Fed-MultiFND: Federated Multimodal Learning for
Imbalanced Short Video Fake News Detection

Jixuan Guo, Yihan Gao, Dabao Zhang, Yikun Liu, Boyue Wang*
School of Beijing University of Technology, Beijing, China
Email: guo040723 @emails.bjut.edu.cn, aheadgyh@emails.bjut.edu.cn, wby @bjut.edu.cn

Abstract—Short video platforms have become a dominant
medium for news dissemination, significantly amplifying the
spread and impact of misinformation. Compared to traditional
text-based news, short video fake news detection is more chal-
lenging due to heterogeneous multimodal data and stringent
requirements on both accuracy and efficiency. Moreover, real-
world deployment is constrained by data privacy regulations
that prohibit centralized cross-platform data collection, while
platform-specific data often exhibits uneven distributions of fake
and real news, further hindering model learning. Motivated by
these challenges, we propose a unified framework,Fed-MultiFND,
for multimodal short video fake news detection that jointly
addresses modeling complexity and cross-platform learning con-
straints. The framework integrates a lightweight yet effective
multimodal base model with a federated learning architecture,
enabling collaborative training without raw data sharing. Specif-
ically, hierarchical attention is employed to progressively fuse
textual, auditory, and visual information, while federated learning
facilitates knowledge aggregation across platforms under skewed
data distributions. Through this integrated design, the proposed
approach achieves a practical improvement between detection
effectiveness, robustness to distributional imbalance, and real-
world deployment feasibility.

Index Terms—Short Video Fake News Detection, Multi-Modal
Learning, Attention Mechanism, Federated Learning, data im-
balance

I. INTRODUCTION

Short video platforms have rapidly emerged as a primary
channel for information consumption, enabling news content
to be disseminated at unprecedented speed and scale [5].
While this trend improves accessibility and user engagement,
it also exacerbates the spread of fake news. Due to the
vivid visual presentation and strong emotional appeal of short
videos, misleading information can exert a more profound
influence on public opinion than traditional text-based news.
Overall, the current problems and challenges in short video
fake news detection are concentrated in two aspects,multi-
platform data non-sharing and multimodal fusion processing,
which correspond to Fig. 1.

Detecting fake news in short videos poses significant
challenges. First, short videos inherently contain heteroge-
neous multimodal data, including visual, auditory, and tex-
tual streams with distinct temporal structures and seman-
tic properties. Effectively modeling cross-modal interactions
while suppressing modal noise remains a non-trivial problem.
Early studies have shown that naive feature concatenation or
shallow fusion strategies are insufficient for capturing com-
plex inter-modal dependencies, often leading to suboptimal
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Fig. 1. This figure delineates the core bottlenecks impeding fake news de-
tection in short-form videos, which are grouped into two primary challenges:
multi-platform data non-sharing and multimodal fusion processing. The top-
level overview synthesizes these two critical limitations. The right-hand panel
illustrates the multi-platform data non-sharing issue: due to privacy constraints
and platform-specific policies, the global ecosystem is fragmented into isolated
data silos, with blocked data flows between major social media platforms.
The lower panel details the multimodal fusion processing challenge, which
addresses the need for coordinated semantic modeling across heterogeneous
video, audio, and text modalities to capture the full contextual semantics of
short-form content.

detection performance [6], [19], [29]. Recent deep learning-
based approaches attempt to enhance multimodal reasoning via
attention mechanisms and adversarial learning [10], [27], yet
they often incur high computational costs and face deployment
challenges in real-world systems.

Beyond the challenges in multimodal fusion modeling,
real-world deployment also faces critical constraints arising
from the lack of cross-platform data interoperability. Short
video platforms typically operate under strict data privacy
regulations, which prohibit the sharing of short video data
across platforms. As a result, data collected by different
platforms remain isolated, limiting the applicability of cen-
tralized training strategies and hindering the development of
detection models that can generalize well across heterogeneous
data distributions.Moreover, the absence of cross-platform data
sharing leads to inconsistent or even conflicting descriptions
of the same event across platforms, further exacerbating inter-
platform data imbalance. This isolation forces fake news
detection to rely heavily on manual verification. Due to the
inability to synchronize information in real time, such verifica-
tion is often completed only after misinformation has already
propagated for a prolonged period. This delay substantially
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Fig. 2. Schematic diagram of fake news spread exacerbated by cross-platform
data isolation. Specifically, the lack of data interoperability leads to divergent
claims on the same event across platforms, and manual verification after
prolonged dissemination further amplifies the spread of misleading content.

amplifies the spread of misleading content and magnifies its
potential societal impact, as illustrated in Fig. 2.

To address these challenges, we propose Fed-MultiFND,
a unified framework that jointly tackles multimodal fusion
complexity and cross-platform data non-sharing. Our approach
consists of two tightly coupled components: (1) a lightweight
yet effective multimodal base model that performs hierarchical
attention-based fusion of text, audio, and visual features;
and (2) a privacy-preserving federated learning architecture
that enables collaborative model training across platforms
without exposing raw data [11]. Experiments on two real-
world datasets demonstrate the superiority of the proposed
Fed-MultiFND over eight baseline methods. Our main con-
tributions are as follows:

« To the best of our knowledge, we are the first to systemat-
ically analyze short video fake news detection from both
multimodal modeling and cross-platform deployment per-
spectives, identifying multimodal heterogeneity and data
isolation as two fundamental challenges.

e« We propose a hierarchical multimodal attention-based
base model that progressively fuses text, audio, and visual
information, achieving efficient and robust multimodal
representation learning.

o« We introduce a federated learning framework tailored
for short video fake news detection, enabling privacy-
preserving cross-platform collaboration under both bal-
anced and imbalanced data distributions.

II. RELATED WORK
A. Multimodal Fake News Detection for Short Videos

Early studies on video-based fake news detection primarily
relied on handcrafted multimodal features and shallow fusion
strategies. Hou et al. [29] and Medina Serrano et al. [19]
explored misinformation detection in medical and COVID-19
YouTube videos using speech transcripts and textual features,
while Shang et al. [6] extended this to TikTok short videos
with speech-guided visual representations. Hybrid or shallow
models also incorporated textual, visual, and social-context
features [1], [12], but exhibited limited cross-modal reason-
ing [2], [24].

Recent work leverages deep learning to model complex
cross-modal dependencies. Transformer-based frameworks [3],

[14], [30] and process-aware approaches [4] improve se-
mantic alignment and behavior modeling. Further advances
include multimodal contrastive learning [13], [21], [31], multi-
granularity semantic fusion [21], and large short-video datasets
such as FakeSV [20] and MFND [23]. Despite improved ac-
curacy, these models often rely on heavy pretrained networks,
limiting scalability [7], [8].

B. Federated and Privacy-Preserving Learning

Federated learning enables collaborative training across
distributed clients without sharing raw data [11]. Methods
like FedProx and FedBN address statistical heterogeneity [9],
[15], and surveys summarize FL theory and challenges [25].
Privacy-preserving variants apply differential privacy, secure
aggregation, and blockchain-based methods to multimodal
scenarios [16], [17], [28].

C. Limitations and Research Gap

FL-based fake news detection mainly focuses on textual
data [18], and direct multimodal integration may exacerbate
the issue of multimodal heterogeneity and reduce conver-
gence stability [9], [15]. Our work addresses these gaps by
combining hierarchical multimodal attention with federated
optimization for privacy-preserving short video fake news
detection.

III. METHODOLOGY

To address the two core challenges of short video fake news
detection, we propose the Fed-MultiFND architecture (Fig. 3)
with two key innovations: 1) A federated learning (FL) mech-
anism for cross-platform collaborative training under privacy
constraints, breaking data silos without raw data sharing; 2)
A hierarchical attention-based multimodal fusion model with
high training efficiency, which is fully compatible with FL
scenarios.

A. MultiFND: Hierarchical MultiModal Attention Fusion

Short video fake news contains heterogeneous text, audio
and video modalities with inconsistent feature dimensions,
sequence lengths and semantic structures. To exploit cross-
modal complementarity and avoid semantic interference, Mul-
tiFND follows a unified pipeline: feature unification, intra-
modal enhancement, hierarchical cross-modal interaction, and
classification.

1) Dynamic Routing for Feature Unification: Dual en-
coders for each modality (BERT/X-CLIP for text, Hu-
BERT/VGGish for audio, C3D/X-CLIP for video) output
features with varying lengths and dimensions, hindering di-
rect fusion. We introduce a dynamic routing mechanism to
project all modalities into a unified representation of shape
[B, 32,128], with attention weights adaptively adjusted by
semantic relevance:
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Fig. 3. Regarding the two core issues in short video fake news detection:
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privacy constraints that prevent data sharing across multiple platforms, and technical

difficulties in effectively fusing multimodal (video/audio/text) features, this study innovatively adopts two key methods: first, a multimodal network architecture
based on self-attention + multi-stage collaborative attention (to solve the multimodal fusion problem); second, a federated learning framework (to solve the data
non-sharing problem, which includes three core processes: global model distribution, client-side local training, and parameter aggregation). By integrating the
above two methods, a novel framework, termed Fed-MultiFND is finally constructed, which includes two key links: dataset allocation adapted to multi-platform
scenarios (matching the constraint of data non-sharing), and federated training deployment combined with a multimodal architecture (realizing fake news

detection under cross-platform data privacy protection).

where 3; ; and «y; ; are routing coefficients and normalized
weights, Xfixeq 1S the unified feature. This design ensures di-
mensional consistency while preserving fine-grained semantic
cues.

2) Dual-Encoder Intra-Modal Fusion: Each modality con-
tains complementary high-level semantic and low-level struc-
tural information. We concatenate unified features of dual
encoders for each modality to form a comprehensive intra-
modal representation:

Xiext = [XBiwr; Xxctip-tex] € [B,32,256] 3)

KXaudio = [Xlgﬁ%dERTv X{I/)((}egish] € [37 32, 256] “4)
_ fixed fixed

Xyideo = [X3D 3 XXCLIP-video) € [B)32,256] ®)

A TransformerBlock with 8 attention heads is then used
to model temporal and semantic dependencies within
each modality, generating enhanced intra-modal features
Xt Xidior Xvideo tO strengthen single-modal discriminative
power before cross-modal interaction.

3) Hierarchical Cross-Modal Co-Attention Fusion: Video
and audio are inherently strongly coupled, while text provides
explicit semantic guidance; direct three-modal fusion may
cause semantic interference. We thus propose a hierarchical
co-attention strategy for progressive semantic interaction:

1. Video-Audio Interaction: Bidirectional co-attention is
applied to enhanced video and audio features to capture their
inherent correlation:

\\//iileov audlo - COAttn(X\?ideoa aeudio) (6)
0 > 4 2
XVA = an[ \\/]ﬁje& ;Sdio] + bva; an eR x256 (7)

where CoAttn(-) is the bidirectional co-attention mechanism,
and the linear layer W, projects concatenated features to a
consistent dimension.

2. Audio-Visual-Text Interaction: Fused audio-visual fea-
tures are interacted with text features to incorporate explicit
semantic constraints:

X€7A5 text - COAttn(XVA7 Xlixt) (8)
Xvar = Woa[ Xba; XEi] + buat, Waar € RP*26 - (9)

This two-stage fusion avoids direct mixing of weakly coupled
modalities, ensuring clear semantic alignment and effective
complementary information integration.

4) Classification and Loss Function: To fully utilize cross-
modal interactive features and original intra-modal details,
hierarchical fused features are concatenated with initial intra-
modal features. After temporal correlation extraction via 1D
convolution and dimensionality reduction via mean pooling, a
multi-layer perceptron (MLP) outputs the final classification
result:

§ = MLP(MeanPool(Conv1d(Xtyseq))) € [B, 2]. (10)

For binary fake/real news classification, binary cross-entropy
loss is adopted for stable model convergence:

Ud \

B
Z (1—yi)logdso +yilogginl, (11

where y; € {0,1} is the ground-truth label, §;,7;1 are
predicted probabilities of fake and real news.



B. Federated Learning Framework

In practical deployment, short video platforms form data
silos due to privacy regulations and commercial barriers,
making centralized training infeasible. We design a privacy-
preserving FL framework with a three-stage core workflow:
global model distribution, client local training, and global
parameter aggregation (Fig. 3), enabling cross-platform col-
laborative training without raw data sharing and adapting to
non-IID cross-platform data characteristics.

Each FL communication round follows a closed loop:
global model distribution — client local update — parameter
aggregation for new global model. Details are as follows:

1) Global Model Distribution: At the start of communica-
tion round ¢, the server distributes the current global model
parameter 6§ (superscript ¢ denotes central/global) to all K
clients. Client k synchronizes the global parameter as its local
model initial parameter:

0F « 05, (12)
where 6F is the local model parameter of client k at round .

2) Client Local Training: Client k optimizes model param-
eters using its private dataset Dy, (sample size Nj) and local
loss L*. The core local update rule is:

Of 1 = OF —-nY79£?°(jbf(A@J,yk) ; (13)
where 7 is the learning rate, VoL is the gradient of local loss
with respect to model parameters, X} and y;, are private data
and corresponding labels. Only model parameters are updated
locally, ensuring strict privacy security.

3) Global Parameter Aggregation: After all clients com-
plete local training, they upload updated parameters 0,{“4_1 to
the server. The server aggregates parameters via client sample
size weighting to generate the global model parameter 0f,
for round ¢ 4 1:

K
00 _ Zk:l Nk : afl‘rl
t+1 — K .
> =1 N;

The aggregated global model serves as the initial parameter
for the next communication round, and the process repeats for
T rounds.

(14)

C. Fusion Model: Fed-MultiFND

Fed-MultiFND is a unified framework that integrates the
MultiFND base model as each client’s local model with
the privacy-preserving FL workflow. Each client deploys
MultiFND’s hierarchical multimodal attention architecture to
process private short-video data, while the FL framework
orchestrates cross-platform collaborative training without raw
data sharing. This design simultaneously addresses the two
core challenges of multimodal fusion and cross-platform data
non-sharing.

1) Dataset Splitting: To evaluate the model’s robustness
under realistic cross-platform scenarios, we design two client-
side data distribution configurations:

1) Balanced Configuration: Baseline ideal setting with
a strict 1:1 fake-to-real news ratio for each client’s
local dataset, eliminating data imbalance-induced per-
formance bias and providing a fair reference for hetero-
geneous scenario evaluation.

2) Imbalanced Configuration: Realistic setting with sig-
nificant fake-to-real ratio variations across clients, sim-
ulating cross-platform data differences (e.g., fake news
prevalence, user preferences) to validate the framework’s
adaptability and generalization ability under class imbal-
ance.

All clients share the same validation and test sets to ensure
fair and consistent performance comparison.

2) Model Training: The training process of Fed-MultiFND
realizes deep integration of MultiFND’s hierarchical multi-
modal attention architecture and the FL framework, with mul-
timodal feature processing seamlessly embedded into the FL
loop. Key design principles and formulations are as follows:

1) Attention-Driven Local Multimodal Training Each
client’s local training is built on the MultiFND attention
architecture, with a task-specific local loss £* and het-
erogeneous short-video inputs. The refined local update
rule is:

9,’5“_._1 = 9,’? —nVoLl* <MultiFND94C <x‘,§’“,x‘,‘€”di",x}gde°) ,yk) ,
5)
where MultiFNDy: (- is the self-attention and hierarchi-
cal co-attention based MultiFND model parameterized
by 6.

2) Attention-Weighted Aggregation for Heterogeneous
Adaptation To mitigate the negative impact of hetero-
geneous data on FL aggregation, we design an attention-
weighted global aggregation rule that prioritizes param-
eters capturing universal fake news features:

g — Zszl N - w - Gfﬂ
t+1 178 5
> j=1 Nj - w;
where wy, = ﬁ Yics, ok, with Sy as the set of key
multimodal attention weights for client k, and o as the
attention weight of the ¢-th critical feature.

3) Global-Local Attention Synergy The training follows
a “local attention refinement + global attention aggre-
gation” paradigm: - Local stage: Each client uses self-
attention to refine single-modal features and hierarchi-
cal co-attention to capture cross-modal dependencies
adapted to its private data distribution. - Global stage:
The server aggregates cross-client attention module pa-
rameters, preserving universal attention weights for core
fake news features while integrating client-specific fine-
grained patterns. This synergy ensures the global model
retains both cross-platform generalization and precise
multimodal feature discrimination.

4) Attention Module Integrity Preservation in FL Loop
Unlike naive FL that may degrade complex local mod-

(16)



els, Fed-MultiFND fully preserves the hierarchical co-
attention mechanism during local updates and global
aggregation. The loss function £* jointly optimizes the
attention module and FL compatibility:

L= £MultiFND + /\EFL—consistencyv (17)

where Lyipnp 1S the binary cross-entropy loss for fake
news classification, and Lg consistency Penalizes excessive
divergence between local and global attention parame-
ters.

IV. EXPERIMENTS

In this section, we conduct extensive experiments on
two real-world datasets to verify the effectiveness of Fed-
MultiFND by comparing it with two representative baselines
and the Fed-MultiFND variants.

TABLE I
STATISTICS OF TWO DATASETS FOR EVALUATION

Dataset Split Fake Real Total
Training 1,225 1,225 2,450

FakeSV  Validation 270 500 770
Test 273 238 511

Training 480 480 960

FakeTT  Validation 118 82 200
Test 99 136 235

TABLE II

STATISTICS OF BALANCED CONFIGURATION

Dataset Client Fake Real Total
FakeSV  Client(1-5) 245 245 490
FakeTT  Client(1-5) 96 96 192

TABLE III
STATISTICS OF IMBALANCED CONFIGURATION

Dataset Client Fake Real Total
Clientl 98 392 490
Client2 172 318 490
FakeSV  Client3 245 245 490
Client4 318 172 490
Client5 392 98 490
Clientl 38 153 192
Client2 67 125 192
FakeTT  Client3 96 96 192

Client4 125 67 192
Client5 153 38 192

A. Datasets

Two publicly available multimodal short-video fake news
datasets are adopted for experimental validation, with details
as follows:

o FakeSV: Collected from 2017 to 2022, contains 3,624
text/audio/video multimodal short-video samples. Its
training set has balanced fake/real labels, while the
validation and test sets are intentionally imbalanced to
simulate realistic cross-platform data distributions.

o FakeTT: Spanning 2019 to 2024, contains 1,991 mul-
timodal short-video samples with pronounced cross-
platform data heterogeneity. It follows the same train-
ing/validation/test split strategy as FakeSV to ensure
consistent and fair evaluation.

To simulate realistic cross-platform scenarios and support
federated learning experiments, we design three data parti-
tioning schemes:

o Table I: Full split statistics of the complete FakeSV and
FakeTT datasets, serving as the baseline;

o Table II: Ideal balanced setting, with training data evenly
distributed across 5 clients, each holding a strict 1:1 fake-
to-real news ratio;

o Table III: Imbalanced non-IID setting mimicking cross-
platform data differences, with systematic perturbations
applied to data partitioning, resulting in fake-to-real ratios
of (0.2, 0.35, 0.5, 0.65, 0.8) across the 5 clients.

The validation and test sets remained unchanged across all
schemes to ensure the fairness of model evaluation.

B. Baseline

Two types of comparative experiments are designed to val-
idate the effectiveness of the proposed method: first, ablation
studies on the base model under centralized settings to exam-
ine the performance of each base module; second, performance
comparisons between the federated learning-enhanced model
and relevant baseline methods.

To ensure fair comparisons, we select 8 representative
multimodal fake news detection methods covering traditional
handcrafted feature-based, neural network-based, and large-
scale pre-trained models, with detailed descriptions as follows.

« HCFC-Hou [29]: Linguistic, acoustic and engagement
features with SVM for fake news classification.

o HCFC-Media [19]: TF-IDF features from video text +
SVM for social media misinformation detection.

o TikTie [6]: Fuses speech-guided visual and MFCC-
guided speech text via co-attention for short-video fake
news detection.

o CAFE [10]: Ambiguity-aware multimodal fusion with
auxiliary unimodal tasks to reduce modal inconsistency
misclassifications.

« FANVM [27]: Fuses keyframe visual and text features
via topic modeling and adversarial networks for topic-
agnostic fake news verification.

« FakingRecipe [4]: Process-aware dual-branch framework
(MSAM for semantic/sentiment clues, MEAM for spa-
tiotemporal editing patterns) with late fusion for short-
video fake news detection.

o GPT-4: Closed-source large multimodal model, enabling
zero-shot fake news discrimination via prompt engineer-
ing on video text.

¢ Qwen-VL: Open-source Chinese visual-language model
with strong cross-modal alignment and scalability.



TABLE IV
PERFORMANCE COMPARISON UNDER CENTRALIZED LEARNING

Dataset ~ Model Accuracy  Fl-score  Precision  Recall
HCFC-Hou 74.91 73.61 75.58 73.30
HCFC-Media 76.38 75.83 76.14 75.66
TikTie 73.43 73.26 73.23 75.33
CAFE 78.78 78.30 78.12 78.60

FakeSV ~ FANVM 79.52 78.81 79.17 78.46
GPT-4 67.43 67.34 70.76 75.67
Qwen-VL 74.17 76.35 78.47 74.34
FakingRecipe 82.29 82.70 83.06 82.29

“Ours T 83.06 ~ 83.06 ~ 83.06  83.06
HCFC-Hou 73.24 72.00 71.99 74.65
HCFC-Media 66.24 62.23 65.58 66.84
TikTie 62.52 65.08 65.84 67.87
CAFE 62.87 62.46 65.32 66.89

FakeTT FANVM 71.57 70.21 70.22 72.63
GPT-4 61.45 60.66 63.28 65.31
Qwen-VL 58.86 73.89 64.21 87.00
FakingRecipe 77.45 76.77 76.91 76.67

“Ours T 78727 7858 78.69 7942

C. Performance Comparison

Our experiments include three parts: performance evalu-
ation of the centralized base model, and two comparative
experiments of the federated learning (FL)-integrated model
under balanced and imbalanced data settings. We simulate
5 independent clients to mimic cross-platform data isolation,
and compare the proposed Fed-MultiFND and federated Fak-
ingRecipe with individual client training and centralized full-
dataset training. Data statistics are detailed in Tables II and
1.

1) Centralized Learning Evaluation: To establish a base-
line for FL experiments, we train § representative baselines
(handcrafted feature methods, multimodal models, vision-
language models) and our MultiFND on FakeSV and FakeTT
under identical settings (results in Table IV). Key findings:
1. Lightweight multimodal models and general VLMs have
limited performance and robustness, with obvious degradation
on FakeTT. 2. Specialized cross-modal models perform better,
but still suffer from cross-dataset generalization issues. 3. Our
MultiFND outperforms all baselines including FakingRecipe
on both datasets, with stable superior performance via hier-
archical attention fusion, laying a solid foundation for FL
deployment.

2) Federated Learning Evaluation: We evaluate federated
learning on 5 platform-simulating clients under balanced and
imbalanced data configurations (data partitioning in Tables II
and III), with validation/test sets consistent with the centralized
setting.

Results in Tables V and VI show federated learning con-
sistently boosts performance: compared with isolated client
training, federated models achieve higher accuracy and lower
performance variance, proving global aggregation mitigates
single-platform learning limitations.

Federated models match centralized training performance
under the balanced setting, and deliver even more prominent
advantages in the imbalanced scenario (where local models
degrade severely from skewed data) by maintaining stable

TABLE V
PERFORMANCE COMPARISON UNDER FEDERATED LEARNING BALANCED
CONFIGURATION
Dataset Method Client Accuracy Fl-score Precision Recall
FakingRecipe Base Model  82.29 82.70 83.06  82.29
Clientl 79.83 79.53 81.72  79.84
Client2 73.74 73.50 74.62  73.74
Client3 74.16 74.02 74.69  74.16
Client4 78.15 78.08 78.55  78.15
Client5 75.63 75.61 7572 75.63
FakeSV - — — — — — _ _ | Fed 7867  78.67  79.16  79.09
Ours Base Model  83.06 83.06 83.06 83.06
Clientl 74.17 74.12 75.26  74.80
Client2 72.80 72.76 72.79  72.90
Client3 74.95 74.64 75.02  74.54
Client4 70.25 70.21 71.18  70.84
Client5 70.84 70.66 7277 7171
Fed 79.26 79.25 79.44  79.53
FakingRecipe Base Model = 77.45 76.77 76.91 76.67
Clientl 74.75 74.62 75.25 7475
Client2 72.22 72.06 7275  72.23
Client3 76.26 76.09 77.06  76.26
Client4 68.69 68.53 69.06  68.69
Client5 75.25 75.07 76.02  75.26
FakeTT - — — — — _ _ _ | Fed ~ 76.87 7578  80.04  75.09
Ours Base Model  78.72 78.58 78.69 79.42
Clientl 67.23 67.23 68.71 68.81
Client2 67.76 67.59 70.96  70.14
Client3 70.21 70.20 7140  71.65
Client4 68.09 68.00 68.58  68.99
Client5 70.64 70.15 70.06  70.37
Fed 77.45 77.21 7714 77.77
TABLE VI

PERFORMANCE COMPARISON UNDER FEDERATED LEARNING
IMBALANCED CONFIGURATION

Dataset Method Client Accuracy Fl-score Precision Recall
FakingRecipe Base Model  82.29 82.70 83.06 82.29
Clientl 73.78 73.65 75.56  74.54
Client2 77.89 77.89 78.37  78.31
Client3 77.89 76.97 80.04  76.88
Client4 76.91 76.31 7777  76.18
Client5 60.67 51.10 73.56 5791
FakeSV - « — — — — _ _ _ Fed 8219 8089 8272 8169
Ours Base Model ~ 83.06 83.06 83.06 83.06
Clientl 80.04 80.04 80.45 8043
Client2 77.50 77.49 7798 7791
Client3 69.86 69.51 72.66  70.93
Client4 74.95 74.74 7757 7594
Client5 77.10 76.93 77.04  76.87
Fed 82.78 82.77 82.85 82.99
FakingRecipe Base Model  77.45 76.77 76.91 76.67
Client1 73.62 68.46 82.09 68.96
Client2 60.00 59.94 60.71  61.09
Client3 74.04 73.27 73.48  73.18
Client4 77.87 77.76 7798  78.69
Client5 53.19 50.04 64.84  58.60
FakeTT - — — — — — — _ Fed 7532 7454 7472 7442
Ours Base Model  78.72 78.58 70.94  83.84
Clientl 67.23 62.69 68.33  63.31
Client2 65.11 62.93 64.03  62.85
Client3 61.70 61.70 63.60  63.48
Client4 58.72 57.62 66.27  62.83
Client5 63.83 63.38 69.63  67.24
Fed 76.17 75.42 75.60  75.29




performance. These results verify the robustness and general-
ization of federated learning in real cross-platform scenarios.

3) Case Study: In centralized training, our MultiFND
achieves state-of-the-art performance, outperforming Fak-
ingRecipe and other baselines with strong multimodal fusion
and noise resistance. FakingRecipe serves as a strong compet-
itive benchmark.

Further experiments validate federated learning’s effec-
tiveness for cross-platform fake news detection: both Fed-
MultiFND and federated FakingRecipe outperform most in-
dividual client models, with performance close to central-
ized training, confirming federated learning can break cross-
platform data silos without privacy violations.

Notably, Fed-MultiFND consistently outperforms federated
FakingRecipe in both balanced and imbalanced settings, bene-
fiting from the integration of hierarchical multimodal attention
and attention-aware aggregation for stronger federated robust-
ness. Overall, this case study validates that Fed-MultiFND
offers a more reliable and effective solution for real-world
cross-platform short video fake news detection.

V. CONCLUSION

From a practical cross-platform standpoint, we innovatively
integrate federated learning into multimodal models to ad-
dress inter-platform data cannot be shared for training. We
propose Fed-MultiFND, which tackles the dual challenges of
multimodal heterogeneity and cross-platform data isolation.
Furthermore, to simulate the potential data imbalance issues
induced by cross-platform data, we construct two represen-
tative scenarios and compare them with the currently best
performing model. Validated on FakeSV and FakeTT datasets,
the framework outperforms individual client training under
both balanced and imbalanced settings, delivering a privacy-
compliant solution for cross-platform short video fake news
detection.
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