhile, the lower942

bound threshold 0.1 prevents the uncontrolled in-943

troduction of low-confidence noisy entities, thereby944

maintaining a baseline quality while ensuring us-945

ability.946

Dynamic threshold filtering transforms entity se-947

lection from a fixed hyperparameter setting into948

a sample-adaptive process. This enables the sys-949

tem to cover both entity-dense and entity-sparse950

news narratives, providing a stable candidate foun-951

dation for subsequent Hierarchical Salience and952

SC-MMR.953

Algorithm 2. Entity Extraction and Dynamic-
Threshold Filtering

Input: T : News text;
MNER: NER model;
τ0: Initial confidence threshold;
∆: Threshold decay step
Output: Esel: Selected entity set
Eraw ←MNER(T )
if Eraw = ∅ then

return ∅
τ ← τ0; Esel ← ∅
while Esel = ∅ ∧ τ ≥ 0.1 do
Esel ← {e ∈ Eraw | e.ner_score ≥ τ}
τ ← τ −∆

return Esel

A.2 SC-MMR Algorithm954

A larger set of query keywords is not necessarily955

better, as it defines the boundary of the external956

evidence space. SC-MMR is designed to select a957

set of core entities that are sufficiently informative958

yet minimally redundant within a limited scale,959

which makes subsequent retrieval more stable and960

controllable.961

Algorithm 3 presents the complete procedure962

of SC-MMR. The input is a mapping from enti-963

ties to Hierarchical Salience scores D : {Ui 7→964

SHier(Ui)}, and a model MSBERT for calculating965

entity vector representations. The output is the fi-966

nal selected entity set Uselected. The algorithm first967

performs one-time pre-processing on the candidate 968

entity set U = keys(D). It uses MSBERT to encode 969

each entity into a vector and constructs a pairwise 970

similarity matrix Msim, where Msim[i, j] measures 971

the semantic proximity between entities Ui and 972

Uj . Pre-computing this matrix moves repetitive 973

similarity calculations out of the iterative loop, so 974

subsequent rounds only require table look-ups and 975

maximum value operations. 976

The algorithm then enters the selection process.
It first selects the entity with the highest salience
score D[Ui] from the candidate set Ucandidate as the
seed U∗ and adds it to Uselected. This initialization
ensures the first step is entirely driven by relevance.
It then enters a ‘while‘ loop, where the goal of each
round is to find the entity among the remaining
candidates that yields the highest combined score
of relevance and diversity. For any candidate Ui,
the algorithm first calculates:

simmax = max
Uj∈Uselected

Msim[i, j],

which represents the similarity between the can-
didate and the most similar entity in the current
selected set, indicating the maximum redundancy
that adding Ui might introduce. Subsequently, it
scores the candidate using:

MMRcurr = λk ·D[Ui]− (1− λk) · simmax

Here, λk is a weight schedule that varies with the 977

number of selected entities k = |Uselected|, with a 978

lower bound of 0.1. Intuitively, a larger λk at small 979

k favors high-salience core entities to ensure factual 980

coverage. As k increases, λk gradually decreases 981

to strengthen the diversity penalty. This suppresses 982

the repetitive inclusion of coreferential or semanti- 983

cally close entities, thereby mitigating query drift 984

caused by keyword inflation. Each round iterates 985

through Ucandidate to obtain the global optimal Ubest 986

and MMRbest as the best incremental choice. 987

The algorithm does not fix the number of out- 988

put keywords but adaptively stops via a relative 989

change termination criterion. Let the optimal score 990

adopted in the previous round be MMR∗
prev. If 991

the current round’s MMRbest ≤ γ · MMR∗
prev, 992

the system considers the marginal gain signifi- 993

cantly decayed. Since continuing to add new key- 994

words is likely to introduce noise and redundancy, 995

the loop terminates early. Otherwise, it updates 996

MMR∗
prev ← MMRbest, adds Ubest to Uselected, and 997

removes the entity from Ucandidate. The finally re- 998

turned Uselected thus reflects three properties: early 999
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stages prioritize salience for key coverage, later1000

stages use diversity penalties to suppress redun-1001

dancy, and the termination rule automatically trun-1002

cates the set size when marginal utility declines.1003

Algorithm 3. Salience-Calibrated Maximal
Marginal Relevance (SC-MMR)

Input: D : {Ui → SHier(Ui)}: Mapping from entity
to its salience score;

MSBERT: SBERT encoder for entity embeddings;
γ: Decay factor for termination criterion
Output: Uselected: Final set of selected entities
U ← keys(D); V← {MSBERT(Ui) | ∀Ui ∈ U}
Compute pairwise similarity matrix Msim from V
if Ucandidate = ∅ then

return Uselected

U∗ ← argmaxUi∈Ucandidate
D[Ui]

Uselected ← {U∗}; Ucandidate ← U \ {U∗}
MMR∗prev ← 1.0
while Ucandidate ̸= ∅ do

k ← |Uselected|
λk ← max(0.1 , 1.0− e0.3k−2.5)
MMRbest ← −∞; Ubest ← null
foreach Ui ∈ Ucandidate do

simmax ← maxUj∈Uselected Msim[i, j]
MMRcurr ← λk · D[Ui]− (1− λk) · simmax

if MMRcurr > MMRbest then
MMRbest ← MMRcurr; Ubest ← Ui

if MMRbest ≤ γ ·MMR∗prev then
break

MMR∗prev ← MMRbest
Uselected ← Uselected ∪ {Ubest}
Ucandidate ← Ucandidate \ {Ubest}

return Uselected

A.3 Prompt of Linguist1004

## Role
You are a linguistic analyst for a news

channel, tasked with profiling articles
to help detect fake news.

## Instruction
You should analyze the provided news text

against the following linguistic
features of fake news:

1. **Sentence:** Longer sentences, simple
words, and a more informal tone (e.g.,
expletives).

2. **Word:** More superlatives, emotional or
vague language, with fewer reporting
verbs and 1st/2nd-person pronouns.

3. **Grammar:** Frequent use of reported
speech, passive voice, and negation.
Paraphrasing is less common.

4. **Emotion:** A higher ratio of emotional
words. Headlines are often sensational
and designed to provoke readers.

5. **Information Quality:** Information
overload or deficit, mismatched context,
and more clickbait patterns.

1005

## Expectation
- When I input a feature name (e.g., `

Grammar`), you will provide your
analysis about this feature.

- Your output MUST be a single, direct
analytical paragraph without any
formatting, LIMITED to 25 words.

1006

A.4 Prompt of Expert 1007

## Role
As a professional and renowned {expert_role},

you are fact-checking a news article.

## Instruction
Identify all sentences that can

significantly affect the truthfulness of
news, and analyze the news from the

following 2 aspects:
1. **Knowledge Concordance:** Analyze the

rationality of all factual claims,
viewpoints and details in the news text.
Identify any content that deviates from
common sense or exhibits sensationalism

.
2. **Logical Integrity:** Analyze the

coherence of the article's arguments and
conclusions based on your field's

reasoning principles. Identify any
logical fallacies or unsupported
inferences.

Information from Wikipedia explains the key
entities in the news. (For reference
only, not necessarily relevant)

## Expectation
- Your output must be an unordered list (2

items), LIMITED to 100 words.
- DO NOT fabricate any information. All

analyses must be based on the provided
text.

1008

A.5 Prompt of Claim Extractor 1009

## Role
You are a news fact-checker tasked with

summarizing all factual claims within an
article for subsequent verification.

## Instruction
Carefully read and analyze the provided news

article sentence by sentence. Identify
its core claim (directly determines the
truthfulness of the news) and all
supporting sub-claims (strongly related
to the core claim). Paraphrase each
claim into a concise, objective, and
declarative sentence.

If multiple claims are strongly related,
merge them into a single claim. Do not
use pronouns in the claim; replace all
pronouns with explicit nouns.

1010
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## Expectation
- Output 2-4 sub-claims most relevant to the

core claim.
- DO NOT fabricate any claims. All claims

must originate from the provided text.

1011

A.6 Prompt of Claim Verifier1012

## Role
You are a professional news fact-checker

skilled at logical reasoning and text
analysis.

## Instruction
Your primary task is to fact-check a given

claim based on the provided web
information.

The system has extracted the most relevant
sentences from web information via RAG.
Assume the web information is reliable
and determine whether the information
sufficiently supports or refutes the
claim.

You must make extremely full use of every
piece of extracted information.

## Expectation
- DO NOT fabricate any claims. All contents

must originate from the provided text.

1013

A.7 Prompt of Debater1014

## Role
You are an extremely cautious and logically

rigorous final judge. Your only task is
to determine when sufficient evidence
has been presented to make a final
ruling (real or fake) in a debate about
the truthfulness of news.

## Instruction
You argue that the news is <REAL/FAKE>. Find

out all the most persuasive supporting
evidences from the above provided text,
and then back it up with concise reasons
.

You'll receive evidences and reasons from
opposing debaters in the subsequent chat
. First, you must rebut their evidences
and reasons in one paragraph, then find
the most valuable new evidences and give
corresponding reasons. The evidence
consists of a generalized statement
summarizing specific content from the
provided text, and you must explicitly
indicate which material it comes from.

## Expectation
DO NOT fabricate any information. All

analyses must be based on the provided
text.

1015

A.8 Prompt of Judge 1016

## Role
You are an extremely cautious and logically

rigorous final judge. Your only task is
to determine when sufficient evidence
has been presented to make a final
ruling (real or fake) in a debate about
the truthfulness of news.

## Instruction
You are moderating a debate on the

authenticity of a news article. The two
opposing sides (Pro/Con: arguing the
news is real/fake) have already engaged
in several rounds of debate.

Now, you must review the existing debate
record to assess whether there is
sufficient evidence to end the debate.
If there is, you will make a final
judgment (real or fake); otherwise,
instruct the debate to continue.

Each received message is regarded as a
debate round. Make the debate rounds as
many as possible, but no more than 5.

## Expectation
Respond with the most accurate option below:

R: Real
F: Fake
I: Continue

Just one character, don't output any other
content or explanations. Do nothing else
.

Output R or F only if you are quite
confident.

1017
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