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Abstract

The coordinated dissemination of multimodal
content on social media has become the norm,
rendering fake news increasingly covert and
complex. Existing methods generally lack
event-level information modeling, which lim-
its their ability to effectively handle breaking
events, and they also fail to account for group
fairness and disparities in information harm un-
der a globalized context. To address these chal-
lenges, we propose DGFND-ES, a dual-graph
collaborative fake news detection framework
that integrates evidence enhancement with so-
ciological constraints. This framework adopts
a neuro-symbolic architecture consisting of a
“main graph–consistent subgraph” structure,
and incorporates group fairness constraints and
a harm-aware loss during training to endow the
model with social responsibility. In addition,
we construct a high-quality SSS dataset for sys-
tematic evaluation of model performance. Ex-
perimental results demonstrate that DGFND-
ES consistently outperforms existing methods
on the Weibo-21, Fakeddit, and SSS datasets.

1 Introduction

The explosive growth of social media has greatly
accelerated the dissemination of information, while
various information platforms have simultaneously
become fertile ground for fake news. Multimodal
fake news often maximizes its reach and persuasive-
ness by carefully combining deceptive text with ma-
nipulated or misappropriated images (Yang et al.,
2025; Liu et al., 2025a; Chen et al., 2023). Com-
pared with text-only content, multimodal fake news
exhibits stronger emotional impact and apparent
credibility due to the incorporation of visual in-
formation, rendering its narratives more mislead-
ing and significantly increasing the difficulty of
detection (Zhang et al., 2024a; Lv et al., 2025).
In the real world, the harm caused by fake news
has become increasingly severe; in many major
social events, false content persistently disrupts

Figure 1: Comparison of fake news detection paradigms.
(a) Neural representation learning with end-to-end mul-
timodal classification; (b) Symbolic knowledge reason-
ing via entity extraction and static knowledge graphs;
(c) Neuro-symbolic collaborative framework combines
neural representations with symbolic reasoning and con-
straints for fake news detection.

public opinion and exacerbates social disorder (Mu-
rayama, 2021). Moreover, with the continuous ad-
vancement of vision–language models, the quality
of generated multimodal forgeries has markedly im-
proved, leading to pronounced performance degra-
dation in traditional detection methods.

Current multimodal fake news detection tech-
niques can be broadly categorized into neural rep-
resentation learning methods and symbolic knowl-
edge reasoning methods. Neural representation
learning approaches typically rely on pretrained
vision–language models to learn deep semantic rep-
resentations and cross-modal consistency through
end-to-end modeling (Lu et al., 2025; Bian et al.,
2020; Singhal et al., 2019; Zhang et al., 2025; Liu

1



et al., 2025b; Zheng et al., 2022). However, such
models remain opaque “black boxes,” whose pre-
dictions lack interpretable reasoning paths and ex-
plicit factual grounding. Symbolic knowledge rea-
soning methods construct more interpretable de-
cision processes by explicitly incorporating struc-
tured knowledge and logical constraints. These
approaches usually depend on entity linking, rela-
tion matching, and external knowledge verification
mechanisms to enhance discriminative capability
and reliability (Xuan et al., 2024; Yuliani et al.,
2019). Nevertheless, their overall performance is
largely constrained by the coverage of knowledge
graphs, limiting their adaptability to emerging in-
formation and rapidly evolving events.

Although multimodal fake news detection has
made notable progress, from the perspective of
practical deployment and social impact, existing
methods still face two fundamental challenges.
First, most multimodal detection approaches rely
primarily on neural representation learning for de-
cision making. Even when external information
is incorporated, the data sources are often static,
fragmented, and limited in quality, which makes it
difficult to effectively model the dynamic evolution
of real-world events and continuous fact updates.
Second, existing methods largely overlook the het-
erogeneous social impacts of fake news. Their
training and inference processes neither adequately
account for data distribution imbalances across dif-
ferent languages, regions, and cultural contexts, nor
distinguish the varying degrees of real-world harm
caused by different types of misinformation.

To address these challenges, we propose the
DGFND-ES framework, which deeply integrates
symbolic logic into neural representation learn-
ing and jointly optimizes group fairness and harm-
aware objectives during training. The main contri-
butions of this paper are summarized as follows:

• We propose a neuro-symbolic collabora-
tive architecture based on a “main graph–
consistency subgraph” design, which enables
event-level relational modeling across infor-
mation sources and cross-modal consistency
modeling within individual news items.

• We introduce evidence as a dynamic event-
level verification unit and leverage LLMs to
quantitatively model the stance of evidence
toward news claims, substantially enhancing
the model’s capability to verify emerging and
evolving events.

• We incorporate sociological constraints into
the training process by jointly optimizing
group fairness and harm-aware objectives,
thereby mitigating group bias while maintain-
ing detection accuracy and prioritizing the
identification of high-harm fake content.

• We construct a high-quality SSS dataset
and demonstrate the overall superiority of
DGFND-ES over multiple mainstream meth-
ods on this benchmark as well as several pub-
lic datasets.

2 Related Works

2.1 Evolution of Multimodal Fake News
Detection

The development of multimodal fake news de-
tection has closely followed advances in feature
extraction techniques. In the early stage, re-
searchers primarily employed CNNs (Yang et al.,
2018) and RNNs (Jin et al., 2017) to extract vi-
sual and textual features, respectively, and fused
them via simple concatenation or attention mech-
anisms. EANN (Wang et al., 2018) introduced
adversarial learning to disentangle event-specific
features, while MVAE (Khattar et al., 2019) lever-
aged variational autoencoders to reconstruct latent
representations. With breakthroughs in pretrain-
ing, the field entered an era of fine-grained cross-
modal interaction. Representative methods include
CAFE (Chen et al., 2022), which employs fuzzy
reasoning to quantify cross-modal ambiguity, and
InfoSurgeon (Fung et al., 2021), which explicitly
extracts textual entities and visual regions to con-
struct fine-grained consistency graphs. More re-
cently, end-to-end alignment approaches (Cui et al.,
2025; Wang et al., 2023) attempt to directly capture
inconsistencies in a contrastive learning space.

2.2 Knowledge-Enhanced Detection Methods
To overcome the limitations of internal informa-
tion, incorporating external knowledge has become
a critical pathway. The first category is based
on static knowledge graphs. (Qian et al., 2021a;
Lin et al., 2024) A representative work, Com-
pareNet (Hu et al., 2021), aligns news text with
a pre-constructed knowledge graph and determines
veracity by comparing relationships among entities.
More recently, AKA-Fake (Zhang et al., 2024a)
introduces a reinforcement learning mechanism to
adaptively retrieve the most relevant knowledge
subgraphs from the KG according to the news
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context. The second category is based on open
retrieval, where methods leverage search engines
to obtain real-time context. A typical example is
GET (Xu et al., 2022), which constructs a hetero-
geneous graph neural network consisting of news,
retrieved evidence, and their sources, and performs
prediction by aggregating evidence semantics and
source credibility. RAMA (Yang et al., 2025)
further adopts a retrieval-augmented multi-agent
framework to conduct debate-based reasoning.

2.3 LLM-Based Detection Approaches

In recent years, large language models (LLMs)
have been reshaping the detection paradigm (Allen
et al., 2025; Jin et al., 2024). FKA-Owl (Liu
et al., 2024) leverages the knowledge capabilities of
LLMs to enhance multimodal semantic understand-
ing, enabling the capture of implicit facts and com-
monsense cues across modalities. GLPN-LLM (Hu
et al., 2025) generates pseudo-labels via LLMs
and integrates global graph propagation to allevi-
ate annotation scarcity and insufficient supervision.
LLM-GAN (Wang et al., 2025) incorporates LLMs
into a generative adversarial framework, improving
detection performance while providing explainable
decision rationales. FactAgent (Li et al., 2024)
organizes LLMs in an agent-based manner to in-
crementally integrate external evidence, achieving
structured and interpretable news verification.

3 Methodology

Our goal is to construct a neuro–symbolic dual-
graph collaborative framework for fake news detec-
tion that integrates external evidence augmentation
with sociological constraints. The framework takes
multimodal news as input and outputs the final au-
thenticity prediction. During the decision-making
process, the model jointly leverages event-related
external evidence and the internal cross-modal con-
sistency of news content: on the one hand, stance-
aware evidence modeling is employed to charac-
terize the supportive or refutational effects of ev-
idence on news authenticity; on the other hand,
consistency modeling explicitly captures potential
conflicts between text and images at the modal,
stylistic, and logical levels. These two types of in-
formation are respectively modeled through a main
graph and a consistency subgraph, and are adap-
tively fused within a unified framework to achieve
comprehensive authenticity assessment of news.

3.1 Evidence Retrieval Framework

Existing methods often rely on static knowledge
graphs when incorporating external information;
however, such decontextualized knowledge strug-
gles to adapt to the highly dynamic, event-driven
decision requirements of real-world news scenarios.
In contrast, external evidence oriented toward spe-
cific news events exhibits stronger discriminative
power in terms of event specificity and stance di-
vergence. Motivated by this observation, we design
and implement a coarse-to-fine evidence retrieval
and filtering framework, whose workflow is sum-
marized as follows:

1. Internet-scale retrieval. Given an input news
text, we perform online retrieval to collect the
top N relevant webpages (N = 10 in our
study) and extract their abstracts as candidate
evidence texts.

2. LLM-driven stance quantification. We
leverage a large language model to quanti-
tatively assess the relationship between each
candidate evidence item and the original post,
producing a continuous stance score sij ∈
[0, 1] that characterizes the strength of sup-
port or refutation.

3. Polarity-aware filtering and normalization.
Based on the polarity distribution of stance
scores, we retain only the Top-K evidence
items with the most extreme stances (K = 5
in our study), thereby filtering out neutral or
ambiguous content.

3.2 Feature Encoding and Representation

3.2.1 Feature Encoding of News and Evidence
For a news post pi, we employ feature encoders to
obtain representations of the news text and image,
respectively. Let htext

i and h
img
i denote the textual

and visual features extracted by the model. We
fuse them via an attention mechanism to obtain the
unified semantic representation of the post zpost

i :

z
post
i = αt

(
Wth

text
i

)
+ αv

(
Wvh

img
i

)
(1)

where Wt and Wv are linear projection matrices,
and αt and αv are attention weights adaptively com-
puted by a learnable query vector. Similarly, for
each retrieved evidence item eij , we apply an en-
coder to obtain its semantic representation zevid

ij .
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Figure 2: Overview of the DGFND-ES framework.

3.2.2 Multidimensional Consistency Feature
Representation

Distinct from traditional approaches relying on en-
tity extraction, this work directly models image-
text consistency within the latent representation
space across three orthogonal dimensions: modal-
ity, style, and logic. Specifically, modality con-
sistency xmodal integrates feature cosine similarity
with the prediction divergence of unimodal classi-
fiers to simultaneously capture semantic alignment
and discrepancies in falsity indicators; style con-
sistency xstyle measures coherence by projecting
features into a subspace via specific style projection
heads; and logic consistency xlogic quantifies the
image-text entailment relationship by directly lever-
aging the zero-shot prior knowledge of CLIP (Rad-
ford et al., 2021).

3.3 Dual-Graph Neural Network Architecture

3.3.1 Main Graph Construction

The main graph Gmain is designed to model the
structured interactions between a news post and its
associated external information. Specifically, the
graph contains four types of nodes. The post node
is initialized as vP = z

post
i , representing the multi-

modal semantics of the news post. The evidence
node is initialized as vE = zevid

ij , corresponding to
external evidence related to the post. In addition, a
group node vG and a source node vS are introduced
to model social group attributes and information
source characteristics, respectively.

The core of the main graph lies in the con-
struction of stance-weighted post–evidence edges.
Based on the stance score sij quantified in Sec-
tion 3.2, we establish stance-aware edges between
posts and evidence, where the edge type and weight
wij are defined according to the polarity of sij :

• Support Edge: Established when sij ≥ τpos.
The edge weight depends not only on seman-
tic similarity but is also positively amplified
by the stance strength:

w+
ij = sij · sim(vP , vE) (2)

• Refute Edge: Established when sij ≤ τneg.
The edge weight is determined by the inverse
stance strength and the semantic similarity:

w−
ij = (1− sij) · sim(vP , vE) (3)

3.3.2 Consistency Subgraph Construction
The consistency subgraph Gcoms is designed to cap-
ture cross-modal conflicts within a post. Based on
the features extracted in Section 3.2, we construct
a bridging graph consisting of five types of nodes.
The graph includes two endpoint nodes, namely
textual semantics vT = htext

i and visual semantics
vI = h

img
i , as well as three intermediate bridging

nodes, including a modality node vmod = xmodal,
a style node vsty = xstyle, and a logic node vlog =
xlogic. In terms of topology, we establish three par-
allel semantic channels vT ↔ vbridge ↔ vI , where
vbridge ∈ {vmod, vsty, vlog}.
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3.3.3 Two-Layer Hybrid Encoding
Architecture

First Layer: TransformerConv. In the first
layer, we adopt a multi-head TransformerConv to
model attribute-aware interactions between nodes
and their neighbors. By explicitly incorporating
edge features into the message-passing process,
the model jointly captures node semantics and re-
lational attributes, enabling attribute-aware neigh-
borhood aggregation. The node representation is
updated as

h
(1)
i = Φ(1)

 ∑
j∈N (i)

α
(1)
ij m(z

post
i , zevid

ij )

 (4)

where α
(1)
ij denotes the attention weight jointly de-

termined by node and edge attributes, m(·) is a
message function that fuses node and edge features,
and Φ(1)(·) represents the update operator includ-
ing normalization and nonlinear transformations.

Second Layer: GATv2Conv. To further re-
fine high-level semantic information and enhance
contextual adaptivity, the second layer employs
GATv2Conv with a dynamic attention mechanism.
This layer adaptively adjusts the importance of
neighbors based on the joint representations of the
central node and its neighbors. The node update is
given by

h
(2)
i = Φ(2)

 ∑
j∈N (i)

α
(2)
ij h

(1)
j

 (5)

where α
(2)
ij is the dynamically computed attention

weight, and Φ(2)(·) denotes the corresponding non-
linear mapping.

Finally, global mean pooling is applied to all
nodes to obtain the graph-level representations
hmain ∈ Rdout and hcons ∈ Rdcons .

3.4 Loss Functions
3.4.1 Main Classification Loss
As the fundamental objective of fake news detec-
tion, we adopt the Binary Cross-Entropy (BCE)
loss to minimize the distributional discrepancy be-
tween the predicted probability ŷi and the ground-
truth label yi:

Lbce = − 1

N

N∑
i=1

(
yi log ŷi+(1−yi) log(1− ŷi)

)
(6)

3.4.2 Group Fairness Loss
To balance discriminatory bias across different
groups, we introduce a group fairness regulariza-
tion term. To address the non-differentiable thresh-
olding involved in standard TPR/FPR computation,
we employ a differentiable approximation based
on soft predictions. Specifically, the soft decision
function is defined as

πi(τ, T ) = σ

(
ŷi − τ

T

)
(7)

where ŷi denotes the predicted probability, τ is the
decision threshold, and T is a temperature parame-
ter controlling smoothness.

Let TPRg and FPRg denote the approximate true
positive rate and false positive rate of group g,
computed using πi(τfair, Tfair). We further denote
TPR and FPR as the corresponding global averages
across all groups. The group fairness loss is then
defined as

Lfair =
∑
g∈G

[(
TPRg − TPR

)2
+

(
FPRg − FPR

)2]
(8)

3.4.3 Harm-Aware Loss
In real-world scenarios, misinformation differs sub-
stantially in societal impact and potential risk. To
prioritize the suppression of highly harmful mis-
information, we assign harm-dependent penalty
weights to false negatives and false positives,
thereby imposing stronger optimization pressure
on misclassification of high-risk samples. Based
on a differentiable soft-prediction formulation, the
harm-aware loss is defined as:

Lharm =
1

N

N∑
i=1

[
cFN(hi) yi

(
1− π

(harm)
i

)
+ cFP(hi) (1− yi)π

(harm)
i

]
(9)

where hi denotes the harm coefficient of sample
i, derived from LLM-based societal risk quantifi-
cation and human verification. The cost functions
for false negatives and false positives are defined
as cFN(hi) = 1 + γ · hi and cFP(hi) = 1.

3.4.4 Overall Optimization Objective
We adopt a weighted multi-task learning strategy
for end-to-end training. The final optimization ob-
jective is defined as:

Ltotal = λbceLbce + λfairLfair + λharmLharm (10)

where λ denotes hyperparameters that balance the
contributions of the respective loss terms.

5



4 Experiments

4.1 Experimental Settings
4.1.1 Datasets
This study conducts extensive experiments on two
public multimodal benchmark datasets and one self-
constructed dataset. The public datasets include
Weibo-21 (Nan et al., 2021) and Fakeddit (Naka-
mura et al., 2020). Specifically, Weibo-21 is a
Chinese multimodal dataset collected from Sina
Weibo, while Fakeddit is a large-scale English mul-
timodal dataset based on Reddit. To ensure the
reliability of experimental evaluation, we apply a
unified data cleaning and preprocessing pipeline to
both datasets, systematically removing duplicate
samples, invalid data, and excessively short texts.

To address the limitations of existing datasets
regarding sociological annotations and data quality,
we construct SSS, a high-quality dataset incorpo-
rating multidimensional sociological annotations.
At the news level, SSS integrates data from six
public sources (Weibo-17 (Jin et al., 2017), Weibo-
21 (Nan et al., 2021), CFND (Zhang et al., 2024b),
MR2 (Hu et al., 2023), Fakeddit (Nakamura et al.,
2020), and FineFake (Zhou et al., 2024)), with
an initial scale exceeding 1.14 million samples.
Through a rigorous screening process involving
automated cleaning, LLM-assisted filtering, and
manual review, 7,687 data points were obtained.
Additionally, we collected and supplemented 910
high-quality data points covering languages such
as English, Spanish, French, and Russian. The final
SSS dataset comprises 8,597 news samples. Dis-
tinct from previous works, each sample in the SSS
dataset includes group labels and social harm coef-
ficients, along with corresponding evidence. The
final statistics of each dataset and their training,
validation, and test splits are reported in Table 1.

Table 1: Data Composition and Partitioning of the
Weibo-21, Fakeddit, and SSS Datasets. The evidence
for Weibo-21 and Fakeddit originates from our evidence
retrieval framework.

Dataset Type Train Val Test

Real Fake Real Fake Real Fake

Weibo-21 Post 1330 1406 443 468 443 469
Evidence 12118 2503 2601

Fakeddit Post 1603 1947 536 649 535 649
Evidence 14646 4893 4846

SSS Post 2554 2609 848 867 850 868
Evidence 22781 7549 7732

4.1.2 Baselines
We compare our proposed method with two cate-
gories of baseline models:

• Without External Knowledge: MVAE
(Khattar et al., 2019), CAFE (Chen et al.,
2022), HMCAN (Qian et al., 2021b), Event-
Radar (Ma et al., 2024), and MSACA (Wang
et al., 2024).

• With External Knowledge: EGHGAT (Guo
et al., 2024), KEHGNN-FD (Xie et al., 2023),
and GLPN-LLM (Hu et al., 2025).

4.1.3 Experiment Details
All experiments are implemented using the Py-
Torch framework. The model is trained end-to-end
using the AdamW optimizer, with a learning rate of
1×10−4 and a weight decay of 0.01. The batch size
is set to 32, and the maximum number of training
epochs is 50.

4.2 Performance on Public Benchmarks
4.2.1 Benchmark Comparison
Table 2 presents the experimental results on the
Weibo-21 and Fakeddit datasets. On the Chinese
Weibo-21 dataset, our model achieves an accu-
racy improvement of approximately 2.17% over
the strongest non-knowledge-based baseline, and
a gain of about 3.37% compared to the strongest
knowledge-augmented baseline. On the English
Fakeddit dataset, our model also shows consistent
superiority, outperforming the best competing base-
line by approximately 3.04%.

4.2.2 Representation Analysis
Through t-SNE visualization, we observe that the
complete model yields the clearest separation be-
tween real and fake news representations; in con-
trast, removing either the evidence augmentation or
the consistency modeling module leads to substan-
tially increased class overlap. This phenomenon
indicates that evidence enhancement and the con-
sistency subgraph play a critical role in learning
discriminative representations.

4.2.3 Ablation Study
To verify the effectiveness of individual compo-
nents in the neuro–symbolic integration framework,
we design two ablation variants: (1) w/o Evidence,
which removes the external evidence augmentation
module; (2) w/o Consistency, which removes the
consistency subgraph.
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Table 2: Performance comparison of DGFND-ES with other methods on the Weibo-21 and Fakeddit datasets.

Dataset Category Method Acc.
Fake News Real News

P R F1 P R F1

Weibo-21

Without Ext.

MVAE 0.7638 0.7554 0.7896 0.7721 0.7732 0.7372 0.7548
CAFE 0.8147 0.8521 0.7740 0.8112 0.7819 0.8578 0.8181
HMCAN 0.8695 0.8616 0.8891 0.8751 0.8785 0.8488 0.8634
Event-Radar 0.8806 0.8747 0.8957 0.8851 0.8871 0.8647 0.8757
MSACA 0.8936 0.8619 0.9446 0.9013 0.9347 0.8397 0.8847

With Ext.
EGHGAT 0.6612 0.6581 0.7100 0.6831 0.6650 0.6095 0.6360
KEHGNN-FD 0.7643 0.7545 0.8013 0.7772 0.7759 0.7252 0.7497
GLPN-LLM 0.8816 0.8574 0.9232 0.8891 0.9115 0.8375 0.8729

DGFND-ES (Ours) 0.9153 0.8913 0.9457 0.9177 0.9423 0.8849 0.9127

Fakeddit

Without Ext.

MVAE 0.7660 0.7657 0.8259 0.7947 0.7665 0.6935 0.7282
CAFE 0.7863 0.7727 0.8644 0.8160 0.8079 0.6916 0.7452
HMCAN 0.8564 0.8507 0.8952 0.8724 0.8643 0.8093 0.8359
Event-Radar 0.8385 0.8274 0.8882 0.8567 0.8542 0.7795 0.8151
MSACA 0.8463 0.8399 0.8891 0.8638 0.8551 0.7944 0.8236

With Ext.
EGHGAT 0.6867 0.6687 0.8490 0.7481 0.7278 0.4897 0.5855
KEHGNN-FD 0.7646 0.7585 0.8470 0.8003 0.7746 0.6610 0.7133
GLPN-LLM 0.8750 0.8711 0.9060 0.8882 0.8802 0.8374 0.8582

DGFND-ES (Ours) 0.9054 0.9074 0.9214 0.9144 0.9029 0.8860 0.8943

Figure 3: t-SNE visualization of representations learned
by DGFND-ES and its ablated variants on Weibo-21
and Fakeddit.

The experimental results are reported in Table 3.
When external evidence is removed (w/o Evidence),
the model’s accuracy on the Weibo-21 dataset
drops by approximately 2.5%. This result indi-
cates that external evidence provides event-level,
dynamic fact-checking capabilities that are distinct
from static knowledge. When the consistency sub-
graph is removed (w/o Consistency), the model
accuracy further decreases by about 3.0%. This
demonstrates that the semantic and logical consis-
tency between textual and visual content within a
news item constitutes a core basis for fake news
detection, and its absence directly undermines the
model’s performance.

Table 3: Ablation results of the DGFND-ES architecture
on the Weibo-21 and Fakeddit datasets.

Dataset Method Accuracy F1-score

Weibo-21
DGFND-ES (ALL) 0.9153 0.9152
w/o Evidence 0.8904 0.8902
w/o Consistency 0.8847 0.8847

Fakeddit
DGFND-ES (ALL) 0.9054 0.9044
w/o Evidence 0.8834 0.8815
w/o Consistency 0.8894 0.8881

4.3 Evaluation on the SSS Dataset

4.3.1 Overall Performance

The experimental results show that DGFND-ES
achieves an accuracy of 0.8050 on the SSS dataset,
outperforming all baseline models in terms of over-
all performance. Further analysis reveals that meth-
ods relying on generic external knowledge gener-
ally underperform most approaches without exter-
nal knowledge in terms of accuracy. This is mainly
because static, general-purpose knowledge graphs
lack event specificity in breaking news scenarios,
which easily introduces semantic noise and weak-
ens discriminative capability. In contrast, the event-
driven evidence modeling proposed in this work
maintains higher semantic relevance and effectively
alleviates these issues.
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Table 4: Performance comparison of DGFND-ES with other methods on the SSS dataset.

Dataset Category Method Acc.
Fake News Real News

P R F1 P R F1

SSS

Without Ext.

MVAE 0.6318 0.6365 0.6630 0.6495 0.6264 0.5987 0.6122
CAFE 0.7090 0.6676 0.8445 0.7457 0.7823 0.5706 0.6599
HMCAN 0.7509 0.7607 0.7396 0.7500 0.7414 0.7624 0.7517
Event-Radar 0.7362 0.7131 0.8019 0.7549 0.7668 0.6687 0.7144
MSACA 0.7637 0.7590 0.7800 0.7693 0.7688 0.7471 0.7578

With Ext.
EGHGAT 0.6170 0.6190 0.6290 0.6240 0.6148 0.6047 0.6097
KEHGNN-FD 0.6645 0.6558 0.6827 0.6690 0.6739 0.6467 0.6600
GLPN-LLM 0.7014 0.7735 0.5783 0.6618 0.6576 0.8271 0.7327

DGFND-ES (Ours) 0.8050 0.7820 0.8514 0.8152 0.8331 0.7576 0.7936

Figure 4: Comparison of different models in terms of
group fairness disparity and harm-aware metrics. Lower
values indicate better performance.

4.3.2 Fairness and Harm-Aware Evaluation
As shown in Figure 4, DGFND-ES exhibits the
smallest overall area in the radar chart. It achieves
lower values across multiple key metrics related
to group fairness disparities and harm-aware costs,
indicating that the model can more effectively bal-
ance group fairness and harm awareness while
maintaining strong detection performance.

4.3.3 Case Study
As shown in Figure 5, the upper example is a piece
of real news about Aloha Airlines Flight 243, where
the news and the retrieved evidence are highly con-
sistent in stance. DGFND-ES correctly classifies it
as real, whereas MSACA makes an incorrect pre-
diction. The lower example concerns a false claim
about the 2020 U.S. mail-in voting. Although it ap-
pears superficially credible, evidence from authori-

Figure 5: Case studies on challenging real and fake
multimodal news comparing MSACA and DGFND-ES.

tative sources provides a clear refutation. DGFND-
ES is able to make the correct judgment, while
MSACA is misled. These cases demonstrate that
by integrating external evidence with internal con-
sistency modeling, DGFND-ES achieves more reli-
able fake news detection.

5 Conclusion

In this study, we propose a dual-graph collabo-
rative framework for fake news detection that in-
tegrates evidence enhancement with sociological
constraints. By jointly modeling news content and
external evidence within a neuro-symbolic dual-
graph architecture, the framework enables collabo-
rative reasoning, achieving improved detection per-
formance while effectively accounting for group
fairness and harm sensitivity, and providing a sys-
tematic solution for responsible fake news detec-
tion in real-world scenarios.
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Limitations

Dependency on External Evidence. The pro-
posed framework relies on retrieving evidence from
the internet for event-level verification and reason-
ing. In the case of breaking news, authoritative
reports may not yet be established online, making
it difficult to obtain effective auxiliary informa-
tion. Furthermore, if the retrieved evidence con-
tains noise or misinformation, it may interfere with
the reasoning process of the dual-graph network,
thereby affecting the final detection accuracy.

High Computational Cost. This framework in-
corporates a Large Language Model to quantify
the stance of each piece of evidence and constructs
a complex dual-graph interaction network. Com-
pared to lightweight end-to-end detection models,
this architecture increases computational resource
consumption and inference latency, which to some
extent limits the method’s deployment efficiency in
large-scale real-time data streaming scenarios.
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To comprehensively evaluate the performance of
DGFND-ES, we benchmark it against diverse state-
of-the-art methods. These baselines are selected to
cover varying levels of external information utiliza-
tion and are categorized into two groups:

Methods Without External Knowledge: These
approaches focus on mining features from the inter-
nal multimodal content of the posts without relying
on auxiliary information.

• MVAE (Khattar et al., 2019): Uses a multi-
modal variational autoencoder to learn shared
latent representations of text and images, re-
constructing the input to capture cross-modal
correlations.

• CAFE (Chen et al., 2022): Focuses on cross-
modal ambiguity learning, assessing the con-
sistency between modalities to adaptively ag-
gregate unimodal and cross-modal features for
detection.

• HMCAN (Qian et al., 2021b): Employs a
hierarchical multi-modal contextual attention
network to model deep intra-post text-image
correlations and align features through multi-
step reasoning.

• Event-Radar (Ma et al., 2024): Proposes an
event-driven multi-view learning framework
that aims to identify event-independent fea-
tures, thereby improving the model’s general-
ization capabilities on unseen events.

• MSACA (Wang et al., 2024): Utilizes a multi-
scale semantic alignment mechanism to align
and fuse text and image features at differ-
ent semantic levels, effectively capturing fine-
grained inconsistencies.

Methods With External Knowledge: These ap-
proaches enhance reasoning capabilities by incor-
porating external knowledge graphs or background
information.

• EGHGAT (Guo et al., 2024): Leverages
Graph Attention Networks (GAT) to process
external knowledge graphs, enhancing the
representation of entity relationships through
neighbor information aggregation.

• KEHGNN-FD (Xie et al., 2023): Uses a het-
erogeneous graph neural network to deeply
fuse external structured knowledge with mul-
timodal content features, capturing rich se-
mantic relations.

• GLPN-LLM (Hu et al., 2025): A state-of-the-
art method that synergizes Large Language
Models (LLMs) with global label propagation,
using LLMs to generate pseudo-labels and
alleviate the scarcity of supervision data.
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Table 5: Prompt for High-Quality News Data Screening

Speaker Content
User You are a professional data screening expert for fake news research, specializing in

selecting high-quality news data. Your task is to determine whether the given news
content meets the standards of high-quality news.
High-quality news must satisfy the following criteria:

• Text completeness: The text should have a relatively complete beginning and
ending. It should not be composed of isolated phrases, disordered sentences,
or clearly truncated content.

• Concrete elements: The content should include specific information such as
time, location, people involved, or the main subject of the event, rather than
vague or abstract discussions.

• Narrative nature: The text should describe an event or viewpoint with a basic
narrative structure, rather than purely emotional expressions or meaningless
repetition.

Exclusion conditions (if any of the following conditions is met, the news should be
considered "unusable"):

1. The text is incomplete, missing key information, or obviously truncated.

2. There are clear grammatical errors or logical inconsistencies.

3. The text lacks explicit news elements such as time, location, or entities.

4. Fewer than 10 characters of key informational content are present.

5. The content lacks concrete details and cannot be verified.

6. The text contains a large amount of garbled characters or obvious formatting
errors.

Output requirement: Only return "Usable" or "Unusable". Do not provide explana-
tions or any additional text.

User News content: “Breaking News: Early Monday morning, a strong 7.8-magnitude
earthquake struck southeastern Turkey and northern Syria. Multiple buildings
collapsed, and rescue teams have been deployed. Local authorities have declared a
Level-4 emergency.”

LLM Usable
User News content: “It rained today, and I feel very upset. I hate this kind of weather. It

makes me want to stay in bed all day.”
LLM Unusable
User News content: “A new policy was released yesterday.”
LLM Unusable
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Table 6: Composition and Filtering Results of Multi-source Datasets

Dataset Language Original Size Filtered Size
Weibo-17 (Jin et al., 2017) Chinese 9,528 1,073
Weibo-21 (Nan et al., 2021) Chinese 9,128 790
CFND (Zhang et al., 2024b) Chinese 26,665 380
MR2 (Hu et al., 2023) Chinese & English 14,700 461
Fakeddit (Nakamura et al., 2020) English 1,063,106 2,398
FineFake (Zhou et al., 2024) English 16,909 2,585
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