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Abstract001

Propagation structures provide crucial evidence002
for fake news detection, yet existing approaches003
primarily rely on supervised GNN-based mod-004
els, which require substantial labeled data and005
exhibit limited generalization. Although large006
language models (LLMs) exhibit strong reason-007
ing capabilities, they struggle to directly exploit008
propagation graphs and remain unreliable for009
zero-shot and few-shot fake news detection. To010
bridge this gap, we propose MAGER, a multi-011
agent genetic evolution framework for meta-012
path discovery with reasoning guidance, en-013
abling frozen LLMs to incorporate propagation014
structures for veracity assessment. We further015
introduce a graph in-context learning strategy016
to retrieve both semantic and structurally sim-017
ilar demonstrations to enhance LLM’s classi-018
fication and reasoning ability. Extensive ex-019
periments show that MAGER significantly en-020
hances LLMs as standalone fake news detectors021
in a data-efficient setting.022

1 Introduction023

With the rapid development of social media plat-024

forms, the proliferation of misinformation has be-025

come increasingly severe, highlighting the need026

for effective models to detect fake news (Zhang027

et al., 2024a). Traditional deep learning methods028

primarily rely on small language models (SLMs,029

e.g., BERT (Devlin et al., 2018)) to extract features030

from textual content, or on graph neural networks031

(GNNs) (Scarselli et al., 2008) to model propaga-032

tion paths in social networks for classification.033

Although these traditional methods perform well034

on specific datasets, they suffer from two critical035

limitations: a strong reliance on labeled data for036

training and poor generalization ability, which pre-037

vent them from adapting to the constantly evolving038

real-world news environment (Zhou et al., 2025).039

This motivates the need for detection methods that040

remain reliable without continuous supervised up-041

Method Training Paradigm Drawback

(a) The comparison between current detection methods.

GNN-based SLM Static
Meta-path

Generalization: Low

Annotation: High

Interpretability: Low

LLM+SLM 
Methods

LLM

Augmentation Generalization: Low

Annotation: High

Interpretability: Medium

Generalization: High

Annotation: Low

Accuracy: Low
News 

Content 

LLM as 
Detector Prediction

Generalization: High

Accuracy: High

Interpretability: High

Annotation: Low

(b) The proposed MAGER framework for meta-path discovery.

initial meta-path Genetic Evolutionary Alg.

Optimal meta-path 
population 

Propagation 
Graph

Frozen LLMSubgraph 
Extraction

Real Fake

Propagation 
Graph

GNN

SLM

News Content 

LLM

Figure 1: Overview of detection paradigms.

dates. Large language models (LLMs) naturally ap- 042

pear to be promising candidates due to their broad 043

generalization abilities across NLP tasks (Naveed 044

et al., 2025). However, prior studies show that 045

LLMs perform poorly in zero-shot and few-shot 046

fake news detection (Hu et al., 2024). Most exist- 047

ing pipelines therefore use LLMs only as auxiliary 048

tools for SLMs, such as for data augmentation, 049

rather than as standalone detectors (Zheng et al., 050

2025; Nan et al., 2024). Yet such pipelines still 051

follow a supervised paradigm centered on a trained 052

classifier, leaving open the key question of how to 053

directly enable LLMs to assess the veracity of news 054

without training. 055

We argue that the weakness of standalone LLM- 056

based detectors stems not from a lack of reason- 057
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ing capability, but from the absence of structural058

signals crucial for veracity assessment. In real-059

world scenarios, propagation dynamics involving060

user interactions and temporal patterns often re-061

veal stronger credibility cues than content alone,062

as evidenced by the success of GNN-based meth-063

ods (Su et al., 2025). This motivates us to inject064

propagation information into LLMs so that their la-065

tent reasoning capabilities can be more effectively066

activated for veracity assessment. However, two067

major challenges arise: (i) LLMs operate over se-068

quential text, while propagation graphs represent069

relational structures, creating a significant modal-070

ity mismatch; (ii) real-world propagation paths are071

often long and noisy, leading to information over-072

load that overwhelms LLMs and obscures crucial073

structural cues for veracity assessment.074

A meta-path specifies a semantic relational pat-075

tern in a heterogeneous propagation graph and has076

been widely used in prior fake news detection mod-077

els to extract subgraphs for training GNN-based078

classifiers (Zhang et al., 2024a; Cui et al., 2022).079

For our setting, meta-paths offer two key advan-080

tages: First, they transform relational propagation081

structures into linear, interpretable sequences that082

LLMs can directly process. Second, they condense083

large and noisy propagation graphs into compact,084

task-relevant evidence, reducing distraction from085

irrelevant diffusion segments. However, prior meth-086

ods typically rely on manually specified meta-paths087

to extract subgraphs, which fixes the structural pat-088

terns in advance. Such handcrafted meta-paths are089

inherently limited: they reflect human intuition090

rather than task-specific evidence, and may over-091

look structural cues that are most critical for LLMs092

to reason about veracity.093

To overcome the above limitations, we propose094

a multi-agent evolutionary framework inspired by095

genetic algorithms (Holland, 1992) to automati-096

cally discover meta-paths that are most suitable for097

LLM-based fake news detection, dubbed MAGER.098

MAGER coordinates several LLM agents with099

complementary roles: an augmentation agent en-100

riches the propagation graph with fine-grained se-101

mantic schema to expand the meta-path search102

space, a generation agent proposes candidate meta-103

path structures, a detection agent performs veracity104

classification on the resulting subgraphs, and a rea-105

soning evaluation agent assesses the coherence and106

quality of the detector’s explanations. Through it-107

erative feedback on both predictive outcomes and108

reasoning soundness, the system progressively re-109

fines the meta-paths toward patterns that better 110

align with how LLMs interpret propagation signals. 111

In addition, we propose a graph-based in-context 112

learning strategy to further enhance the discrimina- 113

tor’s ability to utilize structural information during 114

classification. 115

In summary, our work offers a new perspec- 116

tive on enhancing LLM-based fake news detection 117

through propagation-aware structural reasoning in 118

a data-efficient setting. Our main contribution are 119

summarized as followed: 120

• We make the first attempt to enable propagation- 121

aware fake news detection with frozen LLMs, 122

where meta-path abstractions explicitly address 123

the challenges of information overload and modal- 124

ity misalignment. 125

• To overcome the limitations of fixed manually 126

designed meta-paths, we propose a multi-agent 127

evolutionary framework inspired by genetic al- 128

gorithms that automatically discovers meta-path 129

structures well aligned with LLM reasoning under 130

limited supervision. 131

• To effectively utilize the evolved meta-paths, we 132

propose a graph-based in-context learning mecha- 133

nism that retrieves demonstrations based on both 134

semantic and structural relevance. 135

• Extensive experiments on three datasets demon- 136

strate that MAGER consistently strengthens 137

LLMs as standalone detectors, outperforming ex- 138

isted methods. 139

2 Related Work 140

2.1 Fake News Detection 141

Fake news detection has been studied through 142

two major paradigms: content-based models and 143

propagation-based models (Wu et al., 2024; Su 144

et al., 2025; Zhu et al., 2024). Content-based 145

approaches rely on textual semantics or stylistic 146

cues, whereas propagation-based methods exploit 147

user–news interaction graphs to capture dissemina- 148

tion patterns (Farhangian et al., 2025). Meta-paths 149

have been widely used in heterogeneous informa- 150

tion networks to encode multi-hop relational se- 151

mantics, enabling GNN-based detectors to model 152

richer graph structures (Zhang et al., 2024a). 153

Recently, LLMs have been explored as detec- 154

tors due to their strong linguistic reasoning abil- 155

ity, yet their zero-shot and few-shot performance 156

remains limited (Zhou et al., 2025; Modzelewski 157

et al., 2025). Although subsequent studies attempt 158

to utilize LLMs as auxiliary knowledge generators 159
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to empower SLMs, these approaches typically re-160

main within supervised learning paradigms (Hu161

et al., 2024; Tong et al., 2025). This underscores162

the imperative to directly enhance the discrimina-163

tive capabilities of frozen LLMs, enabling robust164

detection without extensive retraining.165

2.2 Integrating LLMs with Graphs166

Existing works integrating LLMs with graph data167

fall into two paradigms: graph-enhanced LLMs168

and LLM-enhanced GNNs (Jin et al., 2024). Graph-169

enhanced LLMs incorporate structural signals by170

encoding or prompting graph neighborhoods (Tang171

et al., 2024a,b; He et al., 2025; Ye et al., 2024;172

Huang et al., 2024), but often suffer from informa-173

tion overload on heterogeneous graphs (Li et al.,174

2025). LLM-enhanced GNNs instead use LLMs175

as feature generators or explanation modules while176

keeping GNNs as the main classifier (Yang et al.,177

2025; Zhang et al., 2025). Our work follows178

the graph-enhanced LLM direction but addresses179

the overload and misalignment issues by evolving180

meta-paths that better fit LLM reasoning.181

2.3 Genetic Algorithm182

Genetic Algorithms (GAs) are classical population-183

based optimization methods that evolve candidate184

solutions through selection, crossover, and muta-185

tion guided by a fitness function (Holland, 1992).186

Recent work has explored combining evolution-187

ary algorithms with LLMs to guide search over188

symbolic structures such as prompts, agent con-189

figurations, or code (Yuan et al., 2025; Liu et al.,190

2025). More discussion is in Appendix A.191

3 Problem Formulation192

3.1 Heterogeneous Propagation Graph for193

Fake News Detection194

Fake news detection can be formulated as a veracity195

classification task over propagation graphs. Given196

a news set N = {v1, v2, . . . , vm}, each item vi197

spreads through user interactions and publisher re-198

posts, forming a heterogeneous propagation graph199

Gi = (Vi, Ei, ϕi, ψi), where Vi and Ei denote the200

node and edge sets, and ϕi and ψi map nodes and201

edges to their corresponding types.202

Each news item vi is associated with a veracity203

label yi ∈ {0, 1}. A frozen LLM, denoted as F ,204

serves as the veracity discriminator. It receives both205

the textual content and the structural information206

Gi and outputs a prediction: ŷi = F(vi, Gi).207

3.2 Meta-Path Evolution Objective 208

To effectively incorporate propagation semantics 209

into the LLM, we introduce meta-paths, which 210

define high-order semantic relation patterns over 211

heterogeneous graphs. A meta-path is denoted as: 212

M = A1
R1−−→ A2

R2−−→ · · · Rl−→ Al+1 213

where Aj ∈ A and Rj ∈ R denote node and rela- 214

tion types, respectively. Each meta-pathM induces 215

a subgraph set GM = {G(i)
M }, representing distinct 216

propagation views derived from Gi. We aim to 217

automatically evolve meta-paths that maximize the 218

discriminative capability of the LLM-based detec- 219

tor. Formally, the meta-path evolution objective 220

can be expressed as: 221

M∗ = argmax
M∈S

m∑
i=1

I
(
F(GP

i , vi) = yi
)

(1) 222

where GP
i denotes the propagation subgraph in- 223

duced by meta-pathM , and S denotes the potential 224

space of all feasible meta-path compositions. 225

4 Method 226

To automatically discover meta-path structures that 227

enhance LLM reasoning for fake news detection, 228

we propose a multi-agent genetic evolution frame- 229

work for meta-path discovery with reasoning guid- 230

ance, dubbed MAGER. Inspired by classical ge- 231

netic algorithms (Holland, 1992), MAGER coor- 232

dinates four specialized LLM agents, each respon- 233

sible for a distinct stage of the evolutionary pro- 234

cess. An augmentation agent LA enriches the prop- 235

agation graph with fine-grained semantic schema 236

to expand the meta-path search space, a gener- 237

ator agent LG to generate candidate meta-paths 238

via semantic cross-over and mutation, a detection 239

agent LD to produce veracity predictions along 240

with propagation-aware reasoning traces, and an 241

evaluation agent LE to evaluate the reasoning qual- 242

ity of the detector LD. 243

4.1 Semantic Schema Enrichment 244

Standard propagation graphs typically rely on 245

coarse node and relation types, which restrict the 246

expressiveness of meta-paths and consequently 247

limit the structural search space available for evolu- 248

tion (Wang et al., 2021). To overcome this, we 249

introduce an augmentation agent LA to enrich 250

the graph with fine-grained semantic attributes. 251
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Figure 2: The overall framework of MAGER.

Specifically, LA refines node types by incorpo-252

rating user behavioral (Wang et al., 2024), and253

distinguishes relation types by disentangling in-254

teraction stance and sentiment (Jiang et al., 2024;255

Zhou et al., 2024). These enriched attributes en-256

able meta-paths to capture nuanced propagation257

dynamics. The comprehensive schema definitions258

are detailed in Appendix B.1. Formally, given an259

initial graph G, the agent produces an enriched260

graph G′ = LA(G) = (V,E, ϕ′, ψ′), where ϕ′ and261

ψ′ map elements to the semantically expanded type262

sets, providing structurally grounded evidence for263

subsequent reasoning.264

4.2 Genetic Meta-Path Search265

Identifying effective meta-paths is a discrete, non-266

differentiable optimization problem with a com-267

binatorial search space, rendering gradient-based268

methods inapplicable (Liu et al., 2025). Genetic269

Algorithms (GAs) (Holland, 1992) naturally fit this270

setting by performing global search over symbolic271

structures. GAs evolve a population of candidates,272

enabling the simultaneous exploration of diverse273

reasoning-aligned meta-paths required for LLM.274

Motivated by this, we design a multi-agent LLM275

framework that instantiates the core GA operations:276

selection, variation and fitness evaluation.277

Fitness-Proportional Selection. To prioritize278

high-quality structures, we employ Tournament279

Selection (Fang and Li, 2010). Specifically, we 280

sample a subset from P and select the parent Mp 281

with the highest fitness R(M) (defined in Sec. 4.3), 282

balancing selection pressure and population diver- 283

sity to promote effective structural patterns. 284

Meta-path Generation. Mutation and crossover 285

are two core evolutionary operators in GAs to ex- 286

pand the search space and refine candidate solu- 287

tions (Holland, 1992). The Generator Agent LG 288

generates new candidates M ′ via a probabilistic 289

mechanism governed by Pcross: 290

• Semantic Mutation (Exploitation, 1− Pcross): 291

LG refines a single parent Mp by locally modify- 292

ing attributes: such as specifying a coarse User 293

node into User-Suspicious or differentiating 294

interaction stances. This injects precise semantic 295

constraints into promising structures. 296

• Semantic Crossover (Exploration, Pcross): LG 297

generates a new candidate M ′ by exchanging 298

compatible semantic components between two 299

parents (Mp1,Mp2). Specifically, it swaps the 300

node or edge types at aligned positions (e.g., 301

grafting a User-Suspicious node from Mp1 302

onto the interaction sequence of Mp2). This op- 303

eration recombines distinct structural motifs to 304

explore hybrid propagation patterns without vio- 305

lating topological validity. 306

This genetic search process enables the system- 307

atic exploration of a combinatorial meta-path space, 308
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balancing structural validity with diversity required309

for LLM reasoning.310

4.3 Reasoning-based Fitness Evaluation311

In genetic algorithms, the fitness function quanti-312

fies the utility of each candidate and guides the evo-313

lutionary search toward high-quality solutions. To314

evolve meta-paths that genuinely inform veracity315

judgments rather than encouraging lucky guesses,316

we define a composite fitness function. This func-317

tion assesses candidates on two dimensions: detec-318

tion ability and reasoning quality.319

Graph In-Context Learning for Detection. Tra-320

ditional in-context learning (ICL) retrieves demon-321

strations based solely on textual similarity, ignoring322

propagation dynamics that are crucial for veracity323

assessment. To address this limitation, we intro-324

duce a Graph In-Context Learning (GICL) mecha-325

nism tailored to each candidate meta-path M .326

Given a query news item v, we first instanti-327

ate M on its enriched propagation graph G′
v to328

extract the induced subgraph GM
v . Based on this329

subgraph, we compute a meta-path coverage score330

ρM (v) that quantifies how prevalently pattern M331

appears in the local propagation structure. Each332

candidate example vi is then scored by a meta-path–333

conditioned similarity function s(v, vi |M), which334

jointly considers semantic relevance and structural335

alignment derived from the coverage difference336

|ρM (v) − ρM (vi)|. Notably, this similarity func-337

tion will later be reused to weight meta-path contri-338

butions during inference.339

Using this similarity score s, we retrieve the top-340

k demonstrationsDM
v that are most structurally and341

semantically aligned with the query (with full for-342

mulation deferred to Appendix B.2). Conditioned343

on the subgraphGM
v and these demonstrationsDM

v ,344

the detector LD performs few-shot classification345

for each labeled instance v ∈ DL. The discrimina-346

tive utility of meta-path M is defined as:347

Rdet(M) =
1

|DL|
∑
v∈DL

I
(
LD(v,GM

v ,DM
v ) = yv

)
(2)348

Evaluator-Based Reasoning Score Prediction349

correctness alone cannot determine whether a meta-350

path genuinely helps the LLM internalize the un-351

derlying propagation logic.352

To enforce structural faithfulness, we introduce353

an Evaluator Agent LE . After LD produces a pre-354

diction and a reasoning traceRD(v,G
M
v ), LE eval-355

uates the trace against the ground truth label yv: 356

Rrea(M) =
1

|DL|
∑
v∈DL

LE
(
RD(v,G

M
v ), yv, ŷv

)
(3) 357

The final fitness integrates both detection utility 358

and reasoning quality with a hyper-parameter µ: 359

R(M) = Rdet(M) + µRrea(M) (4) 360

4.4 Evolutionary Optimization Procedure 361

Following the generation of a candidate M ′, we 362

employ a steady-state update strategy when the 363

population reaches its maximum size K. Let 364

Mmin = argminM∈P R(M) denote the lowest- 365

performing candidate. We update the population by 366

replacing Mmin only when the new candidate M ′ 367

exhibits higher fitness(i.e., R(M ′) > R(Mmin)): 368

P ← (P \ {Mmin}) ∪ {M ′} (5) 369

This strategy preserves high-utility patterns and pre- 370

vents premature convergence by validating seman- 371

tic changes against the fitness metric. The iterative 372

process yields an optimized set P∗. 373

The overall pipeline for meta-path evolution is 374

depicted in Algorithm 1 in Appendix B.3. 375

4.5 Retrieval-Weighted Inference 376

After evolution, we utilize the optimized popula- 377

tion P∗ = {M1, . . . ,MK} for inference. For a 378

query vq, we filter for valid meta-paths (coverage 379

ρMk
(vq) > 0) and compute a retrieval confidence 380

ck(vq) by averaging the similarity scores s of the 381

retrieved demonstrations: 382

ck(vq) =
1

|DMk
vq |

∑
vu∈D

Mk
vq

s(vq, vu |Mk) (6) 383

The final prediction is formed by aggregating the 384

individual decisions yk from LD, weighted directly 385

by their retrieval confidence scores: 386

ŷ = I

(∑K
k=1 ck(vq) · yk∑K

k=1 ck(vq)
> 0.5

)
(7) 387

This allows the model to dynamically empha- 388

size meta-paths that retrieve the most structurally 389

aligned precedents. If no meta-path is valid, we fall 390

back to content-only prediction. 391
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Category Method
PolitiFact GossipCop MCFEND

Acc Pre Rec F1 Acc Pre Rec F1 Acc Pre Rec F1

SLM

RoBERTa 0.746 0.726 0.736 0.731 0.581 0.342 0.470 0.396 0.692 0.725 0.692 0.705
GNN 0.676 0.700 0.676 0.671 0.669 0.378 0.527 0.440 0.560 0.689 0.560 0.588
PSGT 0.724 0.748 0.672 0.708 0.698 0.438 0.683 0.534 0.643 0.816 0.677 0.740
DECOR 0.692 0.654 0.769 0.707 0.646 0.343 0.587 0.433 0.684 0.779 0.802 0.791
AKA-Fake 0.706 0.689 0.712 0.700 0.684 0.379 0.587 0.461 0.688 0.836 0.723 0.775

LLM+
SLM

ARG 0.706 0.726 0.627 0.673 0.712 0.421 0.670 0.517 0.721 0.796 0.842 0.818
MRCD 0.720 0.735 0.655 0.693 0.708 0.414 0.649 0.505 0.738 0.828 0.819 0.823

LLM

Zero-shot (content) 0.747 0.754 0.707 0.729 0.709 0.404 0.355 0.378 0.686 0.842 0.711 0.771
Few-shot (content) 0.775 0.783 0.738 0.760 0.724 0.454 0.546 0.496 0.762 0.830 0.857 0.843
Zero-shot (graph) 0.749 0.691 0.866 0.769 0.736 0.445 0.598 0.511 0.704 0.794 0.808 0.801
Few-shot (graph) 0.756 0.737 0.779 0.758 0.755 0.475 0.608 0.533 0.760 0.843 0.834 0.838

Enhanced-
LLM

PCoT 0.760 0.706 0.860 0.775 0.759 0.481 0.616 0.541 0.752 0.841 0.823 0.832
DKFND 0.747 0.724 0.769 0.746 0.745 0.470 0.844 0.603 0.747 0.839 0.817 0.828
MAGER 0.826 0.768 0.915 0.835 0.812 0.611 0.680 0.643 0.839 0.848 0.955 0.898

Improvements
Impr. vs. Content +5.1% / +17.7% +7.5% +8.8% +15.7% +13.4% +14.7% +7.7% +1.8% +9.8% +5.5%
Impr. vs. Graph +7.0% +3.1% +13.6% +7.7% +5.7% +13.6% +7.2% +11.0% +7.9% +0.5% +12.1% +6.0%

Table 1: Performance comparison on three datasets. Best results are in bold and second best results are underlined.

5 Experiment392

5.1 Datasets and Experiment Setup393

We evaluate our framework on three widely used394

fake news detection benchmarks: PolitiFact, Gos-395

sipCop (Shu et al., 2020) and MCFEND (Li et al.,396

2024) . We evaluate all methods under a controlled397

low-resource setting to reflect realistic annotation398

constraints in fake news detection. Specifically, for399

each dataset, we randomly sample 100 labeled in-400

stances to serve as the only supervision accessible401

to all methods, while the remaining instances are402

reserved for testing.403

5.2 Baselines404

We categorize baselines into four groups: (1) SLM-405

based methods, including RoBERTa (Liu et al.,406

2019), GNN (Scarselli et al., 2008), PSGT (Zhu407

et al., 2024), DECOR (Wu and Hooi, 2023), and408

AKA-Fake (Zhang et al., 2024a), which rely on su-409

pervised task-specific models; (2) LLM+SLM hy-410

brid methods, such as ARG (Hu et al., 2024) and411

MRCD (Zhou et al., 2025); (3) Pure LLM-based412

methods, covering zero-shot and few-shot prompt-413

ing, with or without serialized full propagation414

graphs; and (4) LLM-enhanced methods, includ-415

ing PCoT (Modzelewski et al., 2025), DKFND (Liu416

et al., 2024), and our method MAGER. Detailed417

descriptions of all dataset, baselines and implemen-418

tation details are provided in Appendix C.419

5.3 Main Results420

Table 1 reports the overall performance comparison421

on three datasets. Several clear observations can422

be drawn. First, standalone LLMs exhibit limited423

reliability when relying solely on textual content424

or naively encoded propagation graphs. Both zero- 425

shot and few-shot content-only settings yield unsta- 426

ble performance. Simply injecting full propagation 427

graphs into prompts brings marginal or inconsis- 428

tent gains, confirming our motivation that long and 429

noisy diffusion structures lead to information over- 430

load and hinder effective reasoning. 431

Second, supervised SLM-based methods achieve 432

reasonable performance but remain constrained by 433

limited training data. Hybrid pipelines that em- 434

ploy LLMs as auxiliary components (e.g., ARG, 435

MRCD) provide only moderate improvements, as 436

they still rely on trained classifiers and do not en- 437

able LLMs to function as standalone detectors. 438

Third, MAGER consistently and substantially 439

improves frozen LLMs over strong few-shot base- 440

lines, establishing them as effective standalone fake 441

news detectors without fine-tuning. Compared with 442

few-shot content-only LLMs, MAGER yields large 443

accuracy gains of +5.1% on PolitiFact, +8.8% on 444

GossipCop, and +7.7% on MCFEND, demonstrat- 445

ing that explicitly incorporating evolved propaga- 446

tion structures is critical for reliable veracity assess- 447

ment beyond textual cues. Moreover, MAGER con- 448

sistently outperforms recent LLM-enhanced meth- 449

ods such as PCoT and DKFND across all datasets. 450

These results demonstrate that explicitly aligning 451

propagation structures with LLM reasoning via 452

evolved meta-paths and graph in-context learning 453

is critical for LLM-based veracity assessment. 454

5.4 Cross-Domain Generalization Analysis 455

Table 3 reports the cross-domain generalization 456

results, where models are trained on GossipCop 457

and evaluated on PolitiFact and MCFEND with- 458

out fine-tuning. Supervised graph-based methods 459
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Method Variant PolitiFact GossipCop MCFEND
Acc Pre Rec F1 Acc Pre Rec F1 Acc Pre Rec F1

MAGER (Full) 0.826 0.768 0.915 0.835 0.812 0.593 0.587 0.590 0.839 0.848 0.955 0.898
w/o Evolution 0.780 0.842 0.708 0.770 0.773 0.504 0.494 0.499 0.797 0.844 0.893 0.868
w/o Reasoning Fitness 0.821 0.765 0.909 0.831 0.803 0.575 0.556 0.565 0.822 0.852 0.920 0.885
w/o GICL 0.809 0.750 0.906 0.821 0.791 0.544 0.560 0.552 0.808 0.848 0.904 0.875
w/o Schema Enrichment 0.816 0.759 0.906 0.826 0.797 0.557 0.581 0.569 0.811 0.850 0.905 0.877
w/o Meta-Path Aggregation 0.820 0.775 0.883 0.826 0.800 0.552 0.591 0.571 0.818 0.857 0.907 0.881

Table 2: Ablation Study of MAGER on PolitiFact, GossipCop, and PHEME. All variants are evaluated under the
same experimental settings as the main comparison.

Method
PolitiFact MCFEND

Acc F1 Acc F1

PSGT 0.690 0.650 0.608 0.721
AKA-Fake 0.684 0.634 0.633 0.734
MRCD 0.698 0.677 0.709 0.806
LLM Few-Shot 0.739 0.743 0.734 0.825

MAGER 0.819 0.830 0.827 0.890

Table 3: Cross-domain generalization performance.
Models are trained on GossipCop and tested on Politi-
Fact and MCFEND without fine-tuning.

(e.g., PSGT, AKA-Fake) and hybrid LLM+SLM460

approaches (e.g., MRCD) exhibit noticeable perfor-461

mance degradation under domain shift, reflecting462

their reliance on domain-specific patterns learned463

during training. LLM few-shot baselines demon-464

strate improved robustness, but still suffer from465

limited structural grounding across domains.466

In contrast, MAGER achieves substantial gains467

on both target datasets, outperforming baselines468

in both accuracy and f1-score. These results in-469

dicate that evolving reasoning-aligned meta-paths470

enables LLMs to capture propagation patterns that471

are more invariant across domains. By grounding472

inference in structurally consistent subgraphs rather473

than domain-dependent content cues, MAGER sig-474

nificantly enhances the cross-domain generaliza-475

tion ability of frozen LLMs.476

5.5 Ablation Study477

To validate the contribution of each component478

in MAGER, we conducted an ablation study by479

comparing the full model against five variants on all480

three datasets. The results are presented in Table 2.481

w/o Evolution removes the evolutionary pro-482

cess and relies on fixed meta-paths. This variant483

exhibits the largest performance drop across all484

datasets, highlighting the necessity of evolutionary485

search for discovering LLM-aligned propagation486

structures. w/o Reasoning Fitness excludes the487

evaluator agent and optimizes meta-paths using pre- 488

diction accuracy alone. The consistent degradation 489

in performance demonstrates that reasoning-aware 490

fitness is crucial for avoiding spurious patterns and 491

promoting structurally grounded veracity reason- 492

ing. w/o GICL replaces graph in-context learning 493

with randomly few-shot settings. The observed per- 494

formance decline confirms that semantically and 495

structurally aligned demonstration retrieval is es- 496

sential for injecting propagation signals into LLM 497

reasoning. w/o Schema Enrichment disables se- 498

mantic refinement of node and relation types in the 499

propagation graph. The reduced performance in- 500

dicates that fine-grained semantic schemas expand 501

the meta-path search space and enable more infor- 502

mative structural abstractions. w/o Meta-Path Ag- 503

gregation performs inference using a single meta- 504

path. This leads to inferior results, suggesting that 505

different evolved meta-paths capture complemen- 506

tary propagation cues and that confidence-weighted 507

aggregation improves robustness. 508

5.6 Data Efficiency Analysis 509

Figure 3: Data efficiency analysis on MCFEND.

Figure 3 reports the performance of different 510

methods under varying amounts of labeled data 511

on MCFEND. As the number of labeled samples 512

increases from 20 to 500, all methods benefit from 513

additional supervision. However, the performance 514

gap between MAGER and the baselines remains 515

consistently large. 516

Under extremely low-resource settings (e.g., 517

20–50 labeled samples), MAGER already achieves 518

strong accuracy and F1 scores, substantially out- 519
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performing both RoBERTa and the hybrid ARG520

method. This indicates that by grounding inference521

in evolved propagation structures, MAGER enables522

frozen LLMs to make reliable veracity judgments523

even when labeled data is scarce. As more labeled524

data becomes available, the performance of super-525

vised SLM-based and hybrid methods gradually526

improves, yet MAGER maintains a clear advan-527

tage across all data regimes. Notably, the gains of528

MAGER saturate earlier than the baselines, sug-529

gesting that structural reasoning provides a strong530

inductive bias that reduces dependence on large531

labeled training sets.532

Overall, these results demonstrate that MAGER533

is significantly more data-efficient than supervised534

and hybrid alternatives, validating its suitability535

for realistic fake news detection scenarios where536

annotation is limited and costly.537

5.7 Parameter Sensitivity538

Figure 4: Parameter sensitivity analysis on MCFEND.

We investigate the sensitivity of MAGER to four539

key hyperparameters: population size K, evolution540

iterations T , the structural weight λ in GICL, and541

the reasoning weight µ in fitness evaluation. Fig-542

ure 4 illustrates the f1-score performance trends on543

the test set.544

Evolutionary Settings (K,T ): As shown in Fig. 4,545

performance improves with larger K and T due to546

better search space exploration but plateaus after547

K = 20 and T = 100. Excessive evolution on548

small data risks overfitting, making these values the549

optimal balance between efficiency and robustness.550

Structural Weight in GICL (λ): The parameter551

λ controls the weight of structural similarity dur-552

ing retrieval. Fig. 4 shows an inverted U-shape553

trend peaking at λ = 0.5. Low λ (dominantly se- 554

mantic) fails to capture propagation patterns, while 555

overly high λ (dominantly structural) retrieves se- 556

mantically irrelevant demonstrations that confuse 557

the LLM. The peak confirms that structural and 558

semantic analogies are complementary. 559

Reasoning Weight (µ): Fig. 4 indicates that a mod- 560

erate µ = 0.25 yields the best results compared to 561

µ = 0 or µ = 1. This implies that the reason- 562

ing score acts as a regularizer, preventing “lucky 563

guesses” by enforcing logical soundness, whereas 564

an excessively high µ may distract from the classi- 565

fication objective. 566

Backbone LLM Acc Pre Rec F1

Llama3-8B 0.832 0.842 0.948 0.892
Qwen-3 8B 0.839 0.848 0.955 0.898
GPT-4 0.851 0.860 0.963 0.909

Table 4: Performance comparison of MAGER equipped
with different backbone LLMs on the MCFEND dataset.

5.8 Impact of LLM Backbones 567

We further evaluate the robustness of MAGER by 568

instantiating its generator and detector agents with 569

different LLM backbones. Table 4 reports the 570

results on MCFEND using Llama3-8B, Qwen-3- 571

8B (default), and GPT-4. The results show that 572

MAGER consistently delivers strong performance 573

across all tested backbones, indicating that its ef- 574

fectiveness is not tied to a specific LLM. While 575

stronger backbones such as GPT-4 lead to addi- 576

tional gains, lightweight open-source models al- 577

ready achieve competitive results, demonstrating 578

that MAGER primarily benefits from the evolved 579

structural reasoning encoded by meta-paths rather 580

than relying on model scale alone. This makes 581

MAGER broadly applicable and practical for de- 582

ployment with different LLM choices. 583

6 Conclusion 584

In this paper, we propose MAGER, a training-free 585

framework that enables frozen LLMs to perform 586

propagation-aware fake news detection. MAGER 587

leverages a multi-agent evolutionary process to au- 588

tomatically discover task-specific meta-paths, ef- 589

fectively bridging complex propagation structures 590

with LLM reasoning while alleviating information 591

overload from raw graph prompting. Extensive 592

experiments show that MAGER consistently out- 593

performs strong baselines in low-resource settings. 594
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7 Limitations595

While our approach is training-free in the sense that596

it does not update any model parameters, it incurs a597

non-trivial computational cost during the evolution-598

ary stage, as discovering high-quality meta-paths599

requires multiple LLM invocations for generation,600

detection, and reasoning evaluation. We note, how-601

ever, that this cost is incurred offline as a one-time602

process, and the resulting meta-path population can603

be reused across inference without additional over-604

head. In addition, the reasoning quality assessment605

in our framework relies on an evaluator LLM to606

judge the coherence and label consistency of gen-607

erated explanations. This evaluation serves as a608

heuristic proxy rather than a formal verification609

of logical correctness, and may be sensitive to the610

evaluator’s own judgment biases. Exploring more611

principled or hybrid evaluation strategies remains612

an interesting direction for future work.613
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A Related Work836

A.1 Fake News Detection837

Fake news detection is typically formulated as a bi-838

nary classification task (Zhou and Zafarani, 2020).839

Traditional deep-learning based methods can be840

divided into two categories: content-based meth-841

ods and propagation/graph-based methods (Zhang842

et al., 2024a). Content-based methods analyze the843

textual content of news to extract semantic or stylis-844

tic cues for classification (Farhangian et al., 2025;845

Zhou et al., 2024). Propagation-based methods846

leverage social dissemination patterns or propaga-847

tion graphs to capture how news spreads in net-848

works as a signal for veracity (Zhu et al., 2024).849

Meta-path is a schema-level composite relation850

in a heterogeneous information network, defined as851

a sequence of node types and edge types connecting852

two entity types. It serves to encode semantic re-853

lationships and multi-hop structural dependencies854

beyond simple direct links. Within propagation-855

based methods, heterogeneous information net-856

works (HIN) with meta-path schemas have been857

widely adopted to model multi-hop and multi-type858

relational structures, enabling richer context mod-859

eling beyond simple cascade or user repost patterns860

to train graph neural networks (GNN) for fake news861

detection (Zhang et al., 2024b).862

Recently, large language models (LLMs) have 863

been explored for fake news detection due to their 864

strong language understanding and reasoning capa- 865

bilities. However, empirical evidence shows that 866

using LLMs directly as detectors often yields poor 867

performance in zero- or few-shot settings, espe- 868

cially when only content is used (Zhou et al., 2025; 869

Modzelewski et al., 2025). Although subsequent 870

studies attempt to utilize LLMs as auxiliary knowl- 871

edge generators to empower SLMs (Hu et al., 2024; 872

Xu and Yan, 2025), these hybrid approaches typi- 873

cally remain within supervised learning paradigms, 874

failing to fundamentally resolve the critical issues 875

of heavy data reliance and poor generalization 876

across shifting distributions. Meanwhile, both tra- 877

ditional content- and propagation-based methods 878

suffer from similar limitations: their generalization 879

performance degrades when news topics or dissem- 880

ination behaviors shift, and they heavily rely on 881

sizable annotated data, which is costly and often 882

impractical in real-world, constantly evolving news 883

environments. 884

These limitations motivate us to propose meth- 885

ods that aim to enhance LLMs’ discriminative and 886

reasoning capabilities by integrating propagation 887

structure information, without requiring additional 888

supervised model training or amount of annotated 889

data. 890

A.2 Integrating LLMs with Graphs 891

Recent advances in integrating LLMs with graph- 892

structured data can be broadly grouped into two 893

paradigms: graph-enhanced LLMs and LLM- 894

enhanced GNNs (Jin et al., 2024). In the 895

first paradigm, graph-enhanced LLMs encode or 896

prompt graph structure so that LLMs can directly 897

reason over graphs. Encoding-based methods com- 898

press graph neighborhoods into dense vectors be- 899

fore feeding them to LLMs (Tang et al., 2024a,b; 900

He et al., 2025). Text-only prompting directly con- 901

catenates the textual content of neighbors (Ye et al., 902

2024; Huang et al., 2024). Although these meth- 903

ods preserve fine-grained semantics. they result 904

in extremely long prompts, especially on hetero- 905

geneous graphs, leading to information overload 906

and degraded LLM discrimination performance (Li 907

et al., 2025). To solve this problem, DGP uses 908

summarization to alleviate prompt explosion in 909

fraud detection, showing the feasibility of balanc- 910

ing textual richness and token efficiency (Li et al., 911

2025). In the second paradigm, LLM-enhanced 912

GNNs (e.g., TAPE, FLAG) treat LLMs as auxiliary 913
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feature generators or explanation providers, while914

retaining GNNs as the primary classifier (Yang915

et al., 2025; Zhang et al., 2025). Our work falls916

into the first category, graph-enhanced LLM. To917

solve the challenge of information overload and918

modality misalignment, we propose a multi-agent919

genetic framework to evolve meta-paths, enabling920

compact propagation-graph compression and more921

structurally grounded reasoning for LLMs.922

A.3 Genetic Algorithm923

Genetic Algorithm (GA) is a classical population-924

based optimization method inspired by biological925

evolution (Holland, 1992). In GA, a population926

of candidate solutions evolves through repeated927

application of selection, crossover, and mutation928

operators, guided by a fitness function that mea-929

sures solution quality. GA and more generally evo-930

lutionary algorithms (EAs) have long been estab-931

lished as powerful methods for combinatorial and932

structural optimization, especially when the search933

space is large, discrete, or non-differentiable. In934

recent years, some work has begun to explore the935

synergy between EAs and LLMs, leveraging the lat-936

ter’s generative and reasoning capabilities to guide937

search over symbolic structures such as prompts,938

code, or candidate solutions (van Stein and Bäck,939

2024; Yuan et al., 2025; Liu et al., 2025; Novikov940

et al., 2025). EvoAgent (Yuan et al., 2025) automat-941

ically evolves a given LLM-based “expert agent”942

into a full multi-agent system (MAS) via evolu-943

tionary operators on agent configurations. AlphaE-944

volve (Novikov et al., 2025) uses LLMs together945

with an evolutionary framework to iteratively gener-946

ate, test, and refine code variants, discovering novel947

and more efficient algorithms across mathematics948

and computer science.949

B Method950

B.1 Semantic Schema Enrichment951

This section provides the full specification of the952

semantic refinements performed by the augmenta-953

tion agent LA, including node-type subdivisions,954

dual-aspect edge categories, inverse-relation con-955

struction, and the mapping rules for transforming956

the original heterogeneous propagation graph into957

its enriched version G′. These refinements are de-958

signed to systematically enlarge the combinatorial959

space of feasible meta-paths while maintaining se-960

mantic interpretability.961

Node-Type Refinement. The agent LA refines 962

coarse node categories into behaviorally subtypes. 963

These refinements follow empirical findings from 964

the misinformation literature showing that user be- 965

havior strongly shape propagation dynamics. 966

• User-Normal: Users generating organic, co- 967

herent, and context-relevant content. 968

• User-Suspicious: Users exhibiting bot-like or 969

malicious behaviors such as spamming, hate 970

speech, or coordinated reposting. 971

Dual-Aspect Edge Refinement. Interaction 972

edges (e.g., comment or reply) are decomposed 973

into two orthogonal semantic dimensions: 974

• Cognitive Stance: Logical relationship be- 975

tween the comment and the news claim 976

(Agree, Disagree, Discuss, Unrelated). 977

• Affective Sentiment: Emotional intensity of 978

the response (Angry, Happy, Neutral, Fear). 979

This refinement enables meta-paths such as 980

User-Suspicious
Comment-Agree−−−−−−−−→ News

Comment_by-Disagree−−−−−−−−−−−−→ User-Normal
981

which capture contrasting behavior patterns impor- 982

tant for veracity assessment. 983

Inverse Relations. For every directed relation 984

r ∈ R mapping from type A to type B, an inverse 985

relation r−1 is added to support bidirectional traver- 986

sal during meta-path enumeration. For example: 987

Comment : User→ News,

Comment_by : News→ User.
988

Inverse edges ensure that meta-paths can flexibly 989

trace information flow in both directions, which is 990

essential for enumerating valid multi-hop relational 991

patterns during evolutionary search. 992

Formal Definition. Given G = (V,E, ϕ, ψ), the 993

enriched graph is defined as: 994

G′ = (V,E, ϕ′, ψ′), 995

where A′ and R′ denote the expanded sets of 996

node and relation types. These refinements remain 997

purely categorical, preserving the discrete combi- 998

natorial nature of meta-path enumeration. 999
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B.2 Details of Graph In-Context Learning1000

This appendix provides the full technical formu-1001

lation of our Graph In-Context Learning (GICL)1002

procedure used to compute the detection fitness1003

Rdet(M). Traditional ICL retrieves demonstra-1004

tions solely based on textual similarity, which1005

is insufficient for propagation-based detection.1006

GICL augments ICL by incorporating meta-1007

path–dependent structural similarity. Below we1008

detail all similarity components and the retrieval1009

mechanism.1010

Semantic Similarity. For a given query news in-1011

stance vq and a candidate instance vi, we encode1012

their textual content T (·) using a frozen sentence1013

encoder (e.g., S-BERT) to compute the cosine sim-1014

ilarity:1015

ssem(vq, vi) = cos(Enc(T (vq)), Enc(T (vi))) .
(8)1016

Structural Similarity via Meta-Path Coverage.1017

To ensure the retrieved examples share similar prop-1018

agation patterns with the query, we quantify the1019

dominance of the meta-path M within the news1020

item’s local graph. Let Gv be the propagation sub-1021

graph associated with news v, and let |E(Gv)| de-1022

note the total number of interaction edges in this1023

subgraph.1024

We define PM (v) as the set of path instances in1025

Gv that strictly follow the schema sequence defined1026

by M (starting from v). The Meta-Path Coverage1027

Score ρM (v) is calculated as the normalized den-1028

sity of these specific patterns:1029

ρM (v) =
|PM (v)|
|E(Gv)|+ ε

, (9)1030

where ε is a smoothing term. A high ρM (v) indi-1031

cates that the propagation of news v is structurally1032

dominated by the pattern M (e.g., a high density1033

of Bot→Bot cascades).1034

Two instances are considered structurally iso-1035

morphic under view M if their coverage scores are1036

proximal:1037

sstr(vq, vi |M) = 1− | ρM (vq)− ρM (vi) | .
(10)1038

Dual-View Demonstration Retrieval. Let1039

DICL = DL \ {vq}. For each candidate demon-1040

stration vi ∈ DICL, we compute a composite1041

similarity:1042

s(vq, vi |M) = (1− λ) ssem(vq, vi)
+ λ sstr(vq, vi |M).

(11)1043

The top-k highest scoring items form the demon- 1044

stration set: 1045

D(M)
v = Top-k

vi∈DICL

s(vq, vi |M). (12) 1046

Detection Score. Finally, the detector LLM LD 1047

performs few-shot classification. Crucially, the 1048

model is conditioned on both the query’s induced 1049

subgraph GM
v (to observe the pattern) and the re- 1050

trieved demonstrations DM
v (to learn the reasoning 1051

logic). The predicted label is given by: 1052

ŷv = LD
(
vq, G

M
v , DM

v

)
. (13) 1053

The discriminative utility of meta-path M is the 1054

accuracy over the labeled set: 1055

Rdet(M) =
1

|DL|
∑
v∈DL

I(ŷv = yv) . (14) 1056

Summary. GICL retrieves demonstrations using 1057

both semantic proximity and structural alignment 1058

under meta-path M , enabling the detector LLM to 1059

perform structure-aware few-shot reasoning when 1060

evaluating meta-path quality. 1061

B.3 Full Evolution Algorithm 1062

This section presents the full evolutionary proce- 1063

dure of MAGER for meta-path discovery in Algo- 1064

rithm 1. The algorithm instantiates the reasoning- 1065

guided genetic evolution framework, detailing pop- 1066

ulation initialization, selection, semantic variation, 1067

fitness evaluation, and termination. 1068

C Experiment 1069

C.1 Datasets and Experiment Setup 1070

Datasets For each dataset, we randomly sample 1071

100 labeled instances as the supervision pool. De- 1072

pending on the method design, these samples are 1073

further divided into training and validation subsets 1074

following an 80/20 split, or used directly as few- 1075

shot demonstrations. All remaining instances in 1076

each dataset are held out for evaluation. No ad- 1077

ditional labeled data are used beyond this fixed 1078

budget. 1079

• SLM Methods: For SLM baselines that re- 1080

quire parameter training (e.g., BERT-based 1081

or GNN-based classifiers), we fine-tune the 1082

models using only the 100 labeled instances. 1083

Model selection and early stopping are con- 1084

ducted on the validation subset derived from 1085
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Figure 5: A case study of GossipCop.

this pool. This setting evaluates the robust-1086

ness of traditional supervised methods under1087

extreme label scarcity.1088

• Hybrid SLM–LLM Baselines: For hybrid1089

approaches that combine SLMs with LLM-1090

generated signals (e.g., pseudo-labels or ra-1091

tionales), the same 100 labeled instances are1092

used for calibration or supervision. The LLM1093

is not exposed to any additional annotated1094

data, ensuring that hybrid methods do not ben-1095

efit from extra supervision beyond the fixed1096

label budget.1097

• LLM-Enhanced Baselines: For LLM-based1098

or prompt-driven baselines, we employ a few-1099

shot prompting strategy, where at most 100 la-1100

beled instances are used as in-context demon-1101

strations. The LLM remains frozen through-1102

out all experiments, and all test instances are1103

inferred without further adaptation.1104

C.2 Implementation Details1105

For the evolutionary optimization, we set the popu-1106

lation size K = 20 and the maximum number of it-1107

erations T = 100. The tournament selection size is1108

set to 3. The variation probabilities are configured1109

as Pcross = 0.6 for crossover and Pmut = 0.4 for1110

mutation. regarding the Graph In-Context Learn-1111

ing (GICL) module, we set the trade-off parameter1112

λ = 0.5, the reasoning coefficient µ = 0.25, the1113

smoothing term ϵ = 1e−5, and the number of re-1114

trieved demonstrations to 4. We employ Qwen3-8B1115

as the backbone for all LLM agents (LG, LD, LA). 1116

For semantic embedding generation, we utilize the 1117

Sentence-BERT model. We report Accuracy, Pre- 1118

cision, Recall, and F1-score. The metrics are re- 1119

ported for the ’Fake’ class (the positive class). 1120

C.3 Baselines 1121

SLM-based Methods. SLM-based methods rely 1122

on supervised learning with task-specific small lan- 1123

guage models and structured features for fake news 1124

detection. We adopt RoBERTa (Liu et al., 2019) 1125

and GNN (Scarselli et al., 2008) models as repre- 1126

sentative baselines, where their output representa- 1127

tions are followed by an MLP classifier for veracity 1128

prediction. PSGT (Zhu et al., 2024) proposes a 1129

propagation structure–aware transformer that sup- 1130

presses noise and captures multi-scale propagation 1131

relationships for robust fake news classification. 1132

DECOR (Wu and Hooi, 2023) introduces degree- 1133

corrected social graph refinement to iteratively im- 1134

prove social graph topology and enhance GNN- 1135

based detection. AKA-Fake (Zhang et al., 2024a) 1136

tackles multimodal fake news detection by learning 1137

compact, adaptive knowledge subgraphs under a 1138

reinforcement learning paradigm, refining modality 1139

correlations and knowledge integration. 1140

LLM+SLM Hybrid Methods. LLM+SLM hy- 1141

brid methods leverage large language models to 1142

provide auxiliary reasoning or representation guid- 1143

ance, while a supervised small model produces the 1144

final prediction. ARG (Hu et al., 2024) uses LLM- 1145
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Algorithm 1: Meta-path Evolution
Input : Labeled dataset DL, Initial meta-path

population P = {M1, . . . ,MK}, Agents
{LG,LD,LE ,LA}, max iterations T ,
crossover prob Pcross, population size K

Output :Evolved meta-path population P∗

/* Initialization */
1 foreach news item v ∈ DL do
2 Obtain augmented graph G′(v) by LA, G(v);
3 end
4 foreach meta-path Mi ∈ P do
5 Compute fitness R(Mi) by Eq. (4);
6 end
/* Evolutionary optimization */

7 for t = 1 to T do
/* Selection and Variation */

8 Mp1,Mp2 ← Tournament_Select(P);
9 if random(0, 1) < Pcross then

10 M ′ ← LG.crossover(Mp1,Mp2);
11 else
12 M ′ ← LG.mutate(Mp1);
13 end

/* Fitness evaluation */

14 Obtain subgraph GM′
v from (G

′
v,M

′
);

15 Obtain Demonstrations DM′
v by Eq. (12);

16 Compute Rdet(M
′) with (LD,DM′

v , GM′
v ) by

Eq. (2);
17 Compute Rrea(M

′) with (LD,LE , G
M′
v ) by

Eq. (3);
18 Compute fitness R(M ′) by Eq. (4);

/* Steady-state replacement */
19 if |P| < K then
20 Add M ′ to P;
21 end
22 else
23 Mmin ← argminM∈P R(M);
24 if R(M ′) > R(Mmin) then
25 Replace Mmin with M ′ in P;
26 end
27 end
28 return P∗ = P
29 end
30 return P∗ = P

generated multi-perspective rationales to guide1146

a downstream classifier, improving detection by1147

combining LLM insights with learned classifiers.1148

MRCD (Zhou et al., 2025) integrates LLM-assisted1149

retrieval and iterative demonstration learning to en-1150

hance small model performance under emergent1151

fake news scenarios.1152

Pure LLM-based Methods. Pure LLM-based1153

methods directly apply prompting on frozen large1154

language models for fake news detection, without1155

task-specific supervised training. We evaluate both1156

zero-shot and few-shot prompting settings. Vari-1157

ants include providing only textual news content1158

or also serializing full propagation graphs as text1159

in the prompt, following recent LLM-based graph1160

reasoning paradigms.1161

Table 5: Dataset statistics.

Dataset #Fake #Real #Total

PolitiFact 353 398 751
GossipCop 5,067 16,804 21,871
MCFEND 17,715 6,074 23,789

LLM-enhanced Methods. LLM-enhanced 1162

methods enrich LLM prompting with structured or 1163

reasoning-aware information to improve detection 1164

performance. PCoT (Modzelewski et al., 2025) 1165

augments LLM reasoning by guiding the model 1166

through structured chains of thought tailored for 1167

disinformation detection. DKFND (Liu et al., 1168

2024) proposes a knowledge-guided framework 1169

that enhances few-shot fake news detection 1170

by sequential modules for concept detection, 1171

investigation of internal and external evidence, 1172

judgment of relevance, and final determination, 1173

addressing ambiguity and information scarcity in 1174

low-resource contexts. 1175

C.4 Case Study 1176

Figure 5 presents a representative case study illus- 1177

trating how MAGER enables propagation-aware 1178

veracity reasoning through evolved meta-paths. In- 1179

stead of exposing the LLM to the full propagation 1180

graph, MAGER extracts a compact subgraph in- 1181

duced by an evolved meta-path, which highlights 1182

structurally informative interactions while filtering 1183

out irrelevant noise. 1184

In this example, the selected meta-path empha- 1185

sizes a diffusion pattern involving suspicious users 1186

exhibiting agreement behaviors followed by re- 1187

sponses from normal users, a structure that fre- 1188

quently correlates with misinformation spread. By 1189

conditioning the LLM on this meta-path–aligned 1190

subgraph, MAGER guides the model to focus on 1191

anomalous propagation cues and stance transitions 1192

that are difficult to infer from textual content alone. 1193

As a result, MAGER produces a correct and 1194

structurally grounded prediction, whereas content- 1195

only or full-graph prompting either overlooks crit- 1196

ical propagation signals or suffers from informa- 1197

tion overload. This case study qualitatively demon- 1198

strates that evolving reasoning-aligned meta-paths 1199

allows frozen LLMs to perform interpretable and 1200

reliable fake news detection by explicitly ground- 1201

ing reasoning in propagation structure. 1202
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D Prompt Templates1203

We provide the exact prompt templates used for1204

graph augmentation, meta-path evolution, graph in-1205

context learning, and reasoning fitness evaluation1206

to facilitate reproducibility.1207

A. Augmentation Agent Prompt

Role: You are an expert in semantic
graph enhancement for social media
propagation analysis.

Task: Your task is to classify user
types and analyze interaction
stances and sentiments for nodes and
edges in a propagation graph.

A.1 User Type Classification
Please classify the following users in

batch.
[User List]
1. User ID: {user_id_1}

Interaction Type: {interaction_type_1}
Comment Count: {comment_count_1}
Comment Examples:

1. {comment_1}
2. {comment_2}
3. {comment_3}

...
[Classification Criteria]
- User-Normal: Normal users with natural

content generation, contextual
relevance, and logical coherence

- User-Suspicious: Suspicious users
exhibiting bot or malicious behavior
characteristics (mass spamming, hate
speech, highly repetitive content,
meaningless comments)

Please carefully analyze each user’s
comment content to determine their
behavioral characteristics.

Please return results for each user in
the following strict format, one
result per line:

1 User-Normal
2 User-Suspicious
3 User-Normal
4 User-Suspicious
...
Strict Requirements:
1. Format per line: [number] [space]

User-Normal or User-Suspicious
2. Do not add any other text,

punctuation, explanations, or blank
lines

3. Must return results for all users

A.2 Interaction Stance and Sentiment
Analysis

Please analyze the cognitive stance and
affective sentiment of the following
comments in batch.

1. {comment_1}
2. {comment_2}
3. {comment_3}
...

1208

Stance Options (must choose one): Agree,
Disagree, Discuss, Unrelated

Sentiment Options (must choose one):
Angry, Happy, Neutral, Fear, Sad

Please return results for each comment
in the following strict format, one
result per line:

1 Agree Happy
2 Disagree Angry
3 Discuss Neutral
4 Unrelated Fear
5 Agree Angry
...
Strict Requirements:
1. Format per line: [number] [space]

[stance] [space] [sentiment]
2. Stance must be one of: Agree,

Disagree, Discuss, Unrelated
3. Sentiment must be one of: Angry,

Happy, Neutral, Fear, Sad
4. Do not add any other text,

punctuation, explanations, or blank
lines

5. Must return results for all comments

1209

B. Generator Agent Prompt (Evolution)

Role: You are an expert in designing
meta-paths for social media
propagation analysis.

Task: Your task is to perform "Mutation"
or "Crossover" operations on
existing meta-paths to discover new,
potentially more effective
propagation patterns for fake news
detection.

B.1 Mutation Operation
Please perform semantic mutation on the

following meta-path to generate a
new, more expressive meta-path.

Original Meta-path:
{parent_formal_string}

Description: {parent_description}
Available Operations:
1. Type Refinement: Refine generic types

into more specific types (e.g., User
-> User-Suspicious)

2. Relation Replacement: Replace
coarse-grained relations with
fine-grained relations (e.g.,
Comment -> Comment-Agree)

3. Add Type Constraints: Add more
specific node or edge types to the
path

4. **Add Edges (Extend Path Length)**:
Add new edges and nodes to the path,
extending path length (e.g., from
2-hop to 3-hop or 4-hop)

- Can add Reply edges connecting users
- Can add Comment edges connecting
users and news (Note: Comment is a
unidirectional edge, can only go
from User to News)

- Can add Repost edges connecting
users and news

1210
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Important Constraints:
- Comment edges are unidirectional, can

only go from User to News, not
reverse

- Path length can be 1-hop, 2-hop,
3-hop, or 4-hop

- Ensure the path is semantically
reasonable (e.g., users can reply to
other users first, then comment on
news)

Please generate a new meta-path in the
format:

NodeType1 --[EdgeType1]--> NodeType2
--[EdgeType2]--> NodeType3 ...

Available Node Types:
{available_node_types}

Available Edge Types:
{available_edge_types}

Return only the meta-path string, no
other explanations.

B.2 Crossover Operation
Please perform semantic crossover on the

following two meta-paths to generate
a new meta-path that combines the
advantages of both.

Parent Meta-path 1:
{parent1_formal_string}

Description: {parent1_description}
Parent Meta-path 2:

{parent2_formal_string}
Description: {parent2_description}
Please synthesize the complementary

structural advantages from both
paths to generate a topologically
valid and semantically novel
meta-path.

Crossover Strategies:
1. Can combine different parts of the

two paths
2. Can extend path length (generate

2-hop, 3-hop, or 4-hop paths)
3. Can combine edge types and node types

from both paths
Important Constraints:
- Comment edges are unidirectional, can

only go from User to News, not
reverse

- Path length can be 1-hop, 2-hop,
3-hop, or 4-hop

- Ensure the path is semantically
reasonable

Format:
NodeType1 --[EdgeType1]--> NodeType2

--[EdgeType2]--> NodeType3 ...
Available Node Types:

{available_node_types}
Available Edge Types:

{available_edge_types}
Return only the meta-path string, no

other explanations.
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C. Detector Prompt

Role: You are a professional
fact-checker assistant (Prompt V2:
Comparative Analysis Expert). You
need to determine the veracity of a
target news item by comparing it
with reference cases, identifying
similarities and differences, and
thus judging the news authenticity.

System Prompt:
You are a professional fake news

detection expert (Prompt V2:
Comparative Analysis Expert). You
need to determine the veracity of
news by comparing the target news
with reference cases, identifying
similarities and differences, and
thus judging the news authenticity.

Please return only the number 0 or 1, do
not return any other content:

- 0 indicates fake news
- 1 indicates real news
Main Prompt:
[Target News]
[Claim:{news_text}]
[Comments:{comments_text}]
[Propagation

Structure:{propagation_structure_text}]]
[Selected Meta-paths Subgraph:
Selected Meta-paths:
{meta_path_descriptions}
{subgraph_text}
]

[Reference Cases - For Comparative
Analysis]

The following are several historical
cases most relevant to the current
news (retrieved through semantic and
structural similarity):

Reference Case 1 - Label: {label_str_1}
News Content: {example_text_1}
Reference Case 2 - Label: {label_str_2}
News Content: {example_text_2}
Reference Case 3 - Label: {label_str_3}
News Content: {example_text_3}
Reference Case 4 - Label: {label_str_4}
News Content: {example_text_4}

[Comparative Analysis Task]
Please determine the authenticity of the

target news through comparative
analysis.

Comparative Analysis Steps:
1. Content Comparison:

- Similarities between the target
news and reference cases in topic,
expression style, and details

- Whether there are suspicious
expression patterns (such as
exaggeration, inflammatory language,
etc.)

2. Propagation Structure Comparison:
- Whether the propagation structure
of the target news is similar to the
propagation patterns of reference
cases

1212
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- Whether the stance distribution of
comments and user interaction
patterns are consistent with known
real/fake news patterns

3. Meta-path Subgraph Comparison:
- Comparison of subgraph features
(instance count, interaction depth,
etc.) between the target news and
reference cases

- Whether the propagation patterns in
the subgraph support or question
news authenticity

4. Comprehensive Judgment:
- If the target news is similar to
multiple real news cases, tend to
judge as real news

- If the target news is similar to
multiple fake news cases, tend to
judge as fake news

- Consider the consistency of
propagation structure and subgraph
patterns

Please judge the authenticity of the
target news based on the above
comparative analysis.

Return only the number 0 (fake news) or
1 (real news), do not return any
other content.

1213

D. Reasoning Evaluator Prompt

Role: You are a strict evaluator of
logical reasoning quality.

System Prompt:
You are a professional reasoning quality

evaluation expert. You need to
strictly evaluate the quality of a
reasoning process.

Evaluation Criteria (three dimensions,
each dimension 0-1 points,
comprehensive score is the average):

1. **Label Consistency**:
- If the conclusion derived from
reasoning is consistent with the
true label, and the reasoning
process supports this conclusion,
score 1.0

- If the conclusion derived from
reasoning is consistent with the
true label, but the reasoning
process is insufficient, score
0.6-0.8

- If the conclusion derived from
reasoning is inconsistent with the
true label, score 0.0-0.3 (even if
the reasoning process seems
reasonable)

2. **Logical Coherence**:
- Reasoning process is logically
clear, steps are explicit, and
consistent throughout, score 0.8-1.0

- Reasoning process is basically
coherent, but has some jumps or
unclear parts, score 0.5-0.7
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- Reasoning process is chaotic,
contradictory, or logically unclear,
score 0.0-0.4

3. **Structural Evidence Faithfulness**:
- Reasoning fully uses structural
evidence provided by the meta-path,
and explanations are reasonable,
score 0.8-1.0

- Reasoning mentions structural
evidence, but usage is insufficient
or explanations are not deep enough,
score 0.5-0.7

- Reasoning ignores structural
evidence or explanations of
structural evidence are clearly
wrong, score 0.0-0.4

**Important Principles**:
- If the conclusion derived from

reasoning is inconsistent with the
true label, even if the reasoning
process seems reasonable, the
comprehensive score should be low
(not exceeding 0.5)

- Scoring should be strict, avoid giving
scores too high

- Must consider all three dimensions
simultaneously, cannot focus on only
one

Please give a comprehensive score
between 0-1 (average of the three
dimensions), and briefly explain the
score for each dimension.

Main Prompt:
Please strictly evaluate the quality of

the following reasoning process.
**True Label**: {label_str}
**Meta-path**: {meta_path_formal_string}
**Structural Evidence**:

{structure_evidence}
**Detector Agent’s Reasoning**:
{reasoning}
**Evaluation Task**:
Please evaluate from the following three

dimensions separately, then
calculate the comprehensive score
(average of the three dimensions):

1. **Label Consistency**:
- What is the conclusion derived from
reasoning? (Real news/Fake news)

- Is this conclusion consistent with
the true label?

- Does the reasoning process
sufficiently support this conclusion?

- Score: ___ (between 0-1)
2. **Logical Coherence**:

- Is the reasoning process logically
clear with explicit steps?

- Are the reasoning steps consistent
throughout?

- Are there logical jumps or
contradictions?

- Score: ___ (between 0-1)
3. **Structural Evidence Faithfulness**:

- Does the reasoning fully use
structural evidence provided by the
meta-path?

1215
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- Are the explanations of structural
evidence reasonable?

- Are important structural
information ignored?

- Score: ___ (between 0-1)
**Important Reminders**:
- If the conclusion derived from

reasoning is inconsistent with the
true label, even if the reasoning
process seems reasonable, the
comprehensive score should be low
(not exceeding 0.5)

- Scoring should be strict, avoid giving
scores too high

- Comprehensive Score = (Dimension 1
Score + Dimension 2 Score +
Dimension 3 Score) / 3

**Output Format** (must strictly follow):
Dimension 1 Score: [number between 0-1]
Dimension 2 Score: [number between 0-1]
Dimension 3 Score: [number between 0-1]
Comprehensive Score: [number between 0-1]
Evaluation Justification: [Brief

explanation of evaluation reasons
for each dimension]

1216
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