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Abstract

The rapid proliferation of fake news poses significant societal and psychological risks, driv-
ing an urgent need for automated detection systems. While conventional unimodal methods
fail to capture complex cross-modal relationships, existing multimodal frameworks are
often computationally prohibitive for real-world deployment. To address this limitation,
this paper proposes two lightweight, high-performance multimodal frameworks for fake
news detection: Cross-Modal Consistency Modeling (CMCM) and Parameter-Efficient
Cross-Modal Attention (PE-CMA). The CMCM architecture utilizes a similarity branch to
explicitly model semantic alignment and misalignment between text-image pairs, effectively
identifying mismatched content characteristic of fake news. Conversely, the PE-CMA archi-
tecture introduces a lightweight cross-modal attention mechanism combined with a learned
token pooling technique. This compresses token representations into a highly informative
subset prior to attention application, significantly lowering computational complexity while
preserving cross-modal interactions. Both frameworks leverage MobileNetV3-Large and
TinyBERT as highly efficient image and text encoders, respectively. Extensive evaluations
on the Fakeddit and Weibo datasets demonstrate the superiority of the proposed methods.
On Fakeddit, CMCM and PE-CMA achieve classification accuracies of 92.29% and 91.17%,
respectively. On Weibo, PE-CMA and CMCM deliver accuracies of 91.81% and 91.06%,
respectively. Ultimately, these architectures outperform several state-of-the-art baselines,
offering an optimized balance between classification accuracy and computational efficiency.

Keywords: fake news detection; multimodal frameworks; cross-modal attention

1. Introduction

The exponential growth of digital communication platforms has revolutionized infor-
mation dissemination, enabling news to propagate globally with unprecedented velocity.
This rapid spread has significantly amplified the societal impact of misinformation, pos-
ing severe threats to public and social trust [1]. Empirical research indicates that fake
news diffuses approximately six times faster than verified information and exhibits a 70%
higher probability of being retweeted [2]. This profound disparity underscores the critical
real-world impact of digital misinformation and highlights the urgent necessity for robust
intervention mechanisms.
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Manual fact-checking is inherently unscalable and cannot keep pace with the massive
volume of real-time online content. Consequently, automated detection frameworks are
essential to provide the computational speed and consistency required for real-time data
monitoring, thereby alerting users and platforms prior to widespread viral dissemination.
Modern misinformation is intrinsically heterogeneous, integrating diverse data modali-
ties such as text, images, video, and audio. Effective automated systems must therefore
transcend single-modality analysis to model these diverse data types within an integrated
computational framework.

Early automated detection paradigms primarily relied on unimodal architectures [3-5].
Text-based approaches extract contextual and semantic features from written content to
isolate linguistic patterns indicative of deception. While effective for semantic analysis,
these models fail to evaluate visual components, such as manipulated images, which are
often deployed to add emotional weight and reinforce misleading claims. Conversely,
image-based unimodal systems [6,7] focus strictly on visual content to detect structural
manipulations or anomalies. However, their efficacy is bounded because they neglect the
accompanying textual context, which frequently contains critical semantic cues necessary
for veracity verification.

To address these limitations, multimodal fake news detection frameworks combine
textual and visual modalities to enable a holistic analysis of news content. Rather than
evaluating features in isolation, multimodal systems exploit the cross-modal dependencies
that deceptive content often relies upon to appear credible. By jointly processing text
and images, these architectures can identify semantic inconsistencies and cross-modal
misalignments that are undetectable when modalities are analyzed independently, thereby
significantly enhancing classification accuracy.

Numerous studies [8-10] have validated the superiority of multimodal architectures,
demonstrating that deep learning frameworks leveraging cross-modal fusion consistently
outperform unimodal baselines. Despite these advancements, a critical research gap persists.
The majority of state-of-the-art multimodal detection models [11,12] maximize classification
accuracy by employing deep, highly parameterized architectures that are computationally
prohibitive for real-world deployment. This limitation underscores an urgent need for
lightweight, resource-efficient multimodal frameworks.

This work stems from a critical empirical observation in digital disinformation: fake
news is fundamentally characterized by semantic dissonance or contextual mismatch be-
tween the textual claim and its accompanying visual asset [13,14], rather than the intrinsic
complexity of either modality alone. Recognizing that cross-modal inconsistency carries
more diagnostic weight than sheer scale, our proposed architectures deliberately shift the
parameter budget away from oversized unimodal backbones. Instead, we focus architec-
tural capacity entirely on capturing cross-modal alignment and interactions, ensuring that
classification power emerges directly from modeling cross-modal consistency rather than
expanding parameter count.

Lightweight architectures optimize computational efficiency by minimizing parame-
ter counts and floating-point operations while maintaining high representation capacity.
Examples include MobileNet [15] and GhostNet [16] for visual feature extraction, along-
side TinyBERT [17] and MiniLM [18] for natural language processing. To preserve this
efficiency during data integration, lightweight cross-modal fusion mechanisms are required
to capture complex inter-modality interactions without introducing significant computa-
tional overhead. Additionally, incorporating an explicit similarity measurement branch
is essential to model semantic alignment or misalignment between modalities, allowing
the system to mathematically quantify cross-modal consistency. To address these chal-
lenges, this work focuses on designing lightweight multimodal architectures, specifically
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the Cross-Modal Consistency Modeling (CMCM) and Parameter-Efficient Cross-Modal
Attention (PE-CMA) frameworks, that integrate efficient attention fusion mechanisms with
dedicated similarity branches to effectively capture cross-modal inconsistencies without
compromising edge-device viability.

The primary contributions of this research are summarized as follows:

e  We propose two novel, lightweight multimodal frameworks: Cross-Modal Consistency
Modeling (CMCM) and Parameter-Efficient Cross-Modal Attention (PE-CMA), which
intentionally shift computational budgets from oversized unimodal backbones to
highly optimized cross-modal interactions using MobileNetV3-Large and TinyBERT
as shared encoders.

e  We design a dedicated parallel similarity measurement branch within the CMCM
framework that leverages auxiliary alignment losses to mathematically quantify se-
mantic dissonance, enforcing strict structural alignment and effectively isolating the
cross-modal mismatches inherent in digital disinformation.

e  Weintroduce a low-overhead attention mechanism in the PE-CMA framework that
bypasses the quadratic complexity of standard cross-attention by integrating learned
token pooling with low-rank query factorization, preserving fine-grained token-level
mapping at a fraction of the computational cost.

e We provide a systematic architectural synthesis evaluating multiple projection-
head alignment strategies and fusion topologies (including concatenation, Siamese,
and Hadamard styles).

While certain isolated components have been individually studied, this work pro-
vides a unique architectural synthesis optimized for multimodal fake news detection. This
includes evaluating distinct fusion topologies (Concatenation and Siamese Fusion) along-
side projection-head alignment to map disparate modalities into a unified dimensional
space. Comprehensive evaluations on the benchmark Fakeddit [19] and Weibo [20] datasets
demonstrate state-of-the-art efficiency. Specifically, CMCM-Siamese achieves 92.29% accu-
racy on Fakeddit with only 19.29 M parameters, while PE-CMA attains 91.81% accuracy on
Weibo with just 15.33 M parameters, as validated through detailed ablation, frozen-encoder
probing, and comparative studies.

The remainder of this paper is structured as follows. Section 2 reviews the existing
literature on multimodal fake news detection. Section 3 details our proposed architectures,
and Section 4 outlines the experimental setup. We present our findings in Section 5 and
analyze them in Section 6. Finally, Section 7 concludes the paper and suggests directions
for future work.

2. Related Work

This section reviews the foundational literature in multimodal misinformation analysis.
Early detection frameworks relied predominantly on unimodal paradigms, employing sta-
tistical, recurrent, and transformer backbones for textual verification [3-5,21-23] or forensic
and convolutional feature extractors for visual manipulation detection [6,7]. However,
as highlighted in recent taxonomies categorizing detection into small-model paradigms
versus large language model-involved frameworks [24], single-channel representations
cannot capture inter-modality discrepancies, making cross-modal fusion essential while
balancing representation capacity with deployment feasibility. Accordingly, we focus on
multi-source modeling across traditional and attention-based fusion strategies, examine
cross-modal consistency paradigms via Siamese networks, and delineate the computational
limitations addressed by our proposed architectures.
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2.1. Multimodal Fake News Detection

To overcome the limitations of single-source analysis, traditional multimodal frame-
works merge textual and visual features using feature-level concatenation [8,11,12,25-31]
or decision-level ensembling [9,32-34].

In early feature-level approaches, networks combined convolutional or transformer
text embeddings with VGG-19 visual vectors [35], using structures such as event adversarial
game constraints to isolate event-independent factors across Twitter and Weibo datasets [25],
or mapping aligned text-image matrices into a unified classification layer [26]. Genera-
tive architectures have also utilized feature concatenation within a shared latent layer of a
multimodal variational autoencoder to map foundational cross-modal correlations during
training [27]. When benchmarked on the Fakeddit dataset, concatenated dual-branch con-
volutional neural networks consistently outperformed standalone unimodal baselines [8].
Beyond simple feature-level concatenation, alternative aggregation strategies have been
explored to manage modal dependencies; these include hybrid fusion approaches that unite
early and late fusion paths through meta-learning classifiers [36], and architectures imple-
menting both concatenation and maximum fusion logic alongside supplemental metadata
features like image polarity and popularity [9]. Stacked ensemble paradigms integrating
specialized language configurations, such as BERT [37] combined with ELECTRA [38] and
NasNet [39] architectures, have succeeded in optimizing accuracy while restricting overall
computational complexity across standard benchmarks [32]. Multi-view frameworks like
bootstrapping multi-view representations have been introduced to deconstruct inputs by
isolating textual narratives from discrete low-level visual patterns and higher-level image
semantics [33].

To capture deeper semantic interdependencies and cross-modal correlations, con-
temporary architectures employ attention-based fusion mechanisms that dynamically
weigh and integrate heterogeneous data streams. Transformer-based self-attention lay-
ers have been used to project image embeddings directly into textual token spaces, enabling
joint multimodal interaction and surpassing traditional concatenation or late-fusion bench-
marks [40]. Rather than relying on simple feature aggregation, advanced architectures
implement co-attention layers to learn multi-domain dependencies across textual, spatial—-
visual, and frequency-domain representations [41], or integrate attention mechanics with
bidirectional recurrent networks alongside image tampering algorithms to align multimodal
consistency across text-image pairs [13]. Furthermore, cross-modal attention has been
leveraged in combination with contrastive learning and optimal transport to minimize
representation gaps and align feature distributions [14]. To resolve cross-source differences,
multilevel frameworks deploy sequential cross-attention stages that map visual-semantic
alignment before filtering redundant features with self-attention layers [42]. Attention
mechanisms also allow models to dynamically adapt to data ambiguity; for instance, mea-
suring text-image ambiguity via divergence metrics enables frameworks to selectively shift
focus between distinct unimodal features and global cross-modal correlations based on
content consistency [43]. Attention-driven fusion has also been embedded within multi-
stage frameworks that mimic cognitive workflows, incorporating domain-specific terms,
structural keyword generation, and summarization pipelines to simulate human thinking
for fraud classification [44].

Recent multimodal fake news detection frameworks have predominantly prioritized
predictive effectiveness by deploying high-capacity foundation models, generative pipelines,
and complex ensembles. For instance, approaches aligning semantic and entity representa-
tions via multi-stage BERT and co-attention modules [45], or stacking vision-and-language
transformers such as RoBERTa [46] and vision transformers (ViT) [47] through Variational
Autoencoder bottlenecks and gated attention [48], achieve superior classification accuracy
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at the expense of substantial computational and memory overhead. Similarly, incorporat-
ing auxiliary generative models, such as text-conditioned generative adversarial networks
(GANSs) [49] to synthesize images for visual consistency checks [50] or adversarial multi-
modal GAN architectures paired with legacy CNN-transformer ensembles [51], introduces
severe latency bottlenecks and training instability. Even parameter-efficient adaptation
and prompt-tuning strategies, including dual-stream shared prompts over ViT and XLM-
RoBERTa [52] backbones [53] and interactive text-aware CLIP prompting [54], remain
computationally tethered to hundred-million-parameter foundational encoders. Further-
more, deep multi-model ensembles stacking disparate architectures like VILBERT [55],
Transformer-XL [56], XLNet [57], and T5 [58] metaclassifiers [59] induce extreme parameter
bloat that limits throughput.

2.2. Lightweight Detection Frameworks

To facilitate deployment on resource-constrained devices, contemporary lightweight
frameworks minimize structural and computational complexity across deepfake detec-
tion [60,61], computer vision forensics [62], and multimodal alignment tasks [63-66].
In deepfake forensics, architectural footprints are constrained either by replacing heavy
networks with concatenated handcrafted texture and keypoint descriptors evaluated via
traditional classifiers [60], or by incorporating pyramid atrous aggregation and shuffle
fusion mixers within streamlined convolutional neural networks (CNNs) to optimize pa-
rameter counts and FLOPs [61]. Similarly, unimodal frameworks achieve task-specific
efficiency by substituting conventional convolutions with depthwise-separable layers to
analyze localized motion residue windowing [62], or by leveraging asymmetric group
convolution branches coupled with multi-scale coordinate attention to isolate complex plant
disease patterns without severe computational overhead [67]. Beyond single-source inputs,
heterogeneous multimodal systems balance high-dimensional streams through parameter-
efficient encoding and streamlined cross-modal fusion. This includes pairing MobileNet
backbones with partially frozen text layers for emotion recognition [63], replacing massive
vision-language transformer layers with dictionary lookup transformations [64], using
weight-sharing multi-branch vision transformers for remote sensing segmentation [65],
and integrating specialized foundation models with low-rank adaptation layers for medical
visual question answering [66]. Collectively, these methodologies demonstrate that partial
network freezing, sub-network weight sharing, and specialized layer design can drastically
reduce parameters with minimal loss in classification accuracy.

2.3. Applications of Siamese Networks

Siamese architectures serve as an effective paradigm for verification, matching,
and tracking tasks by processing input pairs through identical weight-sharing subnet-
works to map comparable latent embeddings [68]. Conventionally deployed for unimodal
tasks like few-shot image classification and visual object tracking, these networks evaluate
multi-level features using distance metrics or cross-correlation similarity spaces to locate tar-
gets across sequential frames [69-71]. To bridge cross-modal dependencies, contemporary
frameworks adapt Siamese-inspired architectures to multimodal contexts to evaluate seman-
tic consistency and alignment. In vision-language tracking, cross-modal bilinear fusion and
dual co-attention are integrated into Siamese pipelines to capture higher-order relationships
for spatial localization [72]. Siamese fusion strategies are uniquely suited for detecting
semantic agreement and structural contradictions between heterogeneous streams; com-
bining visual and textual features via concatenation, absolute differences, and Hadamard
products enables models to accurately classify content alignment in complex multimodal

https://doi.org/10.3390/app162110797


https://doi.org/10.3390/app162110797

Appl. Sci. 2026, 16, 10797

6 of 35

media [73]. Although Siamese networks have seen extensive utility across these similarity-
based domains, their application remains unexplored within fake news detection.

2.4. Discussion of Related Work

The literature highlights a definitive paradigm shift from unimodal architectures to-
ward transformer-based multimodal systems to combat complex digital misinformation.
While single-source models isolate distinct semantic patterns in text [3,22,23] or structural
tampering in images [6,7], they fail to capture cross-modal dynamics in real-world contexts
where unmanipulated images are weaponized through deceptive text alignment, such as
the “False Connection” anomalies categorized in standard benchmarks like Fakeddit [19]
and Weibo [10,14,74]. To bridge this gap, classical frameworks employ feature-level con-
catenation [8,10-12,30], mathematical variants [9,34], or decision-level ensembles [32,34],
while advanced frameworks leverage attention mechanisms to explicitly align text tokens
with visual features [14,42,44,74].

While these advanced frameworks successfully model text-image consistency, they
inherently couple the alignment mechanisms directly into the deep feature fusion process.
This formulation introduces severe computational bottlenecks, as aligning multimodal
semantics relies on parameter-heavy cross-attention transformers [40,42], bidirectional re-
current networks [13], or complex optimal transport metrics [14] to iteratively evaluate full,
uncompressed token sequences. Consequently, these traditional approaches suffer from
quadratic computational complexity and severe parameter bloat, limiting their viability
for resource-constrained deployments. In direct contrast to these heavily coupled formula-
tions, our proposed architectures explicitly mitigate these bottlenecks through two distinct
lightweight strategies. First, the CMCM architecture decouples consistency measurement
from the fusion stage by implementing a parallel, lightweight similarity branch on shallow
global embeddings, enforcing cross-modal consistency without the massive parameter
overhead of traditional co-attention models. Second, to directly address the quadratic com-
plexity of sequence alignment, the PE-CMA architecture introduces learned token pooling
prior to cross-modal interaction. PE-CMA structurally compresses the sequence length of
extracted features, drastically reducing GFLOPs and memory footprint without sacrificing
the dynamic, fine-grained feature-weighing capabilities of traditional co-attention.

Concurrently, there is an evident architectural evolution toward substituting tradi-
tional CNNs with parameter-efficient transformers, such as utilizing BERT for text alongside
ViT or parameter-optimized adaptations like LoRA to reduce inference overhead [11,42].
More recently, Siamese-style fusion configurations like SImCLIP have emerged to iden-
tify semantic contradictions by passing cross-modal inputs through operations such as
concatenation, absolute differences, and Hadamard products [72,73]. However, a critical
limitation persists: these Siamese approaches rely fundamentally on a shared latent em-
bedding space predefined by joint models like CLIP [75]. When text and visual inputs
are encoded via separate, unaligned network types, simple mathematical operations fail
to expose underlying discordances. Consequently, a pronounced research gap persists:
the existing literature overwhelmingly optimizes detection metrics by compounding struc-
tural complexity, frequently layering multi-stage foundation models, generative verification
pipelines, and cumbersome ensembles, leaving a critical need for lightweight, low-latency
architectures that achieve state-of-the-art accuracy through parameter-efficient cross-modal
attention and contrastive alignment without relying on unwieldy foundation backbones.

To systematically address the limitations identified in prior work and establish a base-
line for our framework and its subsequent conclusions, this study formalizes its objectives
through the following three core research questions:
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e RQ1: To what extent can a computationally streamlined, lightweight architecture
effectively mitigate parameter overhead in multimodal fake news detection while
maintaining competitive classification performance?

e  RQ2: Does the explicit modeling of cross-modal discrepancies via a dedicated similarity
evaluation branch enhance the detection of deceptive news, specifically in resolving
contextually unrelated text-image pairs?

e  RQB3: Can the synergistic integration of low-rank weight decomposition and learned
token pooling minimize the computational complexity of cross-modal attention mech-
anisms without degrading their contextual representation capacity?

3. Proposed Multimodal Architectures

To address the computational and modeling limitations of existing multimodal fake
news detection systems, this section introduces two lightweight architectures: the Cross-
Modal Consistency Modeling (CMCM) framework and the Parameter-Efficient Cross-Modal
Attention (PE-CMA) framework. Both models shift from conventional unimodal processing
to an integrated multimodal pipeline, relying on optimized feature extractors. We first
define the shared modality encoders, followed by a detailed mathematical formulation of
the integration strategies and similarity measurements unique to CMCM and PE-CMA.

3.1. Modality Encoders
3.1.1. MobileNetV3-Large Visual Feature Extractor

To balance classification accuracy with edge-device computational efficiency, we em-
ploy MobileNetV3-Large [76], an architecture optimized via platform-aware Neural Ar-
chitecture Search (NAS) [77] and NetAdapt [78]. The network is built upon inverted
residual bottleneck blocks integrated with Squeeze-and-Excitation (SE) modules [79] and
computationally efficient activation functions: hard-swish (h-swish(x), Equation (1)) and
hard-sigmoid (h-sigmoid(x), Equation (2)) .

h-swish(x) = x - w (1)
ReLU6(x + 3
h-sigmoid(x) = % (2)

Processing a 224 x 224 x 3 RGB input, the network hierarchically extracts features
through a sequence of early, mid, and deep depthwise convolutional bottlenecks. Instead of
an exhaustive layer-by-layer breakdown, the progression can be summarized as a systematic
reduction in spatial resolution coupled with channel expansion, shifting from standard
ReLU to hard-swish activations in deeper layers to maximize representational capacity
without inflating latency. Ultimately, a 1 x 1 convolution expands the final spatial features
to 960 channels, followed by 7 x 7 global average pooling. This yields a compact semantic
feature representation ready for cross-modal integration.

3.1.2. TinyBERT Textual Feature Extractor

To achieve high textual encoding efficiency, we utilize TinyBERT [17], a compact
Transformer variant distilled from BERT that drastically reduces layer count and hidden
dimensions while preserving performance. The network processes an input sequence of
length L through an embedding layer—combining token, positional, and segment embed-
dings—yielding an L x 312 feature matrix.

This matrix is iteratively refined across four identical Transformer encoder blocks, each
comprising a multi-head self-attention (MHSA) mechanism and a feed-forward network
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(FEN). The MHSA sublayer computes scaled dot-product attention across 12 parallel heads
(dy = 26) according to Equation (3):

T
Attention(Q, K, V) = softmax( Q\/Ii )V (3)
dy

where Q, K, and V represent the query, key, and value matrices.

Following attention computation, the representations are normalized and passed into
the FEN. Rather than detailing the standard linear expansions and compressions typical
of Transformer blocks, we highlight the use of the Gaussian Error Linear Unit (GELU)
activation function [80] within the FFN, approximated in Equation (4):

GELU(x) ~ 0.5x(1 + tanh[\]g(x + 0.044715x3)D (4)

Standard residual connections and layer normalization are applied after both the
MHSA and FFN sublayers to stabilize learning, ultimately producing contextualized token
embeddings ready for cross-modal integration.

3.2. Cross-Modal Consistency Modeling (CMCM) Architecture

The design of the CMCM framework is motivated by the need for explicit, joint op-
timization of semantic fusion and structural alignment. While standard fusion strategies
combine features blindly for a final classification head, they often fail to force the network
to explicitly recognize whether an image-text pair belongs together. To resolve this, CMCM
introduces a dedicated Similarity Measurement Branch running parallel to the fusion layer.
By enforcing an auxiliary alignment loss (via Cosine Similarity or Symmetric Contrastive
Loss), the network is explicitly penalized when processing mismatched multimodal con-
tent. This structural constraint guides the projection heads to map highly consistent pairs
close together in the shared latent space, providing the subsequent classification layer with
highly discriminative, consistency-aware feature representations without adding heavy
transformer layers.

The proposed CMCM framework utilizes MobileNetV3 [76] and TinyBERT [17] as
lightweight image and text encoders, balancing computational efficiency with accuracy.
An overview of the proposed framework is provided in Figure 1. Raw text and image inputs
are processed through modality-specific encoders to extract feature representations, which
are subsequently mapped to a shared dimension via projection heads. During training,
feature alignment is evaluated using a similarity function, while a fusion strategy combines
the projected vectors to feed a final classification layer.

3.2.1. Modality Embeddings and Projection Heads

Prior to multimodal fusion, feature representations are extracted directly from the sub-
network backbones rather than their task-specific classification heads. Visual Embeddings
are extracted from MobileNetV3 following global average pooling (with the final expan-
sion layer and classification head omitted), yielding a compact 960-dimensional semantic
image vector. Textual Embeddings are extracted from the final TinyBERT encoder layer by
selecting the 312-dimensional [CLS] token embedding, which serves as the holistic context
representation for the input text sequence.
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Figure 1. Overall architecture of the proposed Cross-Modal Consistency Modeling (CMCM) Ar-
chitecture. (A) Image and text encoders. (B) Projection head. (C) Fusion module. (D) Similarity
function. (E) Classification layer.

To align feature dimensions across modalities prior to fusion, independent shallow
projection heads map the extracted embeddings into a shared 512-dimensional vector
space [73,81]. Each projection head consists of a single linear layer, GELU non-linear
activation (4), and L, normalization (5) [82]:

e=— < (5)

v e2te

i=1"1
where e denotes the input vector and € represents a small stability constant. This trans-
forms the 312-dimensional TinyBERT embedding and 960-dimensional MobileNetV3 em-
bedding into normalized, dimensionally compatible representations E,, € R and
Eimage € R%'?, respectively.

3.2.2. Fusion Strategies

To systematically evaluate the impact of multimodal integration on representation
quality, we explore four feature-level fusion strategies [83]:

1. Concatenation Fusion: Preserves modality-specific characteristics by concatenating em-
beddings directly along the feature dimension [8-12], producing a 1024-dimensional
joint vector Eg g.q:

Efused = Concat(Etext/ Eimage) (6)

2.  Element-wise Maximum Fusion: Selects the maximum feature activation across
aligned dimensions to highlight dominant cross-modal signals [9], yielding a 512-
dimensional vector:

E®

fused

= max(EQy, Ef.. ) (7)

3. Siamese-style Fusion: Following [73], combines joint representations, absolute differ-
ences, and element-wise products into a 2048-dimensional vector to capture semantic
alignment and divergence:

Efused = [Concat(EtextI Eimage>/ |Etext - Eimage'/ Etext © Eimage] (8)

4. Hadamard Product with Element-wise Summation: Integrates unimodal features with
cross-modal interactions by adding the Hadamard interaction term E; ...¢ (9) to the
original embeddings, yielding a 512-dimensional vector (10):

Einteract = Etext © Eimage (9)

Efused = E’cext + Eimage + Einteract (10)
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3.2.3. Similarity Measurement Branch

To provide explicit cross-modal consistency cues for fake news detection, we incor-
porate a similarity measurement branch operating on the projected embeddings e, and
e, [13,14]. Because cross-modal inconsistency frequently signals unverified or manipulated
content, this branch calculates an alignment loss L, based on matched versus mismatched
image-text pairs. We evaluate two similarity-based loss functions:

1.  Cosine Similarity Loss: Computes the normalized cosine similarity score s € [-1,1]
between projected text and image embeddings [13]:
€ €
llesllle,

(11)

The score s is converted into an alignment probability p, via the sigmoid function:

_ 1
T 1l4es

Ps (12)

Given a pair alignment label y € {0, 1}, the similarity loss ., is computed using binary
cross-entropy:

L, = —-[ylog(py) + (1 —y)log(1 —p,)] (13)

2. Contrastive Loss: Computes scaled dot-product similarity distributions across a batch
of N pairs using a temperature parameter 7 [14]. The directional text-to-image (p'~")
and image-to-text (p'~") probability matrices are defined as:

(qé) (%4)
expl —= exp\ —

nd S S A ot — N 7
pij - i.ek pz; N e;-e’f
Zk=1 exp T

N elel\’
D=1 ©XP ( - )
The cross-entropy losses for both directions are evaluated against ground-truth pairing

(14)

labels y;;:

1 &Y . 1 &N ,
Liny = N ; nyij 108?’5‘7[’ Ly = N Z{ Zlyif logpgl'ﬁl (15)

]

]

The final contrastive similarity loss is given by the symmetric average:

1
L= 5L+ L) (16)

3.2.4. Classification Layer and Total Objective

The fused feature representation Eg,.q is processed through a feed-forward network
(FEN), a task-specific classifier, and a Softmax function to generate final class predictions.

The FEN applies layer normalization, linear projection, dropout regularization, and a
GELU activation function (4), repeated N times to balance computational efficiency and
feature extraction. The output is fed into a classifier head comprising layer normalization,
a linear layer, GELU activation, and a final linear layer to project the features into C class
logits (z). The raw logits are converted into class probabilities §j; via the Softmax function:

Zi

Softmax(z;) = (17)

C  z
7
j=1°

During training, the primary task is optimized using categorical cross-entropy loss:

C
06@3(]//_1?) = _Zyiloggi (18)
i=1
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To jointly leverage classification performance and cross-modal consistency, the model
optimizes a weighted multi-task loss L., combining classification loss with the alignment
loss L:

Liotal = @Le (v, §) + BL;, wherea + =1 (19)

During inference, final predictions are determined by arg max;(#,).

3.3. Parameter-Efficient Cross-Modal Attention Architecture (PE-CMA)

The Parameter-Efficient Cross-Modal Attention (PE-CMA) framework is engineered
specifically to capture fine-grained token-level interactions without suffering from the
quadratic computational complexity (O(N?)) typical of standard cross-attention. PE-CMA
resolves this computational bottleneck through a two-fold design strategy: first, it utilizes
learned token pooling (via TokenLearner and attention-based mechanisms) to dynamically
compress raw visual and textual tokens into a fixed set of P = 8 representative structural
tokens. Second, it employs low-rank query projection to factorize query matrices while
directly reusing keys and values from the opposing modality. This allows PE-CMA to
achieve the expressive capability of deep bidirectional cross-attention at a fraction of the
computational cost, as shown in Figure 2C.

8
3 g g
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3 6—> E g g3
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IS z 5 £
: " o
= [E]
: c
f o 8 Leaned
TR sis c & Weighted & Classification
1 1 =0 o @ Pooling X ™
! ! I K RN =H0 i FFN —> Classifier —> Softmax c
. s 1 SESEcH Nom e = | =, HE i o
1§ 2 3 §i = EE @ O LR a1 i 1 1 b
3 o E f g I ©
128 8 st )i BT 1= -1 s
| s i HHE ™ 2 Softmax H K H E 3 K Bl E L g
i 1 gl |2 4 8 2 5 g2 o 2 5 o § CNN
U] s Weighted
i 3 Sum
]
x £
@9 >
£ & B
3 s E a =2 8 g
o =z =0 E ¢
o —> z = % 5 £ Text - Image Attention
Y o s ® 2 o ©
g & 2 g g
FFN X X X
3 Learned Token Pooling {
! = =
% [=) a

Figure 2. Overview of the proposed Parameter-Efficient Cross-Modal Attention (PE-CMA) archi-
tecture. (A) Image and text encoders. (B) Projection head. (C) Parameter-efficient Cross-modal
Attention Block. (D) Adaptive weighted pooling layer. (E) Classification layer.

PE-CMA employs the same feature extraction backbones as CMCM (MobileNetV3 [76]
and TinyBERT [17]), but retains token-level representations rather than pooled embeddings.
For visual tokens, the global average pooling and classification layers from MobileNetV3 are
omitted, yielding a 7 x 7 x 960 feature map, treated as 49 spatial visual tokens of dimension
960. Conversely, the full contextualized sequence embeddings from TinyBERT are retained
as textual tokens, bounded by sequence length L (L = 64 for Fakeddit; L = 197 for Weibo)
with a hidden dimension of 312.

Using the same single linear layer and L,-normalization design described in Section 3.2.1,
the visual (49 x 960) and textual (L x 312) token sequences are projected into a shared
256-dimensional latent space. Reducing embedding dimensions prior to cross-attention
minimizes both parameter count and FLOPs, which scale linearly in low-rank attention
mechanisms [84].
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The Cross-Modal Attention (CMA) block establishes cross-modal interaction through
learned token pooling and low-rank query projection [85], minimizing computational
overhead by compressing token sequence lengths prior to attention calculations.

3.3.1. Learned Token Pooling

To mitigate the quadratic cost of attending over raw token sequences (49 visual, 64 or
197 textual), each modality is independently compressed into P = 8 representative tokens:

1. Visual Token Pooling: Utilizing TokenLearner (specifically TokenLearnerModule-
V11) [86], spatial feature maps X € RE*"*? are modulated by P = 8 learned spatial
attention maps a;(X), broadcast across channels via y(-), and spatially aggregated via
global average pooling p(-):

Zi = P(X © 7(“:(X)))/ Zvis = [Zi]le € RPXd (20)

2. Textual Token Pooling: Following attention-based pooling principles [87], textual
tokens X € R* are normalized across the sequence length via a lightweight scoring
network f, () to generate P = 8 compressed tokens Z,, € R

A = softmax(fy(X)), Zi =AX (21)

3.3.2. Low-Rank Query Projection and Bidirectional Attention

To minimize parameter complexity, only query projections W, are learned, while key

(K) and value (V) representations are directly reused from the opposite modality’s pooled

tokens [85]. Query matrices Q, for each modality i € {t, v} are factorized using a low-rank
bottleneck of rank r [88]:

Qi = ZW{W + by, (22)

where the pooled input sequence Z; € RP*4

W e R™>" and WS e R,
Using text-to-image interaction as an example, scaled dot-product attention weights

, and the projection matrices are defined as

a;_,, and attended outputs A, are evaluated as:

QKy

a,_,, = softmax
e

)I At = ‘xt—mvv (23)

The output is processed through a residual connection, layer normalization, and a
GELU-activated linear projection:

E, = Norm(A; + Z;), O, = GELU(Linear(E,)) (24)

Symmetric operations yield updated visual representations O,. The final cross-
modal representation F € R?™ concatenates both refined sequence vectors along the
token dimension:

F = Concat(O,, O;) (25)

4. Materials and Methods

We first introduce the datasets and preprocessing protocols, detailing the prepara-
tion of the Fakeddit and Weibo benchmarks. We then discuss the encoder selection and
preliminary experiments that justified the choice of lightweight backbones. Finally, we
provide the experimental setup and implementation details, specifying the procedures for
model selection and hyperparameter tuning alongside the performance measures used for
model evaluation.
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4.1. Datasets and Preprocessing
4.1.1. Fakeddit Dataset

To train and evaluate the proposed architectures, we utilize the Fakeddit dataset [19],
a large-scale multimodal repository sourced from Reddit using the pushshift.io API [89].
Each submission in this dataset contains an image, its corresponding text caption (omitting
accompanying articles), and various metadata.

The dataset comprises 1,063,106 total samples collected from 22 thematic subreddits.
For this study, we isolate the 682,661 multimodal samples (text-image pairs), which are
distributed into 413,753 fake samples and 268,908 real samples (Figure 3a). The official
dataset split is preserved, allocating approximately 82.6% for training, 8.7% for validation,
and 8.7% for testing (Figure 3b).

Fakeddit Dataset Split

56565 Fakeddit Dataset Statistics 564,000 (82.6%)

413,753 (60.6%) 500,000
400,000

400,000

268,008 (39.4%)

300,000

Number of Samples
Number of Samples

200,000

100,000 100,000

59,342 (8.7%) 59.319 (8.7%)

0

Training Set Validation Set Released Test Set
Sample Category Dataset Split

(a) (b)

Figure 3. Fakeddit dataset class distribution and split: (a) Distribution of real vs. fake multimodal
samples in the Fakeddit dataset. (b) Fakeddit Dataset Split.

While Fakeddit offers fine-grained labeling hierarchies (2-way, 3-way, and 6-way clas-
sification) to categorize specific misinformation types such as satire, misleading content,
and manipulated images, our study focuses exclusively on binary (2-way) classification.
Under this scheme, a sample is labeled as true only if both the image and corresponding text
are accurate and semantically aligned; all other instances (e.g., false connections, manipu-
lated content) are aggregated into the fake class. Although the dataset includes comments
and metadata, our experimental pipeline strictly utilizes only the image and text modalities.

4.1.2. Weibo Dataset

To evaluate the proposed architectures on a non-English corpus, we utilize the Weibo
dataset [20], sourced from the Chinese microblogging platform Sina Weibo [90]. Ground
truth annotations are established via Sina Weibo’s official rumor debunking system: false
posts are labeled as rumors by a review committee, while real posts are verified by the
Xinhua News Agency [91].

Following the data filtering and splitting protocols established in prior multimodal
studies [25,92], we utilize a refined subset of 7723 samples, comprising 4108 rumors (fake)
and 3615 non-rumors (real) (Figure 4a). We utilized the predefined training, validation,
and testing splits provided in the publicly available Event Adversarial Neural Networks
(EANN) repository [25]. To explicitly prevent data leakage, the original EANN study
partitioned the dataset at a 7:1:2 ratio strictly at the event level using a single-pass clustering
method. This event-based separation guarantees that no common events are shared across
the training (5415 samples), validation (843 samples), and testing (1465 samples) sets
(Figure 4b).
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While the original dataset includes complex social context features (e.g., reposts, user
metadata), our experimental pipeline strictly isolates the text and image modalities to focus
on visual-linguistic consistency.

Weibo Dataset Statistics Weibo Dataset Split

4108 (53.2%) 5415 (70.1%)

4000
5000

3615 (46.8%)

3000 000

3000

2000

Number of Samples
Number of Samples

2000
1465 (19.0%)
1000
1000 843 (10.9%)

Training Set Validation Set Test Set
Sample Category Dataset Split

(a) (b)

Rumor Samples

Figure 4. Weibo dataset class distribution and split: (a) Distribution of real vs. fake multimodal
samples in the Weibo dataset. (b) Weibo Dataset Split.

4.1.3. Data Preprocessing Pipeline

Identical preprocessing pipelines were applied to both datasets to ensure compatibility
with the selected encoders.

Visual inputs were converted to standard RGB format, resized to 224 x 224 pixels, trans-
formed into tensors [93], and normalized utilizing ImageNet dataset statistics. To enhance
model generalization and mitigate positional or lighting biases, dynamic (on-the-fly) data
augmentations, specifically random cropping and color jittering, were applied exclusively
during the training phase [94].

Textual data was tokenized using the WordPiece algorithm [95], which handles out-of-
vocabulary words via subword mapping and eliminates the need for traditional stemming or
lemmatization [96]. Sequences were bookended with standard ‘[CLS]” and ‘[SEP]’ tokens,
and uniform tensor dimensions were enforced via padding (using ‘[PAD]’) or truncation.
The maximum sequence length was strictly bounded according to the respective dataset
characteristics: 64 tokens for Fakeddit and 197 tokens for Weibo. Finally, sequences and
their corresponding attention masks were converted into numerical identifiers to ensure
the encoder exclusively processed valid tokens.

To evaluate the cosine similarity loss, binary semantic alignment targets were derived
from the native annotations of each dataset. For the Fakeddit dataset, samples labeled as
“false connection”, where the image explicitly does not support the text, were mapped to
the mismatched class, while all other remaining samples in the dataset were mapped to
the matched class. Because the Weibo dataset lacks fine-grained alignment annotations,
we utilized its global labels: the “non-rumor” class was mapped as a matched pair, while
the “rumor” label served as a heuristic proxy for a mismatched pair. This aligns with
observations that Weibo rumors frequently rely on out-of-context images [25] and that
cross-modal inconsistency indicates fabricated news [97]. However, we acknowledge that
this acts as a noisy proxy, as some fake news samples inherently exhibit strong semantic
alignment through custom-edited images.

For the contrastive loss, negative pairs are created artificially during training via in-
batch negative sampling, following the formulation by [14]. Specifically, matched pairs
correspond to the image and text belonging to the same original dataset sample. Dur-
ing training, each text embedding is compared with all image embeddings within the same
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mini-batch. The image associated with the same sample is treated as the matched pair,
while images from the other samples in the mini-batch are treated as mismatched pairs.

4.2. Encoder Selection and Preliminary Experiments

To identify the most efficient modality extractors, preliminary evaluations were con-
ducted on subsets of the Fakeddit dataset [19] using an NVIDIA T4 GPU and optimizing
for Cross-Entropy loss. As detailed in Tables 1 and 2, model performance and efficiency
are evaluated across four key metrics: total trainable parameters in millions (Params (M)),
floating-point operations in billions (FLOPs (G)), classification accuracy on the validation
split, and total wall-clock training duration in minutes (Train Time (min)).

Image Encoder Selection: Three architectures were evaluated on a 10% Fakeddit sub-
set (approximately 37,600 non-corrupted images, utilizing an 80:20 internal training-to-
validation split): MobileViT-V2 [98] from Hugging Face [99], alongside GhostNetV2 [16]
and MobileNetV3-Large [76] from the TIMM library [100]. Models were trained for 5 epochs
utilizing a batch size of 32 and a learning rate of 1 x 10~* (Table 1).

Table 1. Comparative evaluation of image encoder backbones across validation accuracy and compu-
tational cost on Fakeddit.

Model Params (M) FLOPs (G) Accuracy (%) Train Time (min)
GhostNetV2 4.88 0.362 75.69 29
MobileNetV3-Large 5.48 0.220 74.76 26
MobileViT-V2 4.39 3.700 75.47 40

While GhostNetV2 marginally outperformed in accuracy (<1% difference), MobileNetV3-
Large demonstrated a superior efficiency trade-off, requiring significantly fewer FLOPs and
the shortest training time. MobileVil-V2 was excluded due to its prohibitive computational
overhead. Consequently, MobileNetV3-Large was selected as the visual backbone.

Text Encoder Selection: Five Transformer-based models were evaluated on 470,754
Fakeddit text samples (excluding sequences < 2 words), utilizing an 80:10:10 internal
training-validation-test split. The evaluation included ALBERT-base [101], TinyBERT [17],
DistilBERT [102], and MinilL M [18,99], as well as DeBERTa-v3 [103] configured with Low-
Rank Adaptation (LoRA) [104]. Sequences were capped at 128 tokens, and models were
trained for 3 epochs with a batch size of 16 and a learning rate of 2 x 10> (Table 2).

Table 2. Comparative evaluation of text encoder backbones across validation accuracy and computa-
tional cost on Fakeddit.

Model Params (M) FLOPs (G) Accuracy (%) Train Time (min)
ALBERT-base 12.0 21.8 85.52 186
TinyBERT 14.5 1.2 86.39 35
MiniLM 220 -1 87.02 43
DistilBERT 66.0 22.0 87.13 92
DeBERTa-v3 + LoRA 184.0 50.0 85.62 161

! —indicates missing or unreported FLOPs in the original MiniLM literature.

TinyBERT achieved the most optimal balance of efficiency and classification perfor-
mance. Although MiniLM and DistilBERT provided marginal accuracy improvements,
they incurred substantially higher parameter counts and longer training times. ALBERT
and DeBERTa-v3 yielded lower accuracies while requiring extensive computational time.
Therefore, TinyBERT was selected to fulfill the lightweight architectural requirements for
the text modality.
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4.3. Experimental Setup and Implementation Details

Experiments were implemented in Python 3.13.16 using Google Colab with an NVIDIA
A100 GPU runtime. Local preprocessing and preliminary tasks utilized a Windows 11
laptop (Intel Core i7-1360P, 16 GB RAM).

4.3.1. Model Selection and Hyperparameter Tuning

Following architecture construction, models undergo end-to-end training, with hyper-
parameters optimized via Optuna [105] using the AdamW optimizer [106] on validation
sets. Table 3 lists fixed configurations.

Table 3. Static training configurations and architectural parameters across datasets.

Hyperparameter Value

Projection Head Dimension 512 (CMCM), tuned in PE-CMA
Projection Head Layer 1 Layer

Projection Head & Classification Activation GELU

TinyBERT Token Length 64 (Fakeddit), 197 (Weibo)
Optimizer Type AdamW

Loss Function Cross-Entropy Loss

The search spaces for hyperparameter tuning are summarized in Table 4 for the CMCM
architecture and Table 5 for the PE-CMA architecture.

Table 4. Hyperparameter search space defined for Optuna optimization of the CMCM architecture.

Hyperparameter Range of Values
Batch Size 8,16, 32, 64,128
Classification FFN Blocks 1,2
Dropout Rate 0.0,0.1,0.2,04
Learning Rate 1072,1073,10*

Concatenation, Element-Wise Max, Siamese Style,

Fusion Strategies Hadamard Product with Element-Wise Sum

Loss Weights («, B) (0.8,0.2), (0.7,0.3)
Alignment Loss Type Contrastive Loss, Cosine Similarity Loss
Contrastive Loss Temperature 0.1,0.07

Table 5. Hyperparameter search space defined for Optuna optimization of the PE-CMA architecture.

Hyperparameter Range of Values
Batch Size 8, 16,32, 64,128
Classification FEN Blocks 1,2
Dropout Rate 0.0,0.1,0.2,0.4
Learning Rate 1072,1073,10*
Shared Projection Dimension 256, 512
Low-rank Decomposition Rank 16, 32, 45

4.3.2. Evaluation Methodology

To evaluate classification performance and computational efficiency, the following
metrics are utilized. For all binary metrics, the positive class is defined as ‘Fake’ for the
Fakeddit dataset and ‘Rumor’ for the Weibo dataset:
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e  Accuracy (Acc): Measures the overall proportion of correct predictions made by the

classifier [107]:

TP + TN
A = T T TN+ EN £ EP (26)

where TP, TN, FP, and FN denote true positives, true negatives, false positives,

and false negatives, respectively.
e Precision (P): Quantifies the proportion of correctly predicted positive outcomes
among all predicted positives [107]:

TP

P=T577pP

(27)

e  Recall (R): Measures the proportion of actual positive outcomes correctly identified

by the model [107]:
TP

R=TprEN
o  F1-Score (F1): Computes the harmonic mean of precision and recall, serving as a

(28)

robust measure for imbalanced datasets [107]:
[1=2.—— (29)

e  Parameters and FLOPs: Model complexity is evaluated via total trainable weights
(Parameters) [108] and floating-point operations per second (FLOPs), which sum the
arithmetic operations required for a single forward pass across all layers [109].

e Inference Time: Measures the average wall-clock time required by a trained model to
process a single sample during testing [110].

Statistical significance (« = 0.05) across fusion strategies, ablation settings, and archi-
tectures is determined using IBM SPSS Statistics 32 via the Wilcoxon signed-rank test [111]
and the Friedman test [112], with the Holm—Bonferroni correction applied to all post hoc
p-values. To isolate the contribution of individual architectural components and design
choices, dedicated ablation experiments are conducted, with detailed configurations and
findings presented alongside the evaluation in Section 5 .

It is important to distinguish the evaluation methodology used for the preliminary
experiments from that of the final architectures. While all preliminary evaluations averaged
results across ten independent training runs using random initial seeds to ensure structural
stability, the final CMCM and PE-CMA models were each based on a single trained instance.
To assess performance variability and conduct rigorous statistical comparisons between
these final models without the computational burden of repeated end-to-end training
runs, we employed a paired bootstrapping technique. In all statistical comparisons, we
paired performance samples using a shared, fixed pool of 30 bootstrap resamples across
the compared models; the same bootstrap instances generated the corresponding paired
results. Consequently, this bootstrap procedure specifically measures the robustness of
the predictions against sample variance, rather than variance arising from random weight
initialization or optimization stochasticity.

5. Results

We first present the outcomes of the hyperparameter tuning and configuration selec-
tion phase to establish optimal baseline settings. We then analyze the optimized baseline
performance and evaluation, followed by ablation studies and component analysis that
isolate the performance impact of individual architectural components. Next, we assess
feature transferability through a frozen pre-trained encoder evaluation. We then conduct a
CPU-based inference and quantization analysis to validate the architectures’ lightweight
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design and viability for edge deployment, before finally providing a comparative evaluation
with existing studies to contextualize our performance against current benchmarks.

5.1. Hyperparameter Optimization and Architectural Configuration Selection

Hyperparameters were optimized over 50 trials using Optuna [105] to maximize
validation accuracy on the Fakeddit dataset. The optimization process incorporated early
stopping via a MedianPruner, configured with 5 startup trials, 3 warmup steps, and an
evaluation interval of 1 step. For the Weibo dataset experiments, the batch size was set to
64 and the maximum token length was restricted to 197 [33].

5.1.1. CMCM Tuning Outcomes and Fusion Strategy Selection

Optuna tuning across four fusion strategies yielded the optimal configurations and
validation accuracies presented in Table 6, showing the Optimal Batch Size, Number of
Feed-Forward Neural Network (FFN) Blocks, Projection layer Dropout (Proj. Dropout),
Classification layer Dropout (Cls. Dropout), Learning Rate (LR), «, B, Alignment Loss Type
(Align. Loss), Temperature (Temp.), and the Corresponding Best Validation Accuracy (Val.
Acc). Concatenation achieved the highest validation accuracy at 88.67%, closely followed
by Hadamard product with element-wise summation (88.60%), Siamese-style (88.24%),
and element-wise maximum (88.04%).

Table 6. Optimal hyperparameter configurations and corresponding validation accuracies across
different CMCM feature fusion strategies.

Fusion Strategy Batch FFN Proj. Cls. LR [ B Align. Temp. Val.
Size  Blocks Drop. Drop. Loss Acc (%)
Concatenation 128 1 0.2 0.0 10* 08 0.2 Contrastive 0.1 88.67
Element-wise Max. 32 2 0.2 0.2 10~ 0.8 0.2 Contrastive 0.1 88.04
Siamese-style 128 1 0.1 0.2 10 07 0.3 Contrastive ~ 0.07 88.24
Hadamard + Sum 32 1 0.2 0.2 107* 08 0.2 Contrastive ~ 0.07 88.60

A global Friedman test across 10 random seeds indicated a statistically significant
difference among the fusion strategies (p < 0.001). Mean ranks identified concatenation
and Siamese-style as the top performers (both 3.30), followed by Hadamard product with
sum (2.40) and element-wise maximum (1.00).

Pairwise Wilcoxon signed-rank tests with Holm—Bonferroni correction (« = 0.05)
confirmed that concatenation and Siamese-style significantly outperform element-wise
maximum, while differences involving the Hadamard product and between concatenation
and Siamese-style (p = 0.96) are not statistically significant (Table 7). Nonetheless, con-
catenation and Siamese fusion were selected as the primary fusion strategies due to their
consistently superior performance.

Table 7. Pairwise Wilcoxon signed-rank test comparisons of feature fusion strategies with Holm-Bon-
ferroni correction (a = 0.05).

Fusion Strategy Concatenation Element-Wise Max. Siamese-Style

Element-Wise Max. 0.03 1 - -
Siamese-Style 0.96 0.03 « -
Hadamard Product + Sum 0.11 0.03 « 0.12

Cells marked with dashes () indicate redundant pairwise comparisons. Arrows indicate the direction
of superior performance for statistically significant differences (p < 0.05).
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5.1.2. PE-CMA Tuning Outcomes and Attention Configuration Selection

Hyperparameter optimization via Optuna for the PE-CMA framework on the Fakeddit
dataset yielded an optimal configuration consisting of a batch size of 128, a single feed-
forward neural network block, a learning rate of 107, and a shared dimension of 256 with
a rank of 45. Additionally, the dropout rates for the projection and classification layers
were established at 0.0 and 0.2, respectively. As detailed in Table 8, this parameterization
achieved a validation accuracy of 88.01%.

Table 8. Optimal hyperparameter configuration and validation performance for the PE-CMA frame-
work on the Fakeddit dataset determined via Optuna optimization.

Batch Size FFN Blocks Proj. Drop. Cls. Drop. Learning Rate Shared Dim. Rank Val. Acc (%)
128 1 0.0 0.2 10~ 256 45 88.01
Evaluating multiple PE-CMA configurations varying pooled tokens and shared di-
mensions revealed minimal performance differences on Fakeddit (Table 9). Wilcoxon
signed-rank tests confirmed no statistically significant differences (p > 0.05) compared to
the 8-token, 256-dimension baseline (Table 10). Consequently, the 8-256 configuration was
selected for parameter efficiency and lower computational cost.
Table 9. Performance comparison and computational complexity of PE-CMA configurations across
varying numbers of pooled tokens and shared projection dimensions on the Fakeddit dataset.
Tokens Dim. Acc(%) P(%) R(%) F1(%) TrainTime Params (M) GFLOPs ms/Sample
8 256 91.14 89.30 88.46 88.88 3 h 18 min 18.25 1.41 1.82
8 512 91.26 89.87 88.27 89.06 3h 34 min 19.19 1.43 1.96
32 256 91.14 89.32 88.19 88.75 5h 21 min 18.53 1.42 1.86
49 512 91.22 89.22 88.68 88.95 3 h 04 min 19.12 1.46 191

Table 10. Wilcoxon signed-rank test pairwise comparisons of PE-CMA attention configurations
against the baseline (8 pooled tokens, 256 dimensions) on the Fakeddit dataset.

Comparison V4 p-Value
32-256 vs. 8-256 0.000 1.000
49-512 vs. 8-256 —0.420 0.674
8-512 vs. 8-256 —0.700 0.484

Notation A-B indicates A pooled tokens and a shared projection dimension of B. Baseline configuration
is 8-256.

5.2. Optimized Baseline Performance and Evaluation

Utilizing the optimal configurations identified during the Optuna optimization phase,
the CMCM (Concatenation and Siamese variants) and PE-CMA frameworks were evaluated
by training on the full training subsets of the Fakeddit and Weibo datasets. These evaluations
were conducted on an NVIDIA A100 GPU with early stopping monitoring validation
accuracy, set to a patience of 10 epochs. To accommodate language differences, language-
specific TinyBERT variants (English for Fakeddit and Chinese for Weibo) were deployed,
introducing minor parameter variations across the respective datasets. Table 11 details the
resulting performance metrics and computational costs, with optimum scores indicated
in bold.
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Table 11. Quantitative performance, parameter efficiency, and computational overhead of the opti-
mized CMCM and PE-CMA architectures on the Fakeddit and Weibo benchmarks.

Dataset Arch. Acc (%) P (%) R (%) F1(%) Params (M) GFLOPs Train Time ms/Sample
CMCM-Concat. 92.03 90.31 89.50 89.90 18.77 1.39 5h 15 min 1.80
Fakeddit CMCM-Siamese 92.29  89.04 91.84 90.42 19.29 1.39 5h 35 min 1.83
PE-CMA 91.17  88.14 89.79 88.96 18.25 1.41 5h 5 min 1.82
CMCM-Concat. 90.17  88.83 92.59 90.67 15.84 4.077 6min3ls 293
Weibo CMCM-Siamese 91.06 91.06  91.67 91.36 16.36 4.08 11min1ls 3.04
PE-CMA 91.81  93.44 90.48 91.94 15.33 4.11 10 min 54 s 2.84

5.2.1. Performance Evaluation on the Fakeddit Benchmark

On Fakeddit, CMCM with Siamese fusion achieved the highest overall accuracy
(92.29%), recall (91.84%), and Fl-score (90.42%), while CMCM with Concatenation
achieved top precision (90.31%). Wilcoxon signed-rank tests confirmed statistically sig-
nificant performance differences among all three models (p < 0.001). CMCM’s superi-
ority on Fakeddit stems from its similarity branch; because Fakeddit features frequent
text-image mismatches, explicitly modeling cross-modal consistency is highly effective.
Siamese fusion captures agreement and disagreement via concatenation, absolute difference,
and Hadamard product operations, aligning well with the dataset’s characteristics.

Conversely, PE-CMA delivered superior computational efficiency—requiring fewer
parameters (18.25 M) and the shortest training time (5 h 5 min)—due to learned token
pooling reducing sequence lengths from 49/64 to 8 tokens per modality, coupled with a
256-dimensional shared projection space.

The confusion matrices (Figure 5) demonstrate that specialized architectures effec-
tively mitigate class bias and ensure true generalization across evaluation benchmarks.
While the CMCM-Concatenation model exhibits a slight classification skew with a higher
propensity for false positives, the CMCM-Siamese and PE-CMA configurations achieve
superior classification equilibrium and compact error profiles by enforcing cross-modal
consistency and low-rank cross-attention.

5.2.2. Performance Evaluation on the Weibo Benchmark

On Weibo, PE-CMA outperformed both CMCM variants, attaining the highest accuracy
(91.81%), precision (93.44%), and Fl-score (91.94%) with minimal parameter overhead
and the lowest inference latency (2.84 ms/sample). Wilcoxon signed-rank tests (Table 12)
showed a significant difference between CMCM-Siamese and CMCM-Concat (p = 0.001),
whereas differences between PE-CMA and CMCM variants were not statistically significant
(p > 0.05).

Table 12. Pairwise Wilcoxon signed-rank test comparisons of classification performance among
PE-CMA and CMCM variants on the Weibo dataset.

Comparison p-Value
CMCM-Concat. vs. CMCM-Siamese <0.01
PE-CMA vs. CMCM-Siamese 0.36
PE-CMA vs. CMCM-Concat. 0.28

Unlike Fakeddit, Weibo lacks a primary focus on unrelated text-image pairs, reducing
the utility of CMCM'’s similarity branch. PE-CMA excels here by leveraging attention-based
interaction modeling to learn richer cross-modal relationships, aligning with the existing
literature emphasizing advanced fusion for Weibo [10,33,41,43].
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Figure 5. Confusion matrices of the proposed approaches on the Fakeddit dataset: (a) CMCM-
Concatenation Fusion, (b) CMCM-Siamese Fusion, and (c¢) PE-CMA.

The confusion matrices illustrated in Figure 6 evaluate the class-wise prediction per-
formance of the proposed frameworks on the Weibo dataset. CMCM-Concatenation
(Figure 6a) achieves strong performance on genuine news classification with a 92.59%
true negative rate, though it suffers from a higher false-negative rate (12.41% of fake news
instances misclassified as real). CMCM-Siamese (Figure 6b) effectively mitigates this issue
by enforcing explicit alignment, improving fake news detection accuracy to 90.41% and
establishing a highly balanced diagnostic error profile between both classes. PE-CMA
(Figure 6¢) provides the highest sensitivity toward deceptive content, successfully isolating
93.23% of fake news instances while maintaining a low false-positive rate.

5.3. Ablation Studies and Component Analysis

Ablation studies were conducted to isolate component contributions for the best-
performing architecture on each dataset: CMCM-Siamese on Fakeddit and PE-CMA on
Weibo (Table 11).

For CMCM-Siamese, evaluations assessed four variations: (1) Textual Branch Only
(excluding MobileNetV3 and fusion), (2) Visual Branch Only (excluding TinyBERT and
fusion), (3) Excluding the Similarity Measurement Branch (omitting consistency scoring
and alignment loss), and (4) PCA Projection Head Replacement (substituting trainable
projections with non-trainable principal component analysis (PCA)).

For PE-CMA, evaluations assessed five structural variants: (1) Without Token Pooling
(applying attention directly to all 49 image and 197 text tokens instead of 8), (2) Without
Cross-modal Attention (omitting direct attention interactions prior to fusion), (3) Average-
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Based Final Pooling (replacing learned pooling with standard average pooling), (4) Without
Cross-modal Attention Block (relying exclusively on projected unimodal representations),
and (5) Full-Rank Attention (replacing the proposed low-rank projections with standard
full-rank weight matrices).

To ensure a fair comparison, all ablation variants were trained using identical hyper-
parameters and early stopping criteria (monitoring validation accuracy with a patience of
10 epochs) to the complete proposed models.
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Figure 6. Confusion matrices of the proposed fusion approaches on the Weibo dataset: (a) CMCM-
Concatenation Fusion, (b) CMCM-Siamese Fusion, and (c¢) PE-CMA.

5.3.1. CMCM-Siamese Fusion Ablations (Fakeddit Dataset)

Unimodal evaluations on Fakeddit demonstrated that using only the textual branch
achieved 87.36% accuracy in 20 min (15.04M parameters), whereas the visual branch alone
yielded 84.09% accuracy in 10 h 24 min (3.99M parameters) (Table 13), where values in bold
indicate the optimum scores. While text contributed more strongly, the full multimodal
CMCM-Siamese model achieved superior accuracy (92.29%), confirmed as statistically
significant via Wilcoxon signed-rank tests (p < 0.001).

Excluding the similarity measurement branch reduced accuracy to 91.22% (p < 0.001),
confirming that explicitly modeling cross-modal consistency helps identify misleading
content (e.g., unrelated text-image pairs). Replacing the learnable projection head with
non-trainable PCA decreased accuracy to 91.49% (p < 0.001), demonstrating that task-
specific learned projections are essential.
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Table 13. Ablation analysis evaluating the contributions of unimodal modalities, similarity measure-
ment, and projection head design against the full CMCM-Siamese model on the Fakeddit dataset.

Ablation Experiment

Acc (%) P (%) R (%) F1(%) Params (M) GFLOPs Train Time ms/Sample

Textual Branch Only

Visual Branch Only
Excluding Similarity Branch
PCA Projection Head

87.36 83.48 84.87 84.17 15.04 1.163 20 min 0.105
84.09 79.51 80.63 80.06 3.99 0.225 10 h 24 min 6.953
91.22 87.86 90.32 89.08 19.29 1.387 5h 29 min 1.702
91.49 89.54 88.90 89.22 18.23 1.387 5h 40 min 1.810

Full Multimodal Model (for comparison)

CMCM - Siamese Fusion

92.29 89.04 91.84 90.42 19.29 1.387 5h 35 min 1.832

5.3.2. PE-CMA Ablations (Weibo Dataset)

Ablations on Weibo assessed the components of PE-CMA (Table 14), where values
in bold indicate the optimum scores. Removing initial token pooling reduced accuracy
to 89.96% (p = 0.194). Removing cross-modal attention dropped accuracy to 89.01%
(p < 0.001), highlighting its role in modeling inter-modality interactions. Replacing final
learned pooling with average pooling decreased accuracy to 91.06% (p < 0.001), showing
the effectiveness of learnable weighting. Removing the complete cross-modal attention
block reduced accuracy to 89.76% (p < 0.001). Finally, substituting the proposed low-rank
projection with a standard full-rank cross-modal attention mechanism yielded a lower
accuracy of 90.85% (p = 0.003); critically, the full-rank baseline also increased inference
latency (4.521 ms/sample vs. 2.837 ms/sample) and training time. Overall, these findings
validate the design of PE-CMA in capturing rich cross-modal relationships efficiently.

Table 14. Ablation study evaluating the impact of token pooling, cross-modal attention, and learned
pooling mechanisms on the classification performance and efficiency of the PE-CMA framework using
attention-based fusion on the Weibo dataset.

Ablation Experiment

Acc (%) P (%) R (%) F1(%) Params (M) GFLOPs Train Time ms/Sample

Without Token Pooling 89.96 89.65 90.48 90.06 15.29 4.135 8min 44 s 2.902
Without Cross-modal Attention 89.01 86.24 93.65 89.79 15.15 4.108 8 min 13 s 2.801
Average-based Final Pooling 91.06 93.34 89.02 91.13 15.33 4.110 6 min 21 s 2.819
Without Attention Block 89.76 92.92 86.77 89.74 15.11 4.103 6min 16 s 2.870
Full-Rank Attention 90.85 91.25 91.01 91.13 15.68 4.112 12 min 27 s 4.521

Full Multimodal Model (for comparison)

PE-CMA

91.81 93.44 90.48 91.94 15.33 4.110 10 min 54 s 2.837

5.4. Evaluation of Frozen Pre-Trained Encoders and Feature Transferability

To determine whether pre-trained feature extractors can eliminate the need for domain-
specific encoder fine-tuning, a frozen-encoder evaluation (linear probing) was conducted
across both architectures (Table 15, where bold values denote optimal performance per
framework). In this setting, the backbone encoders remained strictly frozen while only
the task-specific projection heads and classification layers were optimized, utilizing early
stopping monitored via validation accuracy, with a patience of 3 epochs. The evaluated
configurations included joint vision-language models—MobileCLIP [113], CLIP [75],
and SigLIP2 [114]—as well as decoupled modality representations pairing MiniLM [18]
with DeiT-Tiny [115] and DINOv2 [116]. Frozen CMCM-Siamese experiments were
conducted on Fakeddit, whereas PE-CMA experiments utilized Weibo with language-
appropriate alternatives (e.g., Chinese-CLIP). It is important to note that the fine-tuned
baseline results reported in Table 15 differ from the fully optimized main results presented
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earlier in Table 11 (e.g., reporting 89.01% rather than 91.81% accuracy for PE-CMA). This
variance arises directly from the distinct experimental settings required for this specific
comparative analysis. To ensure a fair and consistent evaluation against the frozen-encoder
configurations, both of the fine-tuned baseline models (CMCM-Siamese and PE-CMA) in
Table 15 were restricted to only 3 training epochs. In contrast, the optimal results reported in
Table 11 reflect the full training setup, where models were trained to complete convergence
utilizing early stopping with a patience of 10 epochs.

Table 15. Comparative evaluation of frozen pre-trained encoder backbones against the fine-tuned
baseline for CMCM-Siamese on Fakeddit and PE-CMA on Weibo.

Arch. Image Encoder Text Encoder Encoder Setting Acc (%) P (%) R (%) F1(%) Params (M) GFLOPs Train Time ms/Sample
MobileCLIP MobileCLIP Frozen 9149 8758 9149 89.50 55.64 3.711 2h 5 min 1.913
CLIP CLIP Frozen 92.78 90.29 91.64 90.96 153.12 6.790  3h13 min 1.854

CMCM SigLIP2 SigLIP2 Frozen 88.47 8472 86.50 85.60 377.29 2235 3h21min 1.804
DeiT-Tiny MinilLM Frozen 89.32 86.06 87.18 86.61 29.89 7470 6 h19 min 1.735
DINOv2 MinilM Frozen 89.86 86.77 87.80 87.28 46.48 8.220 3 h37 min 1.755
MobileNetV3  TinyBERT Fine-Tuned 9231 89.58 9121 90.38 19.29 1.387  2h 36 min 1.798
Chinese-CLIP  Chinese-CLIP Frozen 8730 8947 8455 87.42 189.27 3370 3min36s 3.177
SigLIP2 SigLIP2 Frozen 7823 7791 80.69 79.27 376.19 2217  9min25s 1.269

PE-CMA DeiT-Tiny MinilM Frozen 84.64 8374 87.17 8542 123.97 5.310 5min34s 2.869
DINOv2 MiniLM Frozen 8553 8853 82.67 85.50 140.51 8910 13minls 3.025
MobileNetV3  TinyBERT Fine-Tuned 89.01 89.61 89.02 89.32 15.33 4110 2min50s 4.852

Within CMCM-Siamese, the frozen CLIP backbone achieved the highest overall detec-
tion metrics (92.78% accuracy, 90.96% F1-score), yielding a statistically significant improve-
ment over the fine-tuned MobileNetV3-TinyBERT baseline (p < 0.001). However, this mod-
est gain incurred an extreme computational penalty: frozen CLIP required 153.12 M param-
eters and 6.79 GFLOPs, representing an eight-fold increase in parameter footprint and a five-
fold increase in FLOPs relative to the baseline (19.29M parameters, 1.39 GFLOPs). All other
frozen configurations (MobileCLIP, SigLIP2, DeiT-Tiny—MiniLM, and DINOv2-MiniLM)
significantly underperformed the fine-tuned baseline (p < 0.001).

On the Weibo dataset with PE-CMA, the fine-tuned MobileNetV3-TinyBERT pair
surpassed all frozen counterparts—including Chinese-CLIP, SigLIP2, DeiI-Tiny—MiniLM,
and DINOv2-MiniLM—achieving 89.01% accuracy and an 89.32% F1-score with the lowest
parameter footprint (15.33 M) (p < 0.001).

This probing evaluation indicates that while massive foundation models like CLIP pro-
vide strong frozen feature representations, they impose prohibitive parameter and memory
requirements that hinder edge or real-time deployment. In contrast, end-to-end fine-tuning
of compact backbones (MobileNetV3 and TinyBERT) establishes a superior Pareto efficiency
between classification accuracy and inference overhead, confirming that robust multimodal
fake news detection does not strictly necessitate unwieldy foundation models.

5.5. CPU Evaluation and Edge-Deployment Viability

To substantiate the lightweight design of the proposed architectures and assess their
practical viability for deployment on resource-constrained or edge devices, we conducted in-
ference evaluations on a standard CPU environment. Following established methodologies
for efficient edge deployment [117], we applied post-training dynamic quantization to con-
vert the model weights from 32-bit floating-point (FP32) to 8-bit integer (INT8) precision.
Table 16 presents the model size, CPU latency per sample, and corresponding classifica-
tion performance for both the PE-CMA and CMCM-Siamese frameworks. Note that the
baseline FP32 metrics reported in this CPU environment exhibit slight deviations from
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the GPU-accelerated results in Table 11. Because all experimental settings apart from the
hardware remained exactly identical, this variance is an expected artifact of hardware-level
numerical differences. Specifically, differing floating-point accumulation strategies between
the standard CPU and the NVIDIA A100 GPU introduce minor deviations in the output
logits due to the non-associativity of floating-point arithmetic, which can occasionally alter
predictions for borderline samples [118,119].

As demonstrated, applying INT8 quantization to the PE-CMA architecture dramatically
reduces the model storage footprint by over 75% (from 175.15 MB down to 42.78 MB) while
fully preserving classification performance (achieving 91.40% accuracy and 91.68% F1-
score). Similarly, the CMCM-Siamese framework achieved a 25.59% reduction in model size
(from 73.83 MB to 54.93 MB) while maintaining highly comparable predictive performance.
We note a slight increase in CPU latency for the INT8 models; this is an expected artifact
of dynamic quantization, which computes activation scaling factors on-the-fly during
inference. Regardless, the absolute inference latencies (between 55 ms and 65 ms per
sample) confirm that both architectures are highly capable of real-time processing. These
results provide concrete empirical evidence that the proposed frameworks successfully
balance predictive robustness with the stringent memory and computational constraints
required for edge deployment.

Table 16. Evaluation of model size, CPU latency, and classification performance under standard FP32
and Post-Training Dynamic INT8 Quantization.

Model Precision Model Size (MB) CPU Latency (ms) Accuracy (%) F1-Score (%)
PE-CMA FP32 (Originfcll) 175.15 55.43 91.40 91.64
INTS8 (Quantized) 42.78 57.09 91.40 91.68
. FP32 (Original) 73.83 55.00 92.90 91.18
CMCM-S
1AMESE T INTS (Quantized) 54.93 65.02 92.40 90.36

5.6. Benchmarking Against Existing Studies

Performance comparisons against state-of-the-art benchmarks on the Fakeddit and
Weibo datasets are divided into two tables to ensure fair evaluation. Table 17 summarizes
the baseline models we successfully reproduced under unified hardware, software, pre-
processing, and data-splitting conditions. Conversely, Table 18 presents results compiled
directly from the existing literature for models lacking publicly available source code.

Crucially, we must highlight that the results in Table 18 are based on indirect compar-
isons from the literature and cannot serve as definitive evidence of the proposed models’
performance advantages. In both tables, values in bold indicate the optimum scores among
the respective groups.

On Fakeddit (Figure 7), CMCM achieves competitive performance against reproduced
benchmarks (Table 17), achieving 92.29% accuracy and a 90.42% F1-score with a fraction of
the computational overhead of larger baselines. While indirectly cited models in Table 18
like BMR [33], GAMED [31], and Uppada et al. [9] report higher F1 scores, they rely
on heavy backbones exceeding 150M—250M parameters. CMCM requires only 19.29M
parameters and 1.39 GFLOPs, offering a superior balance of accuracy and efficiency. CMCM
also demonstrates favorable training and inference scaling against complex reproduced
models like MMBT [40] and Giron et al. [29].

On Weibo (Figure 8), PE-CMA validates the efficacy of low-rank weight decomposition
and learned token pooling. Achieving 91.81% accuracy and a 91.94% F1-score with only
15.33 M parameters, PE-CMA matches or exceeds heavier reproduced attention frameworks
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like MCAN [41] at a substantially lower computational cost, while outperforming classical
concatenation models like MVAE [27] and CAFE [43].

Table 17. Direct performance comparison, parameter footprint, and computational complexity of the
proposed frameworks against reproduced state-of-the-art models evaluated under unified experi-
mental conditions.

Dataset Model Year Acc (%) P (%) R (%) F1 (%) Params (M) GFLOPs Train Time ms/Sample
MVAE [27] 2019 8624 8217 83.84 8275 148.80 19.64 6h21 min 0.04
Fakeddit MMBT [40] 2020 90.58 90.09 90.27 90.18 169.20 14.73 18 h 12 min 32.80
Giron et al. [29] 2025 88.63 88.62 88.63 88.62 151.00 1455 10 h 38 min 2.01
CMCM (Proposed) 2026 92.29  89.04 91.84 90.42 19.29 1.39 5 h 35 min 1.83
MVAE [27] 2019  79.79  79.79 100.00 88.76 148.80 1964 6minl2s 0.15
MCAN [41] 2021 9211 92.01 92.68 92.34 244.26 31.05 18min23s 5.53
Weibo  CAFE [43] 2022 88.05 8848 8836 88.42 22.24 3.67 6 min 26 s 0.20
BMR [33] 2023 9495 9523 9497 95.10 229.98 77.28 6 h 9 min 61.17
PE-CMA (Proposed) 2026 91.81 9344 9048 91.94 15.33 411 10min54s 2.84
Table 18. Indirect performance comparison of models cited directly from the literature. Note: These
results are based on indirect comparisons from the literature due to closed-source implementations
and cannot serve as definitive evidence of the proposed models” performance advantages. Param-
eter counts for certain models were estimated from their component architectures (“~” indicates
unreported data).
Dataset  Model Year Acc (%) P (%) R (%) F1 (%) Params (M) GFLOPs
EANN 2 [25] 2018 87.70 90.43 88.11 89.26 147.001 19.633
BMR 2 [33] 2023 91.65 94.34 92.88 93.61 229.98 77.28
Fakeddit Uppadaetal. [9] 2023 91.94 93.76 92.83 93.29 156.00 -
ELD-EN [28] 2024 88.83 93.54 90.29 91.89 210.00* -
GAMED [31] 2025 93.93 93.55 93.71 93.63 252.00" -
EANN [25] 2018 82.70 84.70 81.20 82.90 147.001 19.633
Weibo SpotFake [26] 2019 89.23 - - - 123.00 ¢ 30423
MFND-CMM [10] 2025 90.30 91.40 92.30 91.80 232251 -

! Estimated from reported backbone components.  Results sourced from GAMED [31]. ? Results
sourced from BMR [33].
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Figure 7. Trade-off between classification accuracy and model parameter footprint (in millions) across
multimodal models on the Fakeddit dataset. The proposed CMCM (red) establishes high parameter
efficiency relative to baseline methods (blue): MVAE [27], EANN [25], Giron et al. [29], ELD-FN
[28], MMBT [40], BMR [33], Uppada et al. [9], and GAMED [31].
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Figure 8. Trade-off between classification accuracy and model parameter footprint (in millions) across
multimodal models. The proposed PE-CMA (red) achieves superior parameter efficiency relative
to baseline methods (blue): CAFE [43], SpotFake [26], EANN [25], MVAE [27], MEND-CMM [10],
BMR [33], and MCAN [41].

While baseline architectures like MVAE [27] or CAFE [43] report fast inference times,
their benchmarks frequently rely on pre-extracted offline features rather than end-to-end
processing. In contrast, CMCM and PE-CMA handle complete end-to-end forward passes
through encoders, projection layers, and fusion mechanisms. These results confirm RQ1
and RQ3, demonstrating that lightweight multimodal designs achieve robust fake news
detection with drastically reduced computational requirements.

6. Discussion

This work introduced two lightweight multimodal architectures—CMCM (Concatena-
tion and Siamese variants) and PE-CMA—designed to balance classification performance
and computational efficiency in fake news detection.

To answer our first research question regarding whether lightweight multimodal
architectures can achieve competitive performance with reduced computational require-
ments, our evaluations demonstrate that heavy foundational models (e.g., BMR, MMBT,
and MCAN) are not strictly necessary. While certain heavyweight baseline models report
marginally higher absolute accuracy and F1-scores on the Fakeddit and Weibo datasets, they
achieve these gains at the cost of massive parameter bloat, often exceeding 150M to 250M
parameters. Consequently, the primary strength of the proposed CMCM and PE-CMA
frameworks is not establishing a new absolute ceiling for raw detection metrics, but rather
delivering an efficient accuracy—complexity trade-off. This is additionally supported by
evaluations of frozen pre-trained encoders, which indicated that while large foundation
models like CLIP can yield high accuracy on specific benchmarks, they demand significantly
greater computational complexity, reinforcing the value of fine-tuned, lightweight encoder
pairings like MobileNetV3 and TinyBERT.

To answer our second research question regarding whether explicitly modeling cross-
modal inconsistency through a similarity branch improves fake news detection, we evaluated
the CMCM-Siamese architecture on Fakeddit—a dataset that frequently features semanti-
cally unrelated or mismatched text-image pairs where CMCM-Siamese achieved the top
accuracy of 92.29%. The ablation study demonstrated that removing the similarity branch
caused a statistically significant drop in accuracy from 92.29% to 91.22% (p < 0.001), con-
firming that explicitly modeling cross-modal inconsistency is vital for detecting deceptive
alignment. Conversely, on Weibo where misleading content manifests through subtler

https://doi.org/10.3390/app162110797


https://doi.org/10.3390/app162110797

Appl. Sci. 2026, 16, 10797

28 of 35

semantic manipulations rather than outright visual-textual mismatch, the similarity branch
provides less utility, leading to the selection of PE-CMA.

To answer our third research question regarding whether combining learned token
pooling with lightweight cross-modal attention can reduce computational complexity while
preserving performance, the PE-CMA architecture emerged as the superior model on the
Weibo dataset, attaining 91.81% accuracy with only 15.33M parameters. Crucially, our
ablation studies confirmed that removing the initial token pooling mechanism did not result
in a statistically significant degradation of predictive accuracy. Rather than serving as a
primary driver of classification performance, this finding validates the structural purpose
of token pooling. While the absolute end-to-end computational cost of the model remains
heavily dominated by the foundational processing requirements of the dense unimodal
backbones, optimizing the cross-modal interaction phase is vital. By reducing sequence
lengths from raw token counts down to 8 tokens per modality prior to cross-modal interac-
tion, PE-CMA drastically reduces the localized computational burden within the attention
block by mitigating the quadratic complexity of standard attention. This effectively prevents
the fusion stage from becoming a severe computational bottleneck, rather than attempting
to reduce the baseline cost of the feature extractors. Consequently, PE-CMA successfully
preserves the contextual representation capacity necessary to outperform classical con-
catenation baselines, proving that attention-based multimodal interactions can be made
computationally light through low-rank structural designs without sacrificing performance.

While these lightweight frameworks significantly lower the computational footprint
compared to heavy unimodal backbones, it is crucial to explicitly bound their applicability
and objectively acknowledge their architectural shortcomings. The CMCM framework is
highly applicable to datasets characterized by blatant visual-textual mismatches. As our
quantitative analysis demonstrates, Fakeddit exhibits a severe 18.93% mismatch rate (120,527
out of 636,836 samples, based on explicit annotations). This high baseline mismatch makes
CMCM’s strict consistency penalty highly effective on such data. However, its primary
shortcoming is its dependence on the feature representation capacity of MobileNetV3-
Large and TinyBERT. If these compact encoders fail to capture highly abstract semantic
cues, the downstream similarity branch processes sub-optimal embeddings, while the
strict auxiliary alignment losses risk over-regularizing the joint latent space in cases where
manipulations are highly subtle.

Concurrently, the PE-CMA framework excels in environments requiring nuanced,
attention-based semantic alignment. Our zero-shot Chinese-CLIP analysis, using a strict
similarity threshold derived from the 5th percentile of the non-rumor training split, reveals
that Weibo exhibits a notably lower mismatch rate of 10.64% (822 out of 7723 samples). This
confirms that Weibo rumors frequently utilize misappropriated images that nonetheless
maintain high surface-level semantic alignment, a nuance that PE-CMA is ideally suited
to capture. Yet, its major shortcoming lies in the aggressive nature of the learned token
pooling and low-rank query factorization. While this structural compression successfully
mitigates quadratic complexity, it inherently risks obscuring micro-level or highly localized
semantic anomalies (such as subtle image tampering) that might be discarded during the
pooling phase. Consequently, utilizing these frameworks effectively requires calibrating
the alignment loss weights, rank dimensions, and pooling factors based on the specific
manipulative characteristics of the target data.

7. Conclusions

This research addressed the limitations of unimodal and computationally heavy mul-
timodal fake news detection models by developing lightweight, efficient architectures
supported by rigorous experimental evaluation.
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This work demonstrates that lightweight multimodal designs utilizing efficient back-
bones like MobileNetV3-Large and TinyBERT achieve robust fake news detection per-
formance while drastically reducing parameter size and GFLOPs compared to heavier
state-of-the-art benchmarks. Explicitly modeling text-image discrepancies via a similarity
measurement branch yields statistically significant performance gains, proving essential for
datasets characterized by cross-modal inconsistencies. Additionally, integrating learned
token pooling with lightweight cross-modal attention successfully lowers the computational
complexity of attention mechanisms while preserving strong classification accuracy.

Despite these successes, the study’s scope is subject to certain limitations. First, to avoid
over-generalization, we emphasize that these findings are strictly bounded by the struc-
tural characteristics of the Fakeddit and Weibo datasets; the observed accuracy—complexity
trade-offs may vary when applied to other social media platforms featuring different mis-
information modalities, such as highly sophisticated deepfakes or purely Al-generated
text. Second, as objectively analyzed, these models exhibit specific architectural shortcom-
ings: CMCM may over-regularize subtle manipulations, while PE-CMA’s aggressive token
pooling risks discarding localized micro-anomalies.

The study faced logistical constraints, including linguistic variations necessitating
different TinyBERT versions across datasets. While several key baselines were successfully
reproduced for direct evaluation under unified conditions, the lack of publicly available
source code for certain closed-source models restricted those specific comparisons to re-
ported literature metrics. Future work will extend these frameworks by incorporating rich
contextual metadata, user interaction patterns, and native video modalities to capture even
more comprehensive signals of online misinformation.
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