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I.English Abstract

Fake news, which can be defined as an intentionally made false information to deceive,
manipulate, influence people, or damage the reputation of any entity, has increasingly be-
come widespread in recent years. The spread of fake news can cause significant harm to
individuals, whether in mental, physical, or health-related aspects. As a result, there is
a growing need for automated systems capable of detecting fake news, and deep learning
has become the leading trend in this field due to its strong ability to extract meaningful
features and improve model performance. Most of the existing research on this topic adopt
a unimodal approach, focusing on a single type of data—most commonly text. However,
multimodal deep learning approaches, which utilize more than one type of data, are rel-
atively less common. While fake news is often associated with text, it can also occur in
the form of manipulated images. Therefore, a multimodal approach, which integrates both
textual and visual modalities, is essential for a comprehensive analysis. In this project, we
propose a lightweight multimodal architecture for fake news detection that takes the text
and the corresponding image as input to effectively identify fake news. In our architecture,
MobileNetV3 is used as the image encoder and TinyBERT as the text encoder to extract
feature embeddings from each modality. A projection head then maps these two embed-
dings into a common dimensional space, after which they are fused using appropriate fusion
strategies. Finally, the resulting fused vector is passed to a classification layer to generate
the final prediction. To evaluate the proposed architecture, experiments will be conducted
on the Fakeddit and Twitter MediaEval benchmark datasets, followed by analyzing perfor-
mance using standard classification metrics such as accuracy, recall, precision, F1-score, the

number of parameters, and FLOPs.



II.Arabic Abstract
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Chapter 1: Introduction

In recent years, the rapid growth of social media and digital communication platforms
has transformed the way information circulates, which allows news, whether true or fake,
to spread at lightning speed and reach vast audiences. This rapid spread has increased the
impact of fake news, which poses significant threats to social trust [1]. According to research
[2], fake news spreads six times faster to audiences than true news and has a 70% higher
chance of being retweeted than true stories. This significant difference in how quickly fake

and true information spreads online highlights the serious real world impact of fake news.

Manual fact-checking is too slow and cannot keep up with the volume of content that
is being produced online. Automated approaches, on the other hand, offer the speed and
consistency needed to monitor large amounts of data in real time. Such a system will alert

users and platforms of potential fake news before it spreads widely.

Furthermore, fake news appears in different formats, including text, images, video, and
audio. In fact, in most cases, it integrates more than one modality. As a result, there is
a need for an automated fake news detection system capable of analyzing not just a single

modality, but multiple modalities in an integrated manner.

Most early fake news detection systems focused on a unimodal approach [3, 4, 5]. Text-
based unimodal approaches can capture the contextual characteristics of written content
which enable the detection of patterns that may indicate misinformation. Although this
approach can identify many deceptive or misleading articles, it overlooks an important
element, images, which can reinforce misleading claims and add emotional weight to deceive

audiences.

Similarly, image-based unimodal approaches [6, 7] focus exclusively on visual content
which allows models to detect manipulated images and other visual cues that may indicate
deception. However, this approach is not very effective because it overlooks the text that
often accompanies images and it can provide vital clues for evaluating the veracity of the

content.

On the other hand, a multimodal approach to fake news detection combines both text
and images, allowing for a complete analysis of news content. Unlike unimodal methods

that focus on a single modality, multimodal systems understand that fake news often relies
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on the combination of text and visuals to seem more convincing. By examining text and
images together, multimodal systems can spot inconsistencies that might be overlooked

when looking at each modality separately and this can improve detection accuracy.

Several studies [8, 9, 10] have investigated a multimodal approach to the detection of
fake news, which combines text and images and uses deep learning models to enhance
detection accuracy. These studies consistently show that integrating multiple modalities is
more effective than relying on text or images alone, especially for detecting deceptive or

misleading content.

Despite progress in multimodal fake news detection, gaps still exist in the current studies.
Most existing multimodal fake news detection studies [11, 12] focus on improving accuracy
by using large and computationally expensive models. However, these approaches are not
efficient, and this underscores the need for lightweight multimodal models. Lightweight
models are designed to be fast and efficient by using less parameters and requiring less
computation. Examples of lightweight models include MobileNet [13] and GhostNet [14]
for images and TinyBERT [15] and MiniLM [16] for text. In addition, many studies did
not examine different fusion strategies, which represents an important limitation, since the
way text and image features are fused can greatly impact the model’s performance. Also,
different fusion strategies can capture information from each modality in a unique way, which
may lead to better and more accurate fake news detection. Therefore, further research is

needed to compare various fusion strategies while maintaining computational efficiency.
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1.1 Problem Statement

With information and news rapidly spreading across the media, some of this news is bound
to be fabricated. Fake news is a serious problem that can result in consequences in both
our personal and academic lives [1]. Traditional machine learning techniques have been
previously used to detect fake news in text [17, 18, 19, 20], however, they face significant
limitations in handling the challenges of natural language, such as the reliance on sophisti-
cated feature engineering and the inability to fully understand the semantics and contextual
meaning of text [21]. Additionally, many instances of fake news are associated with a cor-
responding image, however, most previous research focused on unimodal approaches that
analyze only the textual content of the fake news, without considering the image [8]. More-
over, most existing multimodal fake news detection frameworks that processes both textual
and visual information consist of computationally expensive and large models [11, 22]. This
emphasizes the need to deploy lightweight multimodal deep learning approaches that take
as input both the textual information and the corresponding image of the news item and
produce as output a classification label indicating the authenticity of the news. Although
the multimodal approach is challenging, as it requires the processing and fusion of text
and image data, it is worth pursuing to capture the relationships between modalities and

improve the accuracy of fake news detection.

1.2 Goals and Objectives

The main goal of this project is to design, implement, and evaluate a deep learning based
multimodal architecture for fake news detection. By leveraging both textual content and the
corresponding images, the project aims to overcome the limitations of unimodal approaches
and contribute to improving the accuracy of fake news detection systems. In relation to

this, we intend to answer our research questions:

e “Can a lightweight architecture be effectively introduced for multimodal fake news

detection while achieving competitive performance?”

e “How do different fusion strategies affect the overall performance of multimodal fake

news detection approaches?”
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To achieve our goal, the objectives of the project are defined as follows:

e Review the related work on unimodal and multimodal fake news detection approaches
based on text and image modalities to develop a deeper understanding of existing

methods.

o Prepare and clean the Fakeddit [23] and Twitter MediaEval [24] datasets, including
text cleaning, image resizing/normalization, handling missing or low-quality images,

and ensuring proper data splits to prevent leakage.

e Develop a multimodal architecture by integrating lightweight deep learning models for

textual and visual content.

o Test different lightweight deep learning models, such as MobileNet [25], GhostNet
[14], TinyBERT [15], and MiniLM [16], to determine the most suitable model for text

representation and the most suitable model for image representation.
o Explore different multimodal fusion strategies.

o Evaluate the performance of the multimodal architecture and analyze the results using

standard metrics (accuracy, precision, recall, F1-score, FLOPs, number of parameters).

e Compare the proposed multimodal approach with both multimodal and unimodal

results reported in prior research studies.

o Highlight the strengths and weaknesses of the proposed framework, and derive solid

conclusions on its overall performance.

1.3 Proposed Solution

To address our problem, this research contributes to the detection of fake news by devel-
oping a multimodal architecture that leverages both textual and visual modalities. Unlike
most previous work that focuses on unimodal textual processing, we propose a multimodal
architecture that integrates different deep learning models, dedicated for image and textual
processing, to automatically detect fake news in text captions and their corresponding im-
ages. This will be done by exploring different deep learning models for image analysis and

for text analysis separately and selecting the best model for each modality. The chosen text
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and image processing models will then generate embeddings, which will be fused together to
form the final multimodal architecture. Furthermore, we will utilize multimodal fake news
detection datasets, which includes Fakeddit [23] and Twitter MediaEval [24], that contains
both images and their associated text captions. Moreover, to support practical deployment,
we aim to implement our architecture using lightweight models, such as GhostNet-V2 [14]
and MobileNetV3 [25] for image encoding and TinyBERT [15] and MiniLM [16] for text en-
coding, and explore different fusion strategies, strengthening our contribution to multimodal

research.

1.4 Research Scope

Our research focuses on developing a multimodal system for detecting fake news using text
and visual data. The scope of the research is limited to analyzing images along with their
associated text captions accompanying news posts and does not include other types of media,
such as video or audio. Methods for extracting and combining text and image features will
be explored to improve detection accuracy. Moreover, the news will be classified into two
categories: fake and real. Accordingly, the research seeks to investigate the effectiveness
of a lightweight deep learning multimodal model, combining images and associated text, in
achieving competitive performance. In addition, the research explores how different fusion

strategies influence the overall performance of multimodal fake news detection models.

1.5 Research Significance

As people increasingly turn to social media as their main source of news, fake news
serves as a tool to distort beliefs, emotions, decisions, and trust in media. Developing
stronger detection methods is therefore highly important, particularly through multimodal
approaches that combine both text and images. A key limitation in current models is the
lack of lightweight architectures, as most existing systems are large and computationally
expensive, making them difficult to use on mobile or social media platforms. This project
addresses that gap by implementing a lightweight multimodal approach that maintains

accuracy while reducing model complexity. The significance of this work is that it provides
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a more efficient and accessible method of identifying misinformation, offering benefits for
future research, practical system development, and broader efforts to protect society from

the harmful effects of fake news.

1.6 Ethical and Social Implications

Since misinformation directly affects individuals, communities, and society [1], ethical
and social issues related to fake news detection are highly important, particularly in multi-
modal approaches that integrate both textual and visual content. In this project, privacy
is preserved by relying on publicly available datasets, such as Fakeddit [23] and Twitter
MediaEval [24], ensuring that no personal or sensitive information is collected. Although
fake news detection systems in general could be misused for censorship or narrative control
[26], this project is conducted strictly for academic purposes and is designed to be applied
responsibly. As deep learning models learn patterns from data, there is a possibility of
unintentionally introducing bias that could lead to unfair outcomes. To minimize such risks,
the datasets were carefully selected and evaluated. Overall, the project aims to reduce the

spread of misinformation while remaining sensitive to these ethical and social concerns.

1.7 Report Organization

This report is divided into several chapters. Chapter 2 presents the background informa-
tion and fundamental concepts, such as deep learning, that are necessary to better under-
stand our project. Chapter 3 contains the literature review, where a review was conducted
on the unimodal and multimodal approaches to fake news detection, and a discussion was
done to highlight the main findings of the related work. Chapter 4 provides the proposed
architecture that will be adopted in this project. Chapter 5 highlights the overall project
pipeline, including the datasets we will utilize, model selection, evaluation, and implemen-
tation environment. Lastly, a conclusion chapter is provided to conclude the research done

so far.
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Chapter 2: Background

This chapter provides an overview of the fundamental background relevant to multimodal
deep learning approaches for fake news detection across text and visual modalities. It covers
essential data preprocessing techniques for both textual and visual data, highlighting text
representation approaches including TF-IDF and embeddings. The chapter also includes an
overview of various fusion strategies for integrating information from multiple modalities,
and presents the performance metrics typically used to evaluate classification models. Fur-
thermore, the chapter highlights key deep learning methods commonly used in classification

tasks.

2.1 Data Preprocessing

Data preprocessing represents a fundamental stage in preparing raw multimodal data for
computational analysis. It involves a set of techniques designed to handle noise, inconsis-
tency, and redundancy, thereby improving data quality and enhancing the reliability of

analysis as well as the performance of predictive models.

2.1.1 Text Preprocessing

Raw text collected from online platforms often lacks consistency in format and contains
noise. Common issues include the presence of emojis, stopwords, and unnecessary tags. To
make the row text suitable for analysis, text preprocessing is required. This step ensures
that the input is standardized and ready to be effectively used by machine learning models.

According to Manning et al. [27], key preprocessing steps include:

e Data Cleaning: This step focuses on removing irrelevant elements such as HTML
tags, URLs, emojis, and duplication. Cleaning reduces noise and retains meaningful

content.

e Text Normalization: This step standardizes the format of text by lowercasing,
making whitespace consistent, and removing punctuation and diacritics. This helps

the model treat similar words uniformly.
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e Text Tokenization: Tokenization splits the text into smaller units, such as words,
subwords, or sentences, which are easier for NLP models to process. For example,
the sentence “Natural language processing enables machines to understand human
language.” can be tokenized as:

— “Natural”, “language”, “processing”, “enables”, “machines”, “to”, “understand”,

”w”
5 .

“human”, “language

o« Lemmatization: Lemmatization reduces words to their base or dictionary form
(lemma) while preserving meaning and part of speech. Unlike stemming, which may

produce invalid words, lemmatization produces correct words. For example:
— “running” — “run”
— “better” — “good”

— “went” — “gO”

2.1.2 Image Preprocessing

Image preprocessing is a crucial stage in preparing raw visual data before feature extrac-
tion and model training. It enhances the quality of the input images, reduces noise, and
ensures consistency across datasets, thereby improving the performance of machine learning
models [28]. This section is structured into two main subsections: basic preprocessing and

normalization.

2.1.2.1 Basic preprocessing

Basic preprocessing techniques involve fundamental operations applied to images to ensure

uniformity and reduce unwanted variations. These include:

e Grayscale Conversion: Grayscale conversion reduces an RGB image into a single
intensity channel, simplifying computations while preserving details. This technique
is particularly useful when color information is not essential for the task, such as in

edge detection or texture analysis. Because the human eye is more sensitive to green,
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this channel is given higher weight. By reducing data from three channels to one,

computational cost is significantly lowered [28].

Resizing and Cropping: Resizing refers to scaling an image to specific dimensions
in order to match the input size required by machine learning architectures, while
cropping removes irrelevant regions and focuses on areas of interest. This ensures
consistency across the dataset and prevents distortion when dealing with models that

expect fixed input sizes [29].

The resizing operation can be mathematically expressed as shown in (1), where
I'(x’,y") represents the resized image, I(z,y) is the original image, and s, and s,

denote the horizontal and vertical scaling factors respectively [28].

I'2,y)=1 (5;) (1)

Color Jitter: Color Jittering is an image data augmentation technique that changes
the color of the input image randomly. This includes changes in the color tone, light
intensity, color intensity, and contrast of the image to avoid lighting bias and improve

generalization [30].

Noise Reduction: Noise is an unwanted variation in pixel values introduced during
image acquisition or transmission, and reducing it is necessary to preserve the integrity
of edges, contours, and other structural details. Two widely used spatial filtering

techniques are Gaussian filtering and Median filtering.

Gaussian filtering smooths the image by averaging neighboring pixel intensities using a
gaussian kernel, which effectively reduces gaussian-type noise [28]. In contrast, Median
filtering replaces each pixel with the median value of its neighborhood. Therefore,
it performs well in removing impulse-type distortions commonly known as salt-and-

pepper noise [28].

These techniques help produce cleaner and more reliable images, making later pro-

cesses like edge detection, feature extraction, and model training more effective.
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2.1.2.2 Normalization

Normalization refers to the process of transforming pixel intensity values into a consis-
tent numerical range or distribution. This step reduces variations across images, ensures
numerical stability, and prevents features with larger scales from dominating the training
process. By standardizing input data, normalization improves convergence rates and overall

performance of deep neural networks [31].

e Min-Max Normalization: Min-Max normalization rescales pixel values to a fixed
interval, usually [0,1] or [—1, 1], while preserving their relative relationships [32]. It
can be mathematically expressed as shown in (2), where X’ represents the normalized
value, X is the original pixel intensity, and X, ;, and X, ., denote the minimum and

maximum pixel values within the same image.

X = X — Xmin (2)

Xmax - Xmin
e Z-score Normalization: Z-score normalization centers data around zero mean and
scales it to unit variance, producing values based on statistical distribution, as shown

in (3). In this equation, X’ is the normalized value, X is the original pixel intensity,

o represents the mean, and o denotes the standard deviation of the dataset [28].

X—p
g

X =

2.2 Textual Representation

In order for algorithms to understand text, we must first convert it into a numerical
representation, commonly referred to as vectors. This transformation, known as text repre-
sentation, is an essential step that allows algorithms to effectively process and learn patterns
from textual data. There are several ways in which we may convert preprocessed text into
numerical vectors [33]. Traditional statistical approaches include Bag of words [34], while
more advanced approaches involve word embeddings, such as GloVe [35] and Word2Vec [36],

and contextual embeddings that rely on textual transformers such as BERT [37].
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2.2.1 Traditional Statistical Approaches

Once the text is preprocessed, it needs to be transformed into a numerical form that
can be handled by machine learning models. One of the earliest and most widely used
approaches is the Bag of Words (BoW) model, introduced by Salton et al. [34]. This
approach transforms the text into a vector and each element in the vector corresponds to
one word of the vocabulary, where its value shows the number of times the word is repeated
in the text. The BoW model ignores grammar and word order, but was one of the first
approaches that showed how simple statistical representations could still work well for tasks

such as document retrieval and text classification.

In addition to the above approach, Term Frequency—Inverse Document Frequency (TF-
IDF) is a widely used technique that assigns weights to terms based on how frequently they
appear in a document compared to their occurrence across the entire corpus. The core
concept of TF-IDF, first introduced by Spérck Jones [38] and later formalized by Manning

et al [27], can be expressed as follows (4):

w; ;= tfiyj x log (ﬁ) (4)

where tf; ; denotes the frequency of term ¢ in document j, df; is the number of documents
containing term i, and N is the total number of documents in the collection. This for-
mulation effectively down-weights common terms and highlights informative ones, thereby

improving retrieval and classification performance.

2.2.2 Word Embeddings

Moving beyond these traditional approaches, word embeddings are a way to represent
words as numerical vectors. Each word is mapped to a unique vector that captures its
meaning, context, and similarity to other words. Unlike traditional methods, such as bag
of words or TF-IDF, embeddings place similar words closer together in a continuous vec-
tor space. They are widely used in natural language processing, with common examples

including Word2Vec [36] and Global Vectors (GloVe) [35].
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- Global Vectors (GloVe): GloVe is a word embedding method that represents words
as vectors based on how often they appear together in text. It uses co-occurrence
matrix to capture these relationships and then learns word vectors from it. Words
that occur in similar contexts are placed together in the vector space. In addition,
GloVe produces static embeddings, meaning that each word is assigned a single fixed

vector regardless of context.

- Word2Vec: Word2Vec is a method that converts words into numerical vectors so
that words used in similar contexts have similar vectors. It has two main approaches:
CBOW (Continuous Bag-of-Words), which predicts a word based on its surrounding
words, and Skip-gram, which predicts the surrounding words from a given word. By
learning from large amounts of text, it identifies patterns in how words are used and

represents their meanings as vectors, capturing the relationships between words.

Although word embedding approaches such as Word2Vec and GloVe have been effective
in representing words as vectors, more advanced approaches, called contextual embeddings,
have been developed. These models, such as transformer-based models like BERT, generate

embeddings that vary depending on the word’s context within a sentence.

2.3 Convolutional Neural Networks

To better understand the concept of convolutional neural networks and deep learning, we

must first introduce neural networks, which form their foundation.

Artificial Neural Network (ANN) [39], which was first presented in 1958, is a model that
is designed to mimic the human brain. It contains a group of interconnected nodes, called
neurons, organized into layers that are arranged in a chain structure, where a node in one
layer is connected to every node in the next layer, as shown in Figure 2.1. Each layer has
a specific function. The input layer takes the input data and passes it to the hidden layers,
where most of the heavy computations are performed. The final layer is the output layer,

where it predicts an output depending on whether the task is regression or classification.

Each node in the neural network is initialized with a random set of weights and a bias

term, and the goal of neural networks is to learn the best values of these parameters to
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make good predictions. At each layer of the network, the inputs are multiplied by their
corresponding weights through matrix multiplication, and the bias value is added. Addi-
tionally, an activation function, such as tanh or Rectified Linear Unit function (ReLU), is
usually applied to the neuron’s output to determine which information should be passed
through the network and which should be suppressed. To learn, the network first predicts
by forward propagation, then uses a loss function to determine how far off the prediction is.
Then, backpropagation is done where the error is propagated backward, and an optimiza-
tion algorithm, such as gradient descent, updates the weight and bias values. This is done
several times so the network improves its ability to make predictions [40].
Hidden

Input
Output

Figure 2.1: The typical layers of a neural network [41].

Convolutional neural networks (CNN) [31] are a specialized form of neural networks that
are designed to process data that has a grid-like structure, such as images. A typical CNN
architecture consists of three fundamental layer types: the convolutional layer, the pooling
layer, and the fully connected layer, as illustrated in Figure 2.2. The convolution layer is
the core of the CNN, which is responsible for extracting features such as edges and textures
from an input image. This is done by applying filters, called kernels, which are a matrix
of trainable weights that slides over the input image to compute a weighted sum of the
input pixels, producing feature maps as output. The pooling layer, also known as the down-
sampling layer, shrinks the size of the feature maps while maintaining the most important
information. Pooling can be performed in several ways, including average pooling, which
calculates the average of each region in a feature map, and max pooling, which takes the
maximum value of each region in a feature map. Before reaching the fully connected layer,
the feature maps that result from the convolutional and pooling layers are flattened into

a one-dimensional vector. This vector is then passed to the fully connected layer, which
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learns high-level complex patterns to make a decision. The three layers typically use the
ReLU activation function to introduce non-linearity so it can learn complex relationships in
data. Finally, the output layer ( the last fully connected layer) then applies an activation

function, such as Sigmoid or Softmax, to generate the final prediction [42, 43].
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Figure 2.2: Simple structure of a convolutional neural network [44].

Moreover, deep Convolutional Neural Networks are similar to the classical CNNs, however,
they have multiple convolutional and pooling layers before the fully connected layer. As a
result of the increased depth, deep CNNs can learn more complex features, making them
very powerful for the task of image classification [45]. Below, we outline some of the deep

CNNSs mentioned in the literature.

2.3.1 Residual Network (ResNet)

Residual Network (ResNet) [46] is a deep convolutional neural network that was intro-
duced in 2015 by researchers at Microsoft Research. Before ResNet, researchers tried to
improve performance of models by increasing network depth. However, deeper networks
had higher training error, which is an effect known as the degradation problem. Therefore,
ResNet was introduced primarily as a remedy for the issue of degradation in very deep
networks, and it was also helpful in mitigating the issue of vanishing gradient [46]. Vanish-
ing gradient is observed in backpropagation when the gradients become exponentially small

while backpropagating through many layers.
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The basic building units of the ResNet architecture are the residual blocks, as shown in
Figure 2.3. A residual block consists of convolutional layers, batch normalization, a skip
connection, and an activation function, usually Rectified Linear Unit (ReLU). Batch nor-
malization [47] normalizes layer inputs per mini-batch, allowing higher learning rates and
simpler initialization, while also acting as a regularizer that may eliminate the need for
Dropout. In addition, skip connections add the input of a block to the block’s transformed
output. In other words, the input takes two routes, one goes through the layers which learn
transformations of the input, and the other bypasses those layers which carry the input
forward unchanged. As a result, gradients can propagate more easily during backpropaga-
tion which helps mitigate the vanishing gradient problem. Also, skip connections address
degradation by allowing deeper layers to fall back on the input if they do not learn useful
transformations. Finally, ReLU activation is applied after the first batch normalization and

at the end of the block after the skip connection.
In addition, there are multiple variants of ResNet, such as ResNet-18 and ResNet-34,

which differ in the depth of the network.
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Figure 2.3: Residual block structure [46].

2.3.2 Visual Geometry Group (VGG)

VGG-19 is a convolutional neural network developed by Simonyan and Zisserman in 2014
[48]. Their paper explores how increasing the depth of CNNs affects their performance
on large-scale image recognition tasks. Several versions were proposed, including VGG-11,
VGG-16, and VGG-19, with VGG-19 being the deepest version consisting of 16 convolutional

layers and 3 fully connected layers.
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The architecture of VGG-19 is illustrated in Figure 2.4, which shows that the model
consists of five convolutional blocks, which use small 3 x 3 convolutional filters that helped
the model reach greater depth. Then, each convolutional block is followed by a Rectified
Linear Unit (ReLU) activation function to help the model capture complex features. Next,
after each block a 2 x 2 max pooling layer is applied to reduce the spatial dimensions of the
feature maps while keeping the most important features. Finally, after the convolutional
blocks extract the features, the feature representation is flattened and then passed through
three fully connected layers, where the last fully connected layer acts as an output layer,
and a softmax activation function is applied to produce the class probabilities. In addition,

the model was trained and evaluated on the ImageNet dataset [49], achieving strong results.
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Figure 2.4: Illustration of VGG-19 Architecture [50].

2.3.3 EfficientNet

EfficientNet, which was proposed in 2019 by a team of Google Al researchers [51], is a
family of deep CNN image classification models that are trained on the ImageNet dataset.
Standard deep CNNs typically scale in only one direction, either deeper by adding layers,
wider by adding more filters within the layers, or by increasing the resolution. EfficientNet,
however, introduces compound scaling, a concept where the network’s depth, which are its
layers, width, which are the channels in each layer, and resolution of the input are uniformly

scaled together by increasing them simultaneously, as shown in Figure 2.5. Each model in
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the EfficientNet family has its own scaling degree, where the more compound scaling is
applied, the larger the model becomes and the more computationally expensive it is. This

increased scaling is done to achieve better accuracy and improve performance.

The EfficientNet-B0 baseline model has several layers, including an initial convolutional
layer that extracts low-level features from the image, followed by several Mobile Inverted
Bottleneck Convolutions Blocks (MBConv Blocks) with increasing kernel sizes. These blocks
are the core of the EfficientNet model. Each of these blocks takes the feature maps and tem-
porarily increases the number of channels to extract richer and complex features, efficiently
processing them. After feature extraction, the number of channels is reduced to make the
model more lightweight. Next, a pooling layer is used to shrink each feature map, and lastly,
a fully connected layer is used to predict the output. This results in a pretrained model
that is highly accurate, however, due to the compound scaling, it is computationally heavy

when compared to models such as ResNet.
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Figure 2.5: Illustration of Compound Scaling [51].

2.3.4 Lightweight Convolutional Neural Networks

Lightweight Convolutional Neural Networks follow the same concept as traditional CNNs.
However, they are designed to reduce computational cost, making them ideal for edge de-
vices. The following sections provide an overview of lightweight CNN architectures, namely

MobileNet [13] and GhostNetV2 [14].
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2.3.4.1 MobileNet

MobileNet [13] was developed by Google in 2017 and was specifically designed for mo-
bile phones and embedded devices. The main idea behind MobileNet is that it splits a
convolutional layer into two layers, which are the depthwise convolution and the pointwise
convolution, as illustrated in Figure 2.6. First, the 3 x 3 depthwise convolution layer employs
a distinct filter for each input channel that provides spatial features and then a 1 x 1 point-
wise convolutional layer combines outputs across channels. This reduces both computation

and number of parameters significantly while maintaining great accuracy.

The early layers capture low-level features such as corners, edges, and textures, whereas
the higher layers extract more abstract features, such as object parts or entire objects. As
the depth of the network increases, the spatial size of the feature map decreases, but the
number of the channel remains high. This structure makes MobileNet able to preserve

informative features along the depth of the network.

Moreover, MobileNetV1 has about 4.2 million parameters with 224 x 224 input and a=1.0.
Using the width multiplier reduces this to 2.6M (a=0.75), 1.3M (a=0.5), and 0.5M («=0.25).
MobileNetV2 [52] is more efficient, with around 3.4 million parameters for the standard
model. MobileNetV3 [25] adds features such as Squeeze-and-Excitation (SE) [53] modules
to perform adaptive channel weighting and uses h-swish [25] activation to enhance efficiency
on mobile devices. In addition, it takes advantage from Neural Architecture Search [54].
Although it has slightly more parameters than V2, it remains lightweight. MobileNetV3-
Large has about 5.4 million parameters, while MobileNetV3-Small has about 2.9 million

parameters.
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Figure 2.6: Depthwise separable convolution block: decomposition of a standard convolution
into depthwise and pointwise layers [13].

2.3.4.2 GhostNetV2

GhostNetV2 [14] is a lightweight CNN model introduced in 2022 used in image classifi-
cation. Instead of using heavy convolutions to generate every feature map, GhostNetV2
consists of Ghost modules. The Ghost modules, originally introduced in GhostNetV1 [55],
consists of a 1 x 1 pointwise convolution to only generate the essential features, followed by
cheap operations, commonly depth-wise convolution, to generate additional features from
the essential features. As a result, this allows the Ghost modules to greatly reduce the
computational cost, however, it leads to a reduced expressivity in the feature encoding. To
address this limitation faced in GhostNetV1, GhostNetV2 was improved by integrating a
decoupled fully connected (DFC) attention mechanism, as illustrated in Figure 2.7. In DFC
attention, each patch of the feature maps interacts with the patches in the vertical and
horizontal directions, producing an attention map. This attention map is then combined
with the features generated by the Ghost module through element-wise multiplication, allow-
ing GhostNetV2 to capture long-range dependencies alongside local feature patterns while

maintaining computational efficiency.
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Figure 2.7: Illustration of GhostNetV2 architecture[14].

2.4 Transformers

Before the introduction of Transformers, sequential modeling in NLP primarily relied on
Recurrent Neural Networks (RNNs) [56] and their variants such as Long Short-Term Memory
(LSTM) [57] and Gated Recurrent Unit (GRU) [58]. RNNs were effective in capturing tem-
poral dependencies, but their sequential nature made training inefficient and limited their
ability to model long-range relationships due to vanishing and exploding gradient problems
[56]. Although LSTMs and GRUs improved some of these issues, they still struggled with
scalability and simultaneous processing. These limitations motivated the development of
the Transformer architecture, which replaces recurrence with self-attention mechanisms to

efficiently model global dependencies [59].

A Transformer [59] is a neural network model designed to process sequences of data, such
as text, using attention instead of older models like recurrent neural networks (RNNs) [56]
or long short-term memory networks (LSTMs). Unlike RNNs, a Transformer can process all
parts of a sentence simultaneously, making it easier to train and enabling it to understand
long-range relationships between words and fully comprehend context. Because of this, it
works well for applications such as translating text, summarizing documents, and detecting

fake news [59].
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A Transformer architecture, as shown in Figure 2.8, consists of two main components:
the encoder and the decoder. Each part has layers that use multi-head attention and feed-
forward networks. Attention guides the model to pay more attention to the important
words in a sentence, while multi-head attention helps the model consider several parts of
information simultaneously. Because transformers do not read sentences sequentially like

RNNs, positional encodings are used to represent the order of words [59].

In general, the Transformer is a powerful and efficient model that can handle a wide range
of natural language processing tasks without relying on traditional sequential networks,

using attention mechanisms and being pretrained on large datasets [60].
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Figure 2.8: The Transformer - Model Architecture [59].

As the field of Transformers evolves, it is considered very computationally expensive to
fine-tune Transformers for a specific task. As a solution for this challenge, a number of

parameter-efficient methods have been introduced, including Low-Rank Adaptation.

Low-Rank Adaptation (LoRA) [61] is a parameter-efficient fine-tuning technique designed
to customize large pretrained Transformers for a specific task. Since Transformers are
designed for large applications, it is inefficient to train all transformer parameters for specific

tasks. LoRA freezes the original weight matrices (d x d), where d is the dimensionality of
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the model, and introduces two new small trainable matrices A and B with a much lower
rank 7, effectively replacing the weight matrices with (2d x r) parameters. Compared to
full fine-tuning, LoRA can achieve a reduction in the number of trainable parameters by
about 10,000 times and reduces the use of GPU memory by about threefold [61]. Unlike
other traditional adapters, LoRA does not add additional latency during inference, since the
learned low-rank matrices can be merged back into the original weights after training. This
makes LoRA an efficient and scalable method for adapting large Transformer models such as
BERT and DeBERTa to downstream domains while maintaining competitive performance

to full fine-tuning.

2.4.1 Bidirectional Encoder Representations from Transformers
(BERT)

BERT belongs to the family of transformer-based language models introduced by Devlin
et al. in 2018 [37]. Their study investigated how bidirectional pre-training of transformers
can enhance performance on a wide range of natural language processing (NLP) [62] tasks.
Two configurations were proposed, namely BERT-base and BERT-large [37], with BERT-
large being the deeper version containing 24 transformer encoder layers, 16 attention heads,
and a hidden size of 1024, as illustrated in Figure 2.9. The overall architecture of BERT
is shown in Figure 2.10 [37], where the network is composed solely of stacked transformer
encoder blocks. Each block integrates multi-head self-attention and feed-forward neural
networks, along with residual connections and layer normalization to stabilize the training
process. Unlike traditional left-to-right or right-to-left models, BERT leverages a masked
language modeling (MLM) [37] objective, where a percentage of input tokens are randomly
masked and the model is trained to predict the original tokens based on the surrounding
context. This helps the model capture bidirectional dependencies in text. Additionally, the
model uses next sentence prediction (NSP) [37], a binary classification task that determines
whether a given sentence logically follows another. This enables BERT to better understand
sentence-level relationships, which is particularly useful for tasks such as question answering

and natural language inference.
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Figure 2.10: Illustration of BERT’s pre-training and fine-tuning workflow for various NLP
applications [37].

2.4.2 Decoding-enhanced BERT with Disentangled Attention (De-
BERTa)

Decoding-enhanced BERT with Disentangled Attention (DeBERTa) was introduced by He
et al. in 2021 [64] as an improvement over RoOBERTa [65] and the original BERT models. The
model improves the attention mechanism by separating the content and position information
of words into separate vectors, which helps to better capture dependencies across tokens in
the text. In addition, DeBERTa uses an improved mask decoder that enhances the model’s
accuracy in predicting masked tokens. As illustrated in Figure 2.11, while the original BERT
decoding layer processes content and positional embeddings together, DeBERTa adds an
extra path that keeps them separate, which improves the understanding of the text and

allows the model to perform better on data compared to earlier transformer-based models

[64].
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Figure 2.11: The DeBERTa model architecture with enhanced mask decoder [64].

Building on the success of DeBERTa, DeBERTaV3 [66] is an improved version of De-
BERTa that uses ELECTRA’s Replaced Token Detection (RTD) strategy [67] instead of
the original Masked Language Modeling (MLM) objective, making the model learn contex-
tual representations more efficiently. Unlike MLM, where the model hides some words and
tries to guess them, RTD randomly replaces some tokens in the text with alternatives that
are generated using a generator network. Then, the model must distinguish between the
original and replaced tokens. This approach makes the training process stronger and allows
the model to train on all input tokens rather than only the masked positions. In addition,
DeBERTaV3 introduces gradient-disentangled embedding sharing (GDES) [66], the mech-
anism is illustrated in Figure 2.12. In this design, the encoder and decoder use the same
embeddings, while keeping the gradients separate to prevent interference and redundancy
during backpropagation. By separating gradient in this way, GDES reduces redundancy
in learned representations and improves training efficiency. Therefore, DeBERTaV3 uses
better pretraining strategies and larger datasets, which enable the model to achieve state-of-

the-art results on a range of NLP tasks such as question answering and text classification.
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Figure 2.12: The DeBERTaV3 model architecture with GDES [66].
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2.4.3 Vision Transformers (ViT)

Vision Transformers (ViTs) [68] use the Transformer architecture from natural language
processing (NLP) for image recognition tasks. ViTs are highly effective at modeling global
relationships across the entire image, which allows them to capture long-range dependencies
that CNNs may miss. In addition, ViTs achieve strong performance on large datasets,
however, when they are trained on smaller datasets, they often underperform when compared
to CNNs. This is mainly because ViTs do not capture local image patterns, which is highly

important for effective learning from small datasets.

In a ViT, the input image is first divided into non-overlapping patches, which are then
flattened into one-dimensional vectors known as tokens. Each token is linearly projected
into a lower-dimensional vector to reduce dimensionality while keeping the necessary features.
Furthermore, positional embeddings are added to the tokens to indicate the spatial location
of each patch within the image which ensures that spatial relationships are maintained.
After that, all token embeddings are fed into the Transformer encoder. The first layer in the
Transformer encoder is self-attention, which allows each patch to gather information from
all other patches and hence captures dependencies between them. Following self-attention,
a feed forward network is applied independently to each token which models complex and
nonlinear relationships among the patches. Finally, an MLP head will produce the final
output based on the global representation learned by the encoder. The model overview of

the Vision Transformer is shown in Figure 2.13.
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Figure 2.13: Vision Transformer Model Overview [68].
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2.4.4 Lightweight Transformers

Traditional transformer models have a high computational cost, making them difficult to
deploy on edge devices. Lightweight transformers, which are more efficient, were developed
to address this issue. Below, three lightweight transformers are presented, where two are

text-based and one is imaged-based.

2.4.4.1 TinyBERT

TinyBERT is a lightweight model that was introduced in 2020 [15] to reduce computa-
tional expenses through a proposed transformer distillation method that enables smaller
student models to learn from larger teacher models. In large language models (LLMs) dis-
tillation is the process of transferring knowledge from a teacher model to a student model

[15].

Both BERT and TinyBERT share the same transformer architecture but TinyBERT has
only 4 layers, making it easy to apply the transformer distillation, which is performed in
three steps. Firstly, the main addition was the transformer layer distillation, which includes
attention-based distillation that helps the student learn the semantic knowledge from the
teacher and hidden-states-based distillation, which aims to minimize the mean squared error
of the hidden representations of the teacher and the student. In addition, embedding layer
distillation and prediction layer distillation are used to help the student mimic the teacher’s
performance. Furthermore, a learning method was introduced, which includes the general
distillation and the task-specific distillation, as illustrated in Figure 2.14. The first stage is
the general distillation stage, where the student learns from the teacher BERT without fine-
tuning using a large-scale text corpus. For the task-specific distillation, data augmentation is
performed on a task-specific dataset, then transformer distillation is performed using a fine-
tuned BERT. After this stage, we obtain a smaller version of BERT, called TinyBERT, which
has the ability to perform specific tasks and generalize well. With only 14.5 M, TinyBERT

manages to achieve 96.8% of BERT’s performance while being faster and lighter.
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Figure 2.14: The illustration of TinyBERT learning. [15].

2.4.4.2 MiniLM

MiniLM is a compact and effective Transformer-based model introduced in 2020 [16] that
compresses large pre-trained language models via a novel deep self-attention distillation
framework. Unlike prior approaches that rely on layer-to-layer mapping, MiniLM trains
the student by deeply mimicking the self-attention module of the teacher’s last Transformer
layer , as illustrated in Figure 2.15. The model learns not only the attention scores between
queries and keys but also the relationships between values, known as value-relations, that
capture more detailed information. This value-relation transfer produces relation matrices
of fixed size, which lets student models adopt arbitrary hidden dimensions without introduc-
ing extra projection parameters. The method also benefits from using a teacher-assistant
when the size gap is large, bridging performance between the original teacher and smaller
students. Experiments proved that the 6-layer MiniLM, which was distilled from BERT-
BASE, performs almost like the teacher model on common benchmarks such as GLUE [69]
and SQuAD 2.0 [70], but with fewer parameters and faster inference, about twice as fast.
Overall, deep self-attention distillation offers a simple, flexible, and computationally efficient

path for task-agnostic compression of pre-trained Transformers.
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Figure 2.15: Overview of the MiniLM deep self-attention distillation framework .[16].

2.4.4.3 MobileViT-v2

MobileViT-v2 [71] was introduced in 2023 by Mehta and Rastegari as an improved and
more efficient version of MobileViT. The original MobileViT [72] is a hybrid model that
combines the benefits of CNNs and Vision Transformers, where the CNNs part focuses on
local features, while the global context is handled by transformers. However, since it still
uses normal self-attention, it compares every patch with all the other patches, which makes

it slow and not suitable for mobile devices.

MobileViT-v2 solves this limitation by introducing separable self-attention. This attention
uses simple element-wise operations, which is a light and fast type of attention, while still
keeping global awareness of patches, as shown in Figure 2.16. Separable self-attention
reduces the complexity from quadratic O(k?) to linear O(k). This makes the model capable
of understanding the whole image with much less computation, while remaining efficient.
In experiments, it showed higher accuracy and was about three times faster than the first

version, making it more practical for vision tasks on mobile and edge devices.
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Figure 2.16: MobileViT-v2 architecture with separable self-attention [71].

2.5 Siamese Neural Network

Siamese Neural Network [73] was first introduced in the 1990s by Bromley et al. for the
task of human signature verification. It is generally used to compare between two inputs by
measuring their similarities. The general concept of the network is that it consists of two
branches, each having identical architectures and shared weights. Each of the two branches
receive an input that is mapped into a shared feature space, where their representations are
compared by using a metric, such as cosine similarity, to measure the similarity between
the two inputs. In contrast, in a Pseudo-Siamese Network [74, 75], which is a more general
form of Siamese Neural Network, the two branches do not share the same weights. Each
of the branch may consist of different neural networks, such as CNN on one branch and an
RNN on the other, allowing them to be more flexible and applicable to a wider range of

applications.
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2.6 Attention Mechanisms

Attention mechanisms enable models to identify and emphasize the most relevant spatial
regions and channels within feature maps, while reducing the impact of less useful informa-
tion. These modules enhance feature representations efficiently without adding significant
computational complexity, making them particularly effective for tasks such as image classi-
fication. There are different kinds of attention mechanisms proposed in literature [76], in this
section, we report Squeeze-and-Excitation [53] as it is used in our project. The Squeeze-and-
Excitation (SE) mechanism belongs to the channel attention category, the Convolutional
Block Attention Module (CBAM) [77] combines channel and spatial attention, and Coordi-

nate Attention (CA) [78] improves spatial attention by integrating positional information.

The Squeeze-and-Excitation (SE) attention mechanism was introduced by Hu et al. [53]
to improve the performance of CNNs by modeling channel-wise dependencies. The SE block
adaptively adjusts feature responses through two main operations, squeeze and excitation.
In the squeeze step, global average pooling is applied to each feature map to obtain a channel
descriptor that captures global spatial information. In the excitation step the descriptor is
used to generate weights for each channel. Furthermore, the mechanism consists of two
fully connected (FC) layers. The first FC layer reduces the channel dimensions to limit the
model’s complexity, and then the second FC layer restores the dimensions to the original
channel count before generating the final weights. In the end, the weights are then multiplied
with the original feature maps, producing higher weights to the more important channels.
In addition, the SE block can be integrated into existing architectures, such as ResNet and

Inception [79], improving their overall performance.

2.7 Fusion Strategies

In order to create a multimodal framework, fusion is required to fuse the image features
and the textual features in the architecture. Several fusion techniques exist that differ in
how the different modalities are combined, they include traditional fusion approaches such
as feature-level fusion and decision-level fusion, and a more sophisticated attention-based

fusion approach [80, 81] .
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2.7.1 Feature-level fusion

Feature-level fusion is considered to be an early fusion approach that merges the features
extracted from the different modalities before the classification layer into a single represen-
tation, as shown in Figure 2.17. The single representation is the fused vector that contains
the combined features from the different modalities. Several feature-level fusion methods
exist to combine the features, they include concatenation and element-wise addition. Con-
catenation fusion simply combines the text and image embeddings by stacking the text
and image embeddings into one extended feature vector that preserves the full content of
both modalities [82]. This straightforward method allows the classifier to learn how the two

modalities relate to each other using the combined features [82].

Classification

E 8

[ Text + image ‘
h

Textual Visual
Features Features

Figure 2.17: Illustration of feature-level fusion [80].

Element-wise maximum fusion compares the two feature vectors and selects the larger
value at each dimension, which helps highlight the most informative signals from either
modality [83]. This technique strengthens strong features and reduces the impact of weak

or noisy ones, making the multimodal prediction more reliable [83].

Additionally, among feature-level fusion methods, element-wise multiplication fusion
(Hadamard product), has gained attention in the multimodal field for its ability to combine
information from different modalities efficiently. In this strategy, instead of simply joining
features together, corresponding values in the text and image feature vectors are multiplied.
This highlights the parts where both modalities are strong, allowing the model to better

capture semantic consistency between them [84].
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To make the Hadamard product more adaptive, recent works such as [84] include element-
wise summation as an additional feature-level fusion method. In this approach, correspond-
ing elements from the two modality embeddings are added to form a single vector. This
operation allows the model to integrate complementary information from both modalities,
rather than relying on strong shared features highlighted by the Hadamard product. In con-
trast [85] uses element-wise sum to maintain the original feature dimensionality, avoiding

the dimensional expansion typically caused by concatenation.

Another feature-level fusion method used to compare the two embeddings is the absolute
difference [73]. This method takes the difference between the text and image feature vectors
and then applies the absolute value. This allows the fusion step to highlight the mismatch
between the two modalities, which can be helpful to identify the contradiction of the image

and the text.

Table 2.1: Summary of feature-level fusion strategies

Fusion Strategy  Feature

Concatenation Combines the two embeddings by merging them into a single extended
feature vector. This preserves the full information.

Element-wise Compares the two embeddings and selects the larger value at each dimension.
Maximum This highlights the most informative signals and reduces noisy features.
Hadamard Multiplies the corresponding values of the two embeddings at each dimension.
Product Used to capture semantic consistency.

Element-wise Adds the corresponding values of the two embeddings. This maintain the
Summation original feature dimensionality.

Absolute Computes the absolute value of the element-wise difference between
Difference embeddings. Used to capture disagreements between embeddings.

2.7.2 Decision-level fusion

Decision level fusion, also referred to as late fusion, combines the predictions of the models
classification layer as decisions or confidence scores, rather than merging their features at an
earlier stage, as shown in Figure 2.18. This approach is widely used in multimodal systems

because of its simplicity and efficiency [86]. Two common strategies are:
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- Maximum fusion: picks the class that has the highest confidence score from all the
classifiers. This approach works well when one of the classifiers is usually very confident

and makes good predictions [87].

- Average fusion: the final decision score for each class is obtained by averaging the
confidence scores across all classifiers. This method balances the influence of individual

models and improves stability [88].

Decision level fusion is simple and does not require much computation. It is often used
in multimodal applications such as image analysis and scene understanding, because it can
improve the overall prediction accuracy by combining the strengths of different classifiers

[89).

[ Classification ] [ Classification ]

Textual
Features

Visual
Features

Figure 2.18: Illustration of decision-level fusion [80].

2.7.3 Attention-based fusion

Attention-based fusion is an approach that models the interaction between modalities,
such as text and images, by assigning weights to features, allowing the model to focus on
the most informative parts of the data. This provides a way to capture relationships between

modalities. Different attention based fusion methods include:

- Cross-modal attention: Cross-modal attention fusion is an attention-based fusion strat-
egy that merges information from several (mainly two) modalities by allowing one
modality to focus on the other’s important information while ignoring the unneces-

sary part. In cross-modal attention, the Query (Q) tensor comes from one modality,
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which specifies what that modality is focusing on. The Key (K) tensor, which con-
tains the information to be matched with, and the Value (V) tensor, which contains
the actual content that will be retrieved when a match is found, comes from the other
modality. These values are used to compute the attention between the two modalities,

as shown in equation (5).

Attention = softmax (%) v (5)
k

After computing the attention, the modality from which the Query tensor comes from

gets an updated vector representation that combines its original features with the

most important part from the other modality, where the Key and Value tensor are

obtained [59, 81]. Once the vectors of each modality are aware of each other, these

vectors go through several layers of the neural network before finally being fused using

a feature-level fusion strategy [90].

Co-attention: Co-attention is a fusion mechanism that models the relationship be-
tween modalities by updating their representations with information from each other.
In this process, each modality is refined using the other as context, and the two are
fused in a bidirectional manner [91]. Different versions of co-attention have been pro-
posed. In parallel co-attention, the two modalities process each other’s features at
the same time. Each modality generates weights that determine the importance of
the other’s features, allowing both representations to be updated simultaneously [91].
In alternating co-attention, the interaction happens in sequence rather than simulta-
neously. One modality is refined using the other, and in the next step the updated
representation is used to guide the first modality, allowing the two to progressively
refine each other [91]. Dense co-attention first involves computing a comprehensive
similarity matrix that explicitly models the relevance between every feature element
in one modality and every feature element in the other. This ensures a symmetric
interaction across the entire feature space [92]. Finally, stacked co-attention involves
stacking multiple co-attention layers on top of each other. The features produced
by one co-attention layer are passed as input to the next layer, allowing the model

to perform deep reasoning on multiple stages, and progressively learn more complex
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joint representations [93]. Despite its usefulness, co-attention has been less widely
used in recent multimodal approaches, where cross-modal attention has become more

dominant [94, 95].

2.8 Datasets

Various datasets have been introduced for the study of multimodal fake news detection.
Fakeddit [23], Weibo [96], and Twitter MediaEval [24] are among the most widely used
datasets. A summary of these datasets is provided in Table 2.2, which includes only mul-
timodal instances composed of text and images. For our research, we focus on Fakeddit,
which provides a diverse and representative benchmark for fake news detection. In addition,

we will also utilize the Twitter MediaEval dataset [24].

Fakeddit dataset is a multimodal fake news dataset that contains more than 1 million
instances. It includes both text and image data that are collected from Reddit, a popular
social media platform. The dataset supports multiple levels of classification with 2-way,
3-way, and 6-way labeling schemes. For the 2-way classification, instances are labeled with
either true or fake. For the 3-way classification, the instances are labeled with completely
true, fake with false text, or fake and contains text that is true. Finally, for the 6-way
classification, the instances are labeled with true, satire/parody, misleading content, ma-
nipulated content, false connection, or imposter content. Moreover, the dataset contains

682,661 multimodal samples, 268,908 true samples, and 413,753 fake samples.

Weibo [96] is a Chinese multimodal fake news dataset collected from Sina Weibo’s! [97]
official community for rumor debunking. It includes 9,528 events, with 4,749 labeled as
rumors and 4,779 as non-rumors and it was collected from 2012 to 2016. In Weibo’s rumor
debunking system, users can report suspicious posts. These posts are then reviewed by a
committee of users to determine whether they are real or false. Posts that are confirmed
as false are labeled as rumors, while posts that are confirmed as real by the Xinhua News

Agency [98], a trusted news source in China, are labeled as non-rumors.

The Twitter MediaEval dataset was introduced for the MediaEval 2016 Verifying Mul-

timedia Use task [24]. It contains tweets related to 17 major world events and includes

Thttp://www.weibo.com/
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text, images or videos, and metadata. The posts were collected using keywords related to
the 17 events and a visual near-duplicate search strategy to retrieve real and fake images
shared during these events. Each post is labeled as real or fake depending on whether the

associated image or video relates accurately to the event described in the text.

Table 2.2: Summary of commonly used datasets for fake news detection, reporting only
text-image multimodal instances.

Dataset No. of No. of Class Distribution Date
Multi- Classes
modal
Instances
Fakeddit 682,661 2,3,6 Fake samples= 413,753 (60.6 %) and real 2020
samples= 268,908 (39.4 %).
Weibo 9,528 2 Rumors= 4,749 (49.8%) and non-rumors= 2017
4,779 (50.2%).
Twitter 15,821 2 Real= 6,225 (38.3%) and fake= 9,596 2016
MediaEval (60.7%)

2.9 Activation Functions

Activation functions play an important role in neural networks by introducing non-
linearity, which allows the model to capture complex patterns in data. They also shape
how information flows through the layers and influence training stability and predictive
performance. Table 2.3 summarizes the most widely used activation functions, highlighting

their equations and graphs.
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Table 2.3: Activation Functions along with their mathematical equations and graphical

representations.

Activation Function

Equation

Graph

Remarks

Rectified Linear Unit (ReLU)

f(x) = max(0, z)

Outputs the maximum be-
tween zero and the input
value.

ReLU6

ReLU6(z) = min(max(0, z), 6)

— Felus

100

T35 S0 45 do 35 o 75 w0
[100]

Both  hard-sigmoid and
hard-swish rely on the
clipped linear behavior of
ReLUG6.

Softmax

Converts input into proba-
bilities that sum to 1. Often
used for multi-class classifi-
cation.

Tanh

f(x) = tanh(z)

Maps input values to the
range [—1,1]

Sigmoid

Maps input values to the
range [0,1]. Often used for
binary classification.

Hard-Sigmoid (h-Sigmoid)

h-Sigmoid(z) = LLU?TH)

sigmoid
h-sigmoid
e 2 0 2 4 6

[25]

Cheap approximation of sig-
moid. This is_the formula
used in MobileNetV3.

Hard-Swish (h-swish)

h-swish(z) =z

. ReLUG(z+3)
6

swish vs h-swish

--- swish //
h-swish //
S/

Efficient approximation of
the swish activation. It is
designed for mobile models,
providing similar perfor-
mance benefits with lower
computational cost.

Gaussian Error Linear Unit (GELU)

0.5z (1 + tanh (\/%(x " 0.0447151»3)))

[1‘01]

Maps input values (nega-
tive, zero, and positive)
into a smooth non-linearity
that preserves small nega-
tives and gradually ampli-
fies positives.
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2.10 Performance Metrics

To evaluate the performance of the models, several performance measures are used to
ensure that different aspects of performance are examined. These measures usually rely
on the classifier’s ability to make correct predictions. The confusion matrix of a binary
classifier, as shown in Table 2.4, indicates the number of true and false predictions made by
the classifier. This representation aids in understanding the different proposed performance

measures [102].

Table 2.4: Confusion Matrix of a binary classifier

| Predicted Positive | Predicted Negative
Actual Positive TP FN
Actual Negative FP TN

o True Positive (TP): The classifier correctly predicts a positive outcome.
o True Negative (TN): The classifier correctly predicts a negative outcome.

o False Positive (FP): The classifier predicts a positive outcome, however, the prediction

is incorrect.

o False Negative (FN): The classifier predicts a negative outcome, however, the predic-

tion is incorrect.

Below are some of the common performance measures that are often computed using the

confusion matrix.

Accuracy (Acc) is used to measure how often the classifier makes correct predictions, as
shown in (6). High accuracy indicates the classifier makes many correct predictions while

low accuracy means it makes few correct predictions [102].

TP+ TN

Acc = 6
“TTPYTN+FN+FP (6)

Recall (R), also known as sensitivity or True Positive Rate, is used to measure how often
the classifier correctly predicts the positive outcome when the actual outcome is positive, as

shown in (7) [102].
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TP

R=T7p 1 FN (7)

Precision (P) is used to measure how often the classifier correctly predicts the positive

outcomes among all the outcomes predicted as positive, as shown in (8) [102].

TP
P=—" _
TP+ FP ®)

F1- Score (F1) is the weighted average of precision and recall, as shown in (9). It is

mainly useful when the dataset is imbalanced [102].

‘Pt R 9)

Receiver Operating Characteristic (ROC) curve is a graph that is used to envision the
performance of the classifier by plotting the True Positive Rate against the False Positive

Rate across different threshold values [102].

Area Under the Curve (AUC) refers to the area under the Receiver Operating Characteris-
tic (ROC) curve, which plots the true positive rate against the false positive rate at different
thresholds. The AUC value ranges from 0 to 1, where a score of 0.5 indicates performance

equivalent to random guessing and a score of 1 indicates perfect classification [103].

Floating Point Operations (FLOPs) measure the computational cost of a model by count-
ing the total number of arithmetic operations required for a single forward pass. The total

FLOPs of a network are obtained by summing the operations of all its layers [104].

Parameters refer to the total number of learnable weights and biases in a neural network.
They are the numerical values that the model updates during training to learn patterns
from the data. The total number of parameters is obtained by summing the parameters of

all layers in the neural network [105].
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2.11 Summary

In this chapter, various foundational concepts supporting fake news detection were in-
troduced. The preprocessing techniques for text and images were first briefly discussed to
prepare data. Then, the different text feature representation methods were explained. The
chapter also reviewed key deep learning architectures such as CNNs and Transformers, high-
lighting notable models like BERT and DeBERTa, as well as lightweight Transformers like
MobileViT-v2. Furthermore, the chapter explained attention mechanisms in general, with a
focus on Squeeze-and-Excitation. In addition, Siamese Neural Networks were discussed, and
the chapter introduced popular multimodal fake news datasets such as Fakeddit. The chap-
ter also examined different fusion strategies used to combine text and image information,
and these strategies were categorized into three main types: feature-level, decision-level, and

attention-based fusion.
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Chapter 3: Literature Review

In this chapter, we begin by reviewing unimodal approaches to fake news detection, which
mainly focus on textual features, with limited work addressing visual features. We then
review multimodal approaches that integrate the textual information with the corresponding
image of the news item, demonstrating how they improve detection accuracy. Additionally,
a review was conducted on several lightweight frameworks and on different applications of

Siamese Network.

3.1 Unimodal Approaches

Several studies have investigated unimodal approaches to fake news detection, where
either text or image modalities are used to determine if the news item is real or fake, below

we review a selection of these works.

3.1.1 Textual-based Unimodal Approaches

Multiple studies have been conducted to detect fake news using a textual-based unimodal
approach, where only text is taken as input and classified as either fake or real news, as

summarized in Table 3.1.

Stance detection, which is defined as the automatic identification of the relationship be-
tween two pieces of text, represents a key approach in addressing the challenge of fake news
detection when implemented using deep learning methods. In this study [106], the Fake
News Challenge (FNC-1) dataset [107] is used, which categorizes headline—article pairs into
four stance classes: Agree, Disagree, Discuss, and Unrelated. The model was trained using
three different variations of neural networks. The Term Frequency-Inverse Document Fre-
quency (TF-IDF) vector representation combined with a dense neural network achieved an
accuracy of 94.31%, which represents the highest performance and outperformed existing
models by about 2.5%. The Bag-of-Words (BoW) representation with a dense neural net-
work obtained an accuracy of 89.23%. Surprisingly, when pretrained embeddings such as
Word2Vec were used as input to a dense neural network, the model’s accuracy dropped to

75.67%.
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Similarly, Subhash et al. [108] compared several deep learning models with different
embeddings, including Word2Vec, GloVe, and FastText for fake news detection using the
Kaggle Fake News dataset (US 2016 election articles) [109]. Their Bidirectional Encoder
Representations from Transformers (BERT)-based [37] model achieved state-of-the-art ac-
curacy of 99.2%, outperforming Recurrent Neural Network (RNN) [56], Long Short-Term
Memory (LSTM) [57], Gated Recurrent Unit (GRU) [58], and Convolutional Neural Net-
work (CNN) [31] variants, but remained limited to text-only input.

Additionally, Sharma and Sahu [4] proposed a deep learning framework for fake news
detection using the ISOT Fake News dataset [110]. After preprocessing the data through
converting to lowercase, cleaning, removing stop words, stemming, the features were ex-
tracted using Bag of Words, TF-IDF, tokenization, padding, and GloVe embeddings. The
framework was evaluated with CNN, LSTM, Bidirectional Long Short-Term Memory (BiL-
STM) [111], and a hybrid CNN-BiLSTM model. The results showed that CNN and LSTM
achieved the best accuracy at 83%, with LSTM giving the highest precision and F1-score,
while BiLSTM and CNN-BiLSTM performed slightly lower at 82% and 81% respectively.
The hybrid model was reported to not improve performance, suggesting that while deep
learning methods are effective, further optimization is required to achieve the higher accu-

racy levels reported in other studies.

Bhattacharjee et al. [3] explored the use of a Long Short-Term Memory (LSTM) model
to detect fake news, specifically focusing on news titles rather than the entire article. This
research employed the ISOT dataset, a publicly available dataset composed of two files,
True.csv and Fake.csv, which were combined and preprocessed for analysis. The prepro-
cessed data was transformed into a numerical format through word embedding, where one-
hot encoding is applied. The authors then trained the LSTM model on the dataset, which
involved using k-fold cross-validation and the Adam optimizer to improve accuracy. The
results show that the LSTM model achieved an overall accuracy of 93.5%, outperforming
traditional machine learning methods such as logistic regression [112] and Support Vec-
tor Machine (SVM) [113], which achieved an accuracy of 85.3% and 86.7% respectively.
Although this demonstrates the effectiveness of the LSTM model, challenges remain in han-

dling ambiguous content.

Meanwhile, Kamble et al. [114] conducted a comparative study using the WELFake
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dataset [115], evaluating both machine learning and deep learning approaches. Among
the machine learning models tested, Extreme Gradient Boosting (XGBoost) [116] achieved
the highest accuracy of 96.71%. For deep learning methods with GloVe embeddings, the
BiLSTM model achieved the best performance with 91.58% accuracy. However, transformer-
based models such as BERT [37] outperformed all others, reaching 98.95% accuracy. Com-
pared to traditional and earlier deep learning models, transformers achieved the best re-

ported performance in this study.

Furthermore, Salem et al. [5] proposed a hybrid CNN-LSTM model for fake news detec-
tion which aims to improve the accuracy of detecting image-based fake news by leveraging
the strengths of both models. Their approach analyzed only the text embedded within the
images rather than the image itself. In addition, the Fake News Classification Image Dataset
[117], which contains both textual and visual information, was utilized. For data prepro-
cessing, Optical Character Recognition (OCR) was used for the detection of textual content
embedded in images, which allows visual text to be transformed into machine-readable text.
Following that, the extracted text was cleaned to standardize it by converting all letters to
lowercase, removing non-alphabetic characters, and replacing multiple consecutive whites-
paces with a single space. Next, the text was tokenized and padded so that all sequences
had the same length. In the CNN and LSTM models, there was an embedding layer with
an input size of 512 as a representation of the vocabulary size and an output size of 16 as
a representation of the size of the embedding vector for each token. For the hybrid CNN+
LSTM model, the embedding layer had an input of 512 and an output of 128. In addition,
label encoding was performed to convert the categorical labels into numerical representa-
tions suitable for binary classification, with ‘Real’ mapped to 1 and ‘Fake’ mapped to 0.
After preprocessing, the CNN was used to detect local patterns and key phrases within the
text and the LSTM captured broader contextual and sequential relationships. The hybrid
model combined the two advantages by first passing the text through CNN layers to deter-
mine the important features and then passing them as inputs to the LSTM for contextual
representation. As a result, the hybrid model achieved an accuracy of 90.98%, which out-
performs both the standalone CNN model with an accuracy of 86.67% and the standalone
LSTM model with an accuracy of 85.49%.
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Table 3.1: Summary of Textual-based Unimodal Related Work

Feature

. . Model Metric Ke
Article Ref. Year ngféslsgrclzesl;ilﬁg / Algorith/m Dataset used Results Insigyht
Fake News [106] 2018 Bag of Words, Bow + DNN, Fake News Acc TF-IDF + Dense NN Pretrained embeddings
Detection: A TF-IDF, and TF-IDF + DNN, Challenge accuracy = 94.31%, (Word2Vec)
Deep Learning Word2Vec Pretrained (FNC-1) BoW + Dense NN underperformed
Approach Word2Vec accuracy = 89.23%, compared to simpler
embeddings + Word2Vec + Dense NN TF-IDF, using cosine
DNN, Proposed accuracy = 75.67% similarity lead to better
Hybrid Model: performance, data
TF-IDF vectors + imbalance affect
engineered cosine minority stance
similarity features categories (Agree,
fed into DNN. Disagree)
Fake News [108] 2023  Glove, Word2Vec, RNN, LSTM, Kaggle Acc, P, R, BERT-based approach
Detection FastText, BERT BiLSTM, GRU, dataset on F1 BERT accuracy= 99.20% achieved
Using Deep Bi-GRU, the 2016 U.S. Fl-score = 0.99 state-of-the-art
Learning and CNN-LSTM, Presidential performance,Glove
Transformer- CNN-BiLSTM, Elections embeddings
Based Model FastText, BERT outperformed
Word2Vec, RNN was
the weakest
Fake News [4] 2023  Lowercase, Clean, CNN, LSTM, ISOT Fake Acc, P, R, CNN accuracy = 83.0%, Text-only deep models
Detection Remove stopwords, ~ BiLSTM, hybrid News dataset F1 LSTM accuracy = ~83% acc, hybrid
using Deep Stemming, Tok- CNN-BiLSTM 83.0%, BiLSTM underperforms,
Learning enization+Padding, accuracy = 82.0%, tuning/richer features
Based BoW, TF-IDF, CNN-BILSTM needed
Approach GloVe accuracy = 81.0%
Title-Based 3] 2024  Onme-hot encoding LSTM, Logistic ISOT Fake Acc, P, R, LSTM outperforms
Fake News Regression, SVM News dataset F1 LSTM accuracy= 93.5%, traditional machine
Detection LR accuracy of 85.3%, learning models on
Using LSTM SVM accuracy = 87.1%  tjtle-based fake news
detection
Fake News [114] 2024 Bag of words, LR, KNN, SVM, WELFake Acc, P, R, BERT achieved 98.95%  Deep learning models
Detection TF-IDF, DT, RF, XGB, F1 accuracy outperformed machine
Using Machine Word2Vec, GloVe, SGD, MNB, GBM, learning models, BERT
Learning and BERT LSTM, BiLSTM, achieved the highest
Deep Learning BERT accuracy
Detecting Fake  [5] 2025 OCR is used to CNN, LSTM, Fake News Acc, P, R, LSTM only accuracy =  The hybrid
News Images extract text Hybrid Classification ~ F1, ROC 85.49%, CNN only CNN-LSTM model
Using a embedded in CNN-LSTM Image AUC, PR accuracy = 86.67%, outperforms standalone
Hybrid images Dataset AUC, and Hybrid CNN-LSTM CNN and LSTM
CNN-LSTM MCC accuracy = 90.98% models in detecting
Architecture fake news images
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3.1.2 Image-based Unimodal Approaches

Although most unimodal approaches focused on the detection of fake news in textual
information only, some have explored unimodal approaches that strictly analyze images to

detect fake news, as shown in Table 3.2.

Some of the images that accompany fake news are manipulated. These manipulations
can be done in different ways, such as copying and moving parts, removing objects, or
combining multiple images. These changes can make images misleading and less reliable.
Recent studies focus on detecting such manipulations by looking at both visible features

and hidden patterns in the images.

Peng Zhou et al. [7] proposed a two-stream Faster R-CNN [118] network for detecting
manipulated regions in images. The RGB stream captures visual tampering artifacts such
as unnatural edges and contrast differences, while the noise stream extracts local noise in-
consistencies using a steganalysis rich model (SRM) [119] filter layer. Features from both
streams are fused via bilinear pooling to improve detection accuracy. The model was trained
on a synthetic COCO-based dataset [120] and fine-tuned on four standard datasets (NIST16
[121], CASIA [122], COVER [123], Columbia[124]). Results show that the combined RGB-N
network outperforms individual streams and baseline methods such as ELA, NOI1, CFA1,
MFCN, and J-LSTM, which represent earlier approaches for image forensics, ranging from
error-level and noise analysis to deep learning-based models, achieving robustness to resiz-
ing and JPEG compression, and effectively distinguishing splicing, removal, and copy-move
manipulations. The study emphasizes the complementary role of RGB and noise features
in capturing rich tampering evidence, though further enhancements could improve the de-

tection of copy-move manipulations.

S. Alqurashi et al. [6] used a CNN model to robustly process the images and detect the
status of the image, whether fake or real within the context of news. The authors first
preprocessed the images using the CASTA v2.0 dataset, where three different preprocessing
techniques are applied to compare between them and select the best one. The three tech-
niques used are: Error Level Analysis, which computes the difference in compression error
levels between the original and the re-saved image, Noise analysis, which detects changes in

the natural noise patterns that often occurs when manipulating the image, and lastly, Gra-
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dient analysis, which examines the brightness across the image to reveal any inconsistencies.

The CNN model was then constructed using several layers, including two convolutional lay-

ers, one max-pooling layer, one dropout layer, one flatten layer, and two dense layers. After

training the model on the dataset, the results show that the dataset in which the images

were preprocessed using Error Level Analysis achieved an accuracy of 97.6%, outperforming

the Noise analysis and Gradient analysis preprocessing techniques, which achieved an accu-

racy of 85.8% and 93.7% respectively. Although the model shows high accuracy, the study

emphasized that detecting fake news solely from image requires a large and more diverse

dataset in order to be effective.

Table 3.2: Summary of Image-based Unimodal Related Work

Feature

. . Model Metric Ke
Article Ref. Year nglr‘)ergigrclgsl;ilglgi/ Alg orith/m Dataset ased Results Insig}ilt
Learning Rich 7] 2018 RGB stream Two-stream Synthetic Pixel-level Outperformed Fusion of RGB and
Features for (contrast, Faster COCO F1l-score, traditional methods noise features
Image boundaries) + R-CNN with  dataset AUC (ELA, NOI1, CFA1). captures
Manipulation Noise stream (SRM  bilinear (pre-training), AUC: 0.937 (NIST16), complementary
Detection filter features) pooling NIST16, 0.858 (Columbia), tampering artifacts
CASIA v2.0, 0.817 (COVER), 0.795  and achieves
COVER, (CASIA). Higher state-of-the-art
Columbia Fl-score than performance.
baselines
Fake Image [6] 2025 Three CNN CASIA V2.0 Acc, P, R, Detecing fake news
Detection in preprocessing F1 accuracy using based on
Fake news methods are done ELA: 97.6% manipulated images
using on separate accuracy using alone requires a very
Convolutional versions of the Noise analysis: 85.8% large dataset. ELA
Neural dataset: ELA, accuracy using preprocessing
Network Noise analysis, Gradient analysis: 93.7% outperformed other
Gradient analysis preprocessing
techniques.
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3.2 Multimodal Approaches

Since much of the fake news circulating the media utilizes both text and images, re-
searchers have shifted towards a multimodal approach, where both text and image are

leveraged to improve classification accuracy.

3.2.1 Traditional Fusion Approaches

In the following studies, the proposed multimodal architectures were constructed using tra-
ditional fusion techniques, such as feature-level and decision-level fusion approaches, aimed
to merge information from the textual and visual modalities into a unified representation.
Common methods include concatenation fusion, where feature vectors from each modality
are combined into a single vector, and maximum fusion, which selects the class with the
highest confidence score from all the classifiers. Key details of these studies are provided in

Table 3.3.

Singhal et al. [125] designed SpotFake, a multimodal fake news detection framework. In
this study, BERT [37] was used to extract features from text, while a pretrained Visual
Geometry Group 19-layer network (VGG-19) [48] was used to extract features from images.
The embeddings that result from these encoders go through a fully connected layer to
map to a common dimension of 32. Next, these embeddings are fused using the feature-
level concatenation approach. The unified representation then through a fully connected
classification layer to predict the final output. Moreover, this study utilized two common
multimodal fake news datasets, Twitter MediaEval [24] and the Chinese dataset Weibo [96].
The experiments shows that SpotFake outperforms several existing models, achieving an
accuracy of 77.7% on the twitter dataset and 89.2% on the Weibo dataset. The paper
concluded that although SpotFake achieves a strong performance, further advancements
could be done by working with longer length articles and experimenting with different fusion

strategies.

The study in [8] compared the performance of multimodal fake news detection with mul-
tiple unimodal models, utilizing the Fakeddit dataset [23]. After basic preprocessing, texts
are tokenized, lemmatized, and mapped to integer sequences, which are then padded to
equal length. An embedding layer then converts each token into a word vector, with the

embedding matrix initialized using both random initialization and the pretrained GloVe
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embeddings. For the multimodal approach, two CNNs are employed, one for text process-
ing and the other for image processing, whose output vectors are concatenated to create
a joint representation. As a result, the multimodal model reached an accuracy of 87%,
outperforming the unimodal CNN, LSTM+CNN, and BERT models evaluated in the same
study. These results highlight the advantages of combining text and visual information for

improved fake news detection.

Moreover, Hamed et al. [126] presented a hybrid fusion framework for Text and Image
Modalities (HF-TIM) that fuses BERT-based text features with VGG-19 visual features
using a combination of early and late fusion strategies. Subsequently, the fused features
are further integrated using a meta-learning classifier, which produces the final results. The
model achieved 93.4% accuracy on the Fakeddit dataset, outperforming a range of baseline
techniques and marking an important step forward in the field. Hybrid fusion was shown to
maintain modality-specific attributes while simultaneously modeling cross-modal dependen-
cies, ultimately improving classification reliability and accuracy. However, this approach
struggles with fake content, highlighting the need for improved fusion strategies and larger,

more diverse multimodal datasets.

Similarly, Uppada et al. [9] proposed a multimodal model to detect fake news on social
media by combining textual and visual information. The authors tested different combi-
nations of text and image encoders before constructing their architecture. Based on the
experimental results, the chosen framework extracts text features using BERT and image
features using the Xception architecture [127], while also including image popularity and
polarity to catch the emotions and the context. Two fusion strategies, maximum fusion
and concatenate fusion, were employed to integrate text and image features for final classi-
fication. Experiments on the Fakeddit dataset demonstrated that the multimodal approach
outperformed text-only and image-only models, achieving an accuracy of 91.94% and an
Fl-score of approximately 93%, highlighting the benefit of leveraging multiple modalities

for fake news detection.

Additionally, Singh et al. [128] introduced a stacked ensemble-based multimodal frame-
work (SEMI-FND) for fake news detection using the Twitter MediaEval [24] and Weibo
Corpus [96] datasets, integrating different models for both text and images. For the vi-

sual features, Neural Architecture Search Network (NasNet) mobile [129] was used, while a
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stacked ensemble of BERT and Efficiently Learning an Encoder that Classifies Token Re-
placements Accurately ELECTRA [67] was used for text. The framework achieved 85.8%
accuracy on the Twitter dataset and 86.83% on the Weibo dataset. Compared with recent
studies, these results are high while also reducing the framework’s complexity. The study
concluded that stacked ensembling improves accuracy and speed for multimodal fake news

detection.

Moreover, Wang et al. [12] developed a Cross-Image Semantic Fusion (CISF) based
multimodal model to classify news as real or fake, where it combines text with several
images rather than just a single image. This framework uses the BERT model to process
the textual content of the news, and the VGG-19 model to capture the image features. To
employ the Cross-Image Semantic Fusion, the authors designed an algorithm that applies the
attention mechanism when several images are passed as input, to allow images to exchange
information. The process is repeated over several iterations, and as a result, the images
are blended into one global representation that captures the overall meaning of the images.
Finally, the architecture contains a classification layer that concatenates the text vector with
the global image vector and applies the SoftMax activation function to predict the class of
the news. The model was then trained on two benchmark datasets, Weibo A [96] and Weibo
B [130], each containing a collection of fake and real news with text and images. As a result,
when compared to unimodal approaches and other multimodal approaches in the existing
literature, the CISF based model demonstrates a strong performance. However, it relies on
multiple images associated with the fake news articles, which is not the case most of the

time, and it requires high computational power.

Moreover, Lin et al. [85] proposed a multimodal fake news detection framework that
uses BERT-Base as the textual encoder, while image features are extracted using ResNet-
50 [46]. The model was evaluated on two datasets, GossipCop [131] and Fakeddit. The
authors compared three fusion strategies: early fusion using concatenation and element-
wise addition, joint fusion using element-wise multiplication with summation pooling, and
late fusion using averaging with an ensemble learning method employing CatBoost [132]
and XGBoost [116]. The results showed that multimodal fusion outperformed unimodal
baselines, with the joint and late fusion setup achieving the best performance, reaching 85%

accuracy and 83% Fl-score on GossipCop and 90% accuracy with Fl-scores up to 90% on
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Fakeddit.

Similarly, Mohawesh et al. [22] utilized two benchmark datasets, Twitter MediaEval [24]
and Weibo [96], for the detection of multimodal fake news. The text underwent minimal
preprocessing, however, the textual information in the Weibo NER dataset was translated
from Chinese into English using Google Translate. The images were resized and normalized
using min-max normalization. The authors leveraged two different models for processing
the textual information of the news item: Sentence-BERT (SBERT) [133] and Decoding-
enhanced BERT with Disentangled Attention (DeBERTa) [64]. Additionally, Residual Net-
work (ResNet-50) was used to extract the visual features of the associated image. After the
models were fine-tuned on the dataset, feature-level fusion was performed using concatena-
tion fusion, where the SBERT and DeBERT embeddings were fused. Then the unified text
embedding was concatenated with the image embeddings extracted by the ResNet-50 model.
The resulting multimodal framework was then passed as input to the classification layer, and
the final model was trained using the Adam optimizer and categorical cross-entropy loss func-
tion. The results show that the proposed multimodal architecture outperformed existing
models in literature that used the same datasets, where it achieved an accuracy of 87.4%
on the Twitter dataset and an accuracy of 88.3% on the Weibo NER dataset. Although the
model shows promising results, it has a high computational cost when compared to other

multimodal approaches.

Moreover, Mura et al. [11] adapted Themis, which is a modular neural network originally
designed for meme classification, to the task of fake news detection. For this study, the
multimodal datasets, Fakeddit and ReCOVery [134], were utilized. To address data scarcity
and class imbalance, two data augmentation techniques were applied, which are Text Syn-
onyms and Image Transformations (TSIT) and MixGen. TSIT increase the diversity of text
by replacing words with synonyms and applying lemmatization, while also adding variety to
images through random transformations. In addition, MixGen generates samples by merg-
ing pairs of text and images. Both augmentation methods were applied exclusively to the
minority class the ReCOVery dataset to reduce imbalance while preserving semantic mean-
ing. Themis integrates a Contrastive Language-Image Pretraining (CLIP) [135] , Vision
Transformer (ViT) [68] image encoder, and a TinyLLama (Large Language Model Meta AT)

[136] text encoder whose outputs are fused by a Token Merger Module to preserve the most
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relevant multimodal features. Furthermore, to enhance efficiency, Low-Rank Adaptation
(LoRA) [61] is used to fine-tune attention mechanisms, while weight freezing maintains the
knowledge of pre-trained models by keeping all layers of CLIP, ViT, and TinyLLaMA fixed.
Finally, the combined multimodal representations are used to produce a binary prediction
which classify content as either fake or real. The experimental evaluation tested various
customizations of the Themis architecture on the Fakeddit and ReCOVery datasets. The
configurations evaluated on the Fakeddit dataset included the Standard Themis baseline,
LoRA, Merge-tokens + LoRA, CLIP ViT Large + LoRA, TSIT + LoRA, and MixGen +
LoRA. For the ReCOVery dataset, which suffers from class imbalance, experiments focused
on augmentation for the minority class and the configurations included the Standard Themis
baseline, LoRA, TSIT + LoRA applied to the minority class, MixGen + LoRA applied to
the minority class, CLIP ViT Large + MixGen + LoRA, and MixGen + LoRA with addi-
tional class balancing. In the experiments, Merge-tokens + LoRA achieved the best results
on the Fakeddit dataset, with an accuracy of 80.2%. On the ReCOVery dataset, TSIT
+ LoRA achieved the highest performance, with an accuracy of 97.5% which outperforms

existing models.
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Table 3.3: Summary of Traditional Fusion Multimodal apporaches Related Work

Asice Ret. Year MOBd] T Dot M Rt sion, e
SpotFake: A [125] 2019 Text Encoder: Twitter Acc, P, Achieved an accuracy of Feature-level fusion: SpotFake outperforms sev-
Multi-modal BERT, Image En- MediaE- R, F1 77.7% on Twitter Medi- Concatenation fusion eral existing models and fur-
Framework for coder: VGG-19 val and aEval dataset and 89.2% ther advancments could be
Fake News Detec- ‘Weibo on the weibo dataset done by exploring fusion
tion strategies.
Multimodal Fake [8] 2022 Unimodal approach: Fakeddit Acc, P, The multimodal ap- Feature- level fusion: Integrating textual and
News Detection CNN, BiLSTM + R, F1 proach outperforms  Concatenation fusion visual  information  en-
CNN, and BERT- unimodal approaches, hances the accuracy of
Base  Multimodal achieving an accuracy of detection, with multimodal
approach: Separate 87% compared to 78% approaches demonstrating
CNNs for text and with text-only BERT better performance com-
image. pared to unimodal ones.
Improving  Data  [126] 2022 MFND-HF-TIM Fakeddit  Acc, P, Achieved 93.4% accuracy, Hybrid Fusion (HF- Hybrid fusion preserves
Fusion for Fake (stacking ensem- R, F1 Fl-score up to 0.965 (true  TIM), combining unique unimodal features
News  Detection: ble with BERT, content). Outperformed early fusion of BERT and complements them
A Hybrid Fusion VGG-19, Softmax baseline multimodal and VGG-19 fea- with multimodal integra-
Approach for + meta-learning fusion models (60.3%— tures with late fusion tion, improving robustness
Unimodal and classifier) 90.5%) by up to +3.6% through stacked uni- and fine-grained classifica-
Multimodal Data modal predictions. tion.
An image and text- [9] 2023 Text model: BERT Fakeddit Acc, P, Best result was with Maximum and Con- The multimodal fusion
based multimodal with a dense layer. R, F1 BERT+Dense and Xcep- catenate fusion strategy reached around
model for detect- Image model: Xcep- tion wusing Maximum 93% F1, showing that com-
ing fake news in tion (rescaled, fusion, achieving 91.94% bining textual and visual
OSNs Fakeddit-tuned) test accuracy with pre- cues captures fake news
plus a visual senti- cision  93.76%,  recall patterns more effectively
ment polarity 92.83% and F1 93.29%
SEMI-FND: [128] 2023 Stacked  ensemble Twitter Acc, Twitter MediaEval  decision-level fusion: The suggested framework
Stacked ensemble (BERT + ELEC- MediaE- P, R, dataset: 85.80% accuracy averaging outperforms prior models
based multimodal TRA), NASNet val and F1, Pa- Weibo dataset: 86.83% like VGG-19 + TextCNNO
inferencing frame- mobile Weibo rameter  accuracy
work for faster fake Corpus count
news detection
A Multimodal ~ [12] 2024 Text model: BERT. Weibo A, Acc, P, The CISF model had an  Feature-level fusion: The proposed model out-
Fake News Detec- Image model: VGG- Weibo B R, F1 accuracy of 98.4% concatenation fusion performed other unimodal
tion Model based 19 and multimodal models,
on Cross-image however, has high compu-
Semantic Fusion tational power
Text-image mul- [85] 2024 Text encoder: Fakeddit, Acc, P, Achieved 85% accuracy Early fusion: concate- Combining text and image
timodal fusion BERT-Base. Image Gossip- R, F1 and 83% F1-score on Gos- mnation and element- embeddings improves classi-
model  for en- encoder: ResNet-50. Cop sipCop, and reached 90%  wise addition. Joint fication performance, with
hanced fake news For late fusion (LR, accuracy with Fl-scores fusion: element-wise the joint + late fusion
detection SVM, XGBoost, 90% on Fakeddit multiplication ~ with  strategy offering the high-
CatBoost) summation  pooling. est gains
Late fusion: averaging
Truth be told: a [22] 2025 Text model:  Twitter Acc, P, Accuracy of 87.4% on the = Feature-level fusion: Although the model shows
multimodal en- SBERT+DeBERTa  Medi- R, F1 Twitter dataset and an ac-  concatenation fusion promising results, it has
semble  approach Image aEval curacy of 88.3% on the a high computational cost
for enhanced fake model:ResNet- dataset, Wiebo NER dataset when compared to other
news detection in 50 Wiebo multimodal approaches,
textual and visual dataset and the gain in accuracy is
media small
Is it fake or not? A [11] 2025 Themis architecture  Fakeddit — Acc, P, On Fakeddit, MergeTo- Feature-level fusion: Multimodal fusion with tar-
comprehensive ap- and Re- R, F1 kens + LoRA achieved Concatenation fusion geted data augmentation
proach for multi- COVery 80.2% accuracy, and and efficient fine-tuning
modal fake news 97.5% on ReCOVery, significantly improves fake

detection

TSIT + LoRA, outper-
forming existing models.

news detection, especially
for imbalanced datasets
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3.2.2 Attention-Based Fusion Approaches

While traditional fusion approaches are more common when constructing a multimodal
architecture, some studies employ attention-based fusion strategies such as cross-modal
attention [76]. This is a mechanism that enables one modality to focus on and extract
meaningful information from another, allowing a computational model to flexibly weigh and
integrate information across different data types, such as text and images, to capture deeper

connections between them. Selected studies using this approach are provided in Table 3.4.

Yadav et al. [137] proposed an efficient transformer-based multilevel (ETMA) framework
that jointly models text and images using three attention components: a visual attention-
based encoder, a text attention-based encoder, and a joint attention stage that first applies
visual-semantic attention to align important image regions with the most relevant words and
then uses self-attention to filter redundant fused features. In this paper, Vision transformer
(ViT) [68] was used to extract visual features, while BERT was used for textual features.
The framework achieved 93% accuracy on the twitter dataset, 97% accuracy on the Jruvika
dataset [138], 96% accuracy on the pontes dataset [139], and 95% accuracy on the Risdal
dataset [140]. Overall, ETMA preserves modality-specific information while enforcing cross-

modal alignment via attention, yielding consistent improvements.

Moreover, Shen et al. [141] introduced the Multimodal Contrastive Optimal Transport
(MCOT) framework to detect fake news by combining text and image features. The model
uses BERT to process text and ResNet to extract image features. It also applies cross-modal
attention to connect the two modalities, contrastive learning to reduce the gap between text
and image representations, and optimal transport to align their feature distributions. The
framework was tested on the Weibo and Pheme [142] datasets and achieved higher accuracy
and Fl-score compared to existing models. Still, its dependence on pretrained models and

limited dataset sizes may affect its ability to generalize to other domains.

In this direction, Tian et al. [143] introduced CMFNThinker, a cross-source multimodal
model that integrates attention-based fusion with case-based reasoning for fake news de-
tection. This model simulates the human thinking way used to protect fake news in three
stages: starting with the perception stage using three models, BERT to extract domain-
specific terms, with KeyBERT [144] to generate the keywords, and lastly a summarization

model from the Fengshenbang 1.0 suite [145] to produce a condensed textual representations.

64



For case retrieval as the second stage, SBERT [133] is employed to measure the semantic
similarity between new posts and those stored in the case library, while visual features are
extracted using VGG-19. The final stage is used for reasoning, where cross-attention is ap-
plied to fuse textual and visual embeddings. Additionally, natural language inference is used
to compare the retrieved cases with the target post, and to improved interpretability, social
context features from similar post are merged. Experiments were conducted on Weibo-21,
a single-source dataset used to train the model and serve as a case library, while MCFEND
[146], a multi-source Chinese fake news dataset, was used for testing. The results clearly
demonstrated that this strategy is highly effective, achieving a macro-F1 score of 0.902 on
Weibo-21 and improving cross-source detection by more than 11% over state-of-the-art base-
lines. The study also found that both similar news retrieval and social context played an
important role, making the model more accurate and interpretable for fake news detection

across platforms.

Lu and Yao [147] proposed a high-performance multimodal fake news detection model that
integrates residual convolutional networks with attention mechanisms. The model combines
textual, visual, and even video data through a multimodal fusion framework. Specifically, it
employs ResNet for image representation, BERT for text encoding, and a SlowFast network
[148] for temporal video analysis. A weighted attention mechanism is introduced to align
and fuse features across different modalities. Experiments on LIAR, FakeNewsNet, and
Weibo datasets demonstrated superior results, achieving 97.7% accuracy and 92.4% F1-
score, outperforming baseline models such as BERT, RoBERTa, XLNet, ERNIE, and GPT-
3.5. The study highlights the effectiveness of attention-driven multimodal feature fusion in

improving robustness, generalization, and efficiency for fake news detection tasks.

Additionally, Guo et al. [10] introduced the consistency-heterogeneity balanced multi-
modal framework (MFND-CMM) for fake news detection. The framework integrates textual,
visual, and image-embedded text modalities, where BERT with self attention is applied to
text and OCR-text, and an enhanced ResNet-50 with CBAM [77] extracts visual features.
Cross-attention mechanisms are used to enable interaction among modalities, and pairwise
similarity scores capture cross-modal consistency. The framework achieved 90.3% accuracy
on the Weibo dataset and 93.2% on the Twitter dataset, outperforming 12 baseline models

from both fusion-based and consistency-based categories.
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Table 3.4: Summary of Attention-Based Multimodal Related Work

Article Ref. Year All\ggl(‘ii‘iil/m Dataset hﬁzggc Results Sfll‘las;ggy Ilgieg)ilt
ETMA: Efficient [137] 2024 Vision transformer  Twitter, Acc, P, R, Twitter: 93% Feature level The computation
Transformer- (ViT), BERT, Joint  Risdal, F1, ROC accuracy, Jruvika: fusion with time of the model
Based Multilevel attention based Jruvika, AUC, and 97% accuracy, Pontes:  cross- is lower than the
Attention learning: visual Pontes PR AUC 96% accuracy, and attention and  state-of-the-art
Framework for semantic attention Risdal: 95% accuracy  joint- methods.
Multimodal and self attention attention
Fake News
Detection.
Multimodal [141] 2024 MCOT framework ~ Weibo and  Acc, P, R, Achieved 90.1% Cross-modal ~ Relies on
Fake News with cross-modal Pheme F1 accuracy and 90.3% attention pretrained models
Detection with attention, F1-score on Weibo, with concate-  and outperforms
Contrastive contrastive and 87.0% accuracy nation of all baselines by
Learning and learning, and and 77.9% F1l-score [CLS] token integrating
Optimal optimal transport on Pheme dataset. and pooled cross-modal
Transport. classifier features attention,
contrastive
learning, and
optimal transport.
CMFNThinker: [143] 2025 Three-stage Trained on  Acc, P, R, Macro-F1 = 0.902 on  Cross-modal The model mimics
A Cross-source framework with Weibo-21 Macro F1, Weibo-21. fusion with human reasoning
Multi-modal text summarization and tested  F1 decrease cross-source Macro-F1  reasoning using
Fake News (BERT + on rate = 0.580 over similar summarization,
Detection Model KeyBERT + MCFEND (MCFEND-Groupl) news and case retrieval, and
Fengshenbang), multi- and 0.610 social context  inference; ablation
case retrieval source (MCFEND-Group2), shows similar news
(SBERT), and dataset outperforming contributes most,
visual features baselines by and overall design
(VGG19) 11.3%-13.2% and improves
showing the lowest interpretability and
performance drop cross-source
generalization
A Fake News [147] 2025 Residual LIAR, Fak- AAcc, P, R, Achieved 97.7% Feature-level Combining
Detection Model Convolutional eNewsNet, F1 accuracy and 92.4% fusion: multimodal
Using the Network (ResNet) Weibo Fl-score, attention- attention and
Integration of + Multimodal outperforming based with residual learning
Multimodal Attention; baselines such as residual enhances
Attention integrates BERT BERT, RoBERTa, connections robustness,
Mechanism and (text), ResNet XLNet, ERNIE, and scalability, and
Residual (image), and GPT-3.5 generalization
Convolutional SlowFast (video) across datasets.
Network encoders
Consistency- [10] 2025 Textual and Weibo Acc, P, R, Weibo: 90.3% Cross- Introduced
heterogeneity OCR-text features:  dataset F1 accuracy and Twitter:  attention- OCR-text as an
balanced fake BERT with and 93.2% accuracy. based fusion auxiliary modality,
news detection self-attention, Twitter Outperformed 12 Balanced
via cross-modal Visual features: dataset fusion-based and consistency and

matching.

ResNet-50 +
CBAM

consistency-based
baselines.

heterogeneity, and
Achieved
significant
improvements in
accuracy across
datasets.
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3.3 General Lightweight Frameworks

Lightweight frameworks aim to reduce the complexity of detection models while main-
taining high accuracy. Instead of relying on large networks with heavy computation, the
studies below introduce lightweight frameworks that maintain a strong performance. This
section discusses several areas of lightweight frameworks, including lightweight frameworks
for deepfake detection task, unimodal lightweight frameworks for other similar tasks, and

multimodal lightweight frameworks for other similar tasks.

3.3.1 Lightweight Frameworks for DeepFake Detection Task

In this section, two studies that focus on deepfake detection are presented, which targets
manipulated facial videos rather than fake news. Both studies employ lightweight models
which are designed to be more suitable for deployment on devices with limited computational

resources. A summary of these studies is provided in Table 3.5.

Yasir and Kim [149] proposed a lightweight deepfake detection framework on feature-level
concatenation fusion, where handcrafted descriptors are merged into a single combined fea-
ture vector. In this context, the term multi-feature fusion refers to the fusion strategy that
concatenates Local Binary Pattern (LBP), Histogram of Oriented Gradients (HOG), and
KAZE features before feeding them into the classifier. This design aims to address specific
computational challenges associated with deep learning models, such as high GPU depen-
dency, long training time, and large memory requirements that limit deployment on resource-
constrained devices.The method integrates handcrafted feature descriptors, including LBP,
HOG, and KAZE, which capture both texture inconsistencies and structural distortions in
manipulated faces. These features are combined and evaluated using traditional machine
learning classifiers such as Random Forest [150], XGBoost [116], Extra Trees [151], and
Support Vector Classifier [113]. The model was trained and tested on benchmark datasets,
namely FaceForensics++ [152] and Celeb-DF (v2) [153], achieving detection accuracies of
92% and 96%, respectively. This model is considered lightweight as it achieves high accuracy
with reduced training and inference time compared to deep CNN-based approaches. Re-
sults demonstrate that the fused feature approach outperforms individual features provides
a computationally efficient alternative to deep CNN-based models. The study highlights

the complementary role of texture and keypoint based features in capturing subtle deepfake
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artifacts, while suggesting that further improvements could enhance generalization to more

diverse manipulation techniques.

Guo et al. [154] proposed TinyDF, a lightweight deepfake detection network designed

to balance accuracy and efficiency. The model introduces a Pyramid Atrous Aggregation

module for multi-perspective integration of local and global features and a Shuffle Fusion

Mixer module for efficient cross-level feature interaction. In addition, a Kolmogorov Arnold

Network was applied to improve nonlinear feature modeling. Evaluations demonstrated
that TinyDF achieved 94.87% accuracy on FaceForensics++(c23) [152], 92.08% on Celeb-
DF(v2) [153], 91.56% on WildDeepfake [155], 90.78% on Deepfake Detection Challenge
(DFDC) [156], and 92.61% on DeeperForensics-1.0 [157]. These results show that TinyDF

outperformed other lightweight methods, while requiring only 5.38M parameters and 0.59G

FLOPs.

Table 3.5: Summary of Lightweight Frameworks For DeepFake Detection Task

Article Ref. Year Al;gggii{m Dataset I\/i[l‘;grc.;c Results Il’gleé}ilt
Lightweight [149] 2025 Multi-feature FaceForensics++, Acc 92% accuracy on Fusion of handcrafted
Deepfake extraction (HOG  Celeb-DF (v2) FaceForensics++, descriptors (HOG,
Detection Based for gradients, 96% on Celeb-DF(v2). LBP) with robust
on Multi-Feature LBP for textures, Best performance KAZE keypoints
Fusion KAZE for achieved with HOG +  balances computational
keypoints) + KAZE fusion. efficiency + high
keyframe accuracy, making it
extraction (0.5s suitable for lightweight,
interval, resize to real-time deepfake
28x 28, grayscale) detection on
resource-constrained
devices.
TinyDF: Tiny [154] 2025 TinyDF FaceForensics++, Acc, Accuracy: Designed to balance
and Effective framework: Celeb-DF-v2, AUC, FaceForensics++: accuracy and efficiency
Model for Pyramid Atrous WildDeepfake, FLOPs 96.7%, Celeb-DF v2: in deepfake detection,
Deepfake Aggregation, Deepfake 90.0%, WildDeepfake:  outperforms eight
Detection Shuffle Fusion Detection 80.6%, Deepfake state-of-the-art models
Mixer, and Challenge, Detection Challenge: with higher accuracy
Kolmogorov- DeeperForensics- 77.2%, and AUC while
Arnold Network 1.0 DeeperForensics-1.0: maintaining only 5.38M

92.1%

parameters and 0.59
GFLOPs.
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3.3.2 Unimodal Lightweight Frameworks for Other Similar Tasks

This section reviews two studies that employ lightweight models for tasks beyond mul-
timodal fake news detection, with one focusing on detecting object removal forgeries in
surveillance videos [158], and the other on identifying pests and diseases in plants [159].

Table 3.6 provides a summary of these studies.

Sandhya and Kashyap [158] proposed an approach for detecting object removal forgeries
in surveillance videos. Their method introduces a max averaging motion residue windowing
technique to highlight temporal inconsistencies caused by object removal. The processed
frames are then passed through a lightweight CNN that uses depthwise-separable layers for
classification, which reduces the number of parameters to 1.24M, while maintaining higher
accuracy. The proposed network achieved 98.6% frame-level accuracy and 99.01% video-
level accuracy on the SYSU-OBJFORG dataset [160], which contains 200 HD videos (100
authentic and 100 forged).

The study in [159] proposed the Gated Asymmetrical GhostNet (GA-GhostNet), which
is a lightweight CNN model used to identify pests and diseases in plants. The study uti-
lizes four datasets, which are IP102 Pest [161], Jute Pest [162], Embrapa [163], and Apple
Disease [164] dataset. In addition, the proposed model uses GhostNet [55] as its backbone
architecture and replaces the SE and Ghost modules in GhostNet with Asymmetrical Ghost
(AG) module and Gated Multi-Scale Coordinate Attention (GM -CA) module, respectively.
Furthermore, the main building blocks of GA-GhostNet are the Gated Asymmetrical Ghost
bottleneck (GAG-bneck) modules. The GAG-bneck contains two AG modules with the
GM-CA module integrated between them. For the AG module, it first uses a 1x1 convo-
lutional layer that reduces the number of input channels. Next, it utilizes the Asymmetric
Group Convolution Block (AGCB) which consists of three branches. Each branch performs
depthwise convolutions with with kernel sizes of 1x3, 3x3, and 3x1, respectively, to ex-
pand the feature maps. This will enhance feature extraction since separate branches can
learn different directional features while keeping the computation cost low by concatenating
the outputs into a single 3x3 convolution. Moreover, the GM-CA is an attention module
that analyzes features at multiple scales to capture small details and large areas. It also
specifies which features should be highlighted and what should be suppressed to prevent

irrelevant details from affecting the final decision. Also, CutMix data augmentation and
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transfer learning have been applied to enhance the model’s performance. The results show

that GA-GhostNet achieves a maximum accuracy of 71.9% on the IP102 dataset, while also

achieving near-perfect accuracy on Jute, Embrapa, and Apple datasets outperforming exist-

ing lightweight models. Overall, GA-GhostNet presents a good balance between model size

and performance. It reaches high accuracy on pest and disease datasets with about 3.73 mil-

lion parameters using only around 168 million FLOPs. Models like MobileNetV2 have fewer
parameters (around 2.35M) but much higher FLOPs (around 300M), and larger models like

EfficientNet-B1 or MixNet-L, have many more parameters and FLOPs but without a better

improvement in the accuracy.

efficient, delivering competitive or better performance with lower computational cost.

Table 3.6: Summary of Unimodal Lightweight Frameworks for Other Tasks

This demonstrates that GA-GhostNet is computationally

Article Ref. Year Task Allvg[ggiﬂn/m Dataset I\illigc'ilc Results Irgieg}irlt

A Light Weight [158] 2024 Detecting object Depthwise SYSU- Acc, P, Frame-level: 98.6% High accuracy with
Depthwise removal forgeries separable layer OBJFORG R, F1 accuracy, video-level: reduced computational
Separable Layer in surveillance optimized CNN 99.01% accuracy cost and parameters
Optimized CNN videos with max (1.24M) are achieved
Architecture for averaging motion through lightweight
Object-Based residue depthwise separable
Forgery windowing CNN and motion
Detection in residue features.
Surveillance

Videos

GA-GhostNet: [159] 2024 Image-based GhostNet as a IP102 Pest, Jute  Acc, GA-GhostNet GA-GhostNet efficiently
A Lightweight identification of backbone with Pest, Embrapa, Macro- achieved an accuracy balances model size and
CNN Model for pests and replacing SE and  and Apple average of 71.9% on IP102 performance, achieving
Identifying Pests diseases in plants ~ Ghost modules Disease. P, Macro-  Pest, 99.89% on Jute high accuracy with
and Diseases with AG and average Pest, 96.97% on around 3.73M

Using a Gated GM-CA modules, R, and Embrapa Disease, parameters and around
Multi-Scale respectively. Macro- and 95.17% on Apple  168M FLOPs, while
Coordinate average Disease datasets. other models have
Attention F1 score. higher FLOPs or
Mechanism parameters without

significant accuracy
gain.
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3.3.3 Multimodal Lightweight Frameworks for Other Similar Tasks

The studies below present lightweight multimodal frameworks in tasks outside the domain
of multimodal fake news detection. They include tasks such as visual question answering in
the medical domain [165] and multimodal gender and emotion recognition [166]. Addition-
ally, some of these frameworks operate on different modalities, such as text, audio, videos,
and images, and are not only limited to text and image pairs. A summary of these studies

is provided in Table 3.7.

Liue et al. [166] proposed a lightweight multimodal framework for the multi-task of emo-
tion and gender recognition using three modalities: audio, video, and text. They used the
IEMOCAP [167] dataset, which contains videos, along with their audios and textual tran-
scription. Additionally, they only used instances that have one of the four emotional labels
(neutral, happy, angry, and sad). Since the dataset does not provide the gender label, the
authors processed the dataset by adding a gender label based on the name associated with
each instance. Next, features from each modality are extracted. Both audio and video data
use MobileNet [13] as the feature extractor, where it outputs embeddings with dimensions
of 512. However, audio data are first transformed into Mel frequency cepstral coefficient
(MFCC) features before going through MobileNet to provide a better representation of
human voice. The text data uses BERT [37] to extract features from the text, where it
outputs embeddings with dimensions of 768. The study specifically focused on fine-tuning
only the last three layers of BERT while keeping the rest of the layers frozen to maintain a
lightweight design. Lastly, the output embeddings of all the modalities are fused using an at-
tention based fusion mechanism. The results reveal that the proposed framework achieved
an accuracy of 81.4% on the emotion recognition task and an accuracy of 83.6% on the
gender recognition task while maintaining a parameter count of 8.4 million. Moreover, the
study compared these results with an alternative architecture that replaces MobileNet with
Resnet [46] . Although the architecture utilizing Resnet as the feature extractor obtained
an accuracy of 83.8% on the emotion recognition task and 87% on the gender recognition
task, it required 47.03 million parameters. This makes the model significantly larger while

only offering a small gain in accuracy.

Within the scope of lightweight multimodal models, the Lite-MDETR study [168] pro-

vides a clear and practical example of how vision language systems can be made more
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efficient while still performing well. The model’s main task is to understand an image and
a related text description together for example, identifying which object in the image the
text is referring to, grounding phrases in specific regions, or answering a question based on
both modalities. The authors evaluate these capabilities mainly on referring expression and
phrase grounding datasets, including RefCOCO [169], RefCOCO+ [170], and RefCOCOg
[171], which are widely used benchmarks for assessing region-level multimodal understand-
ing. Traditional multimodal models rely on very large linear layers to combine image and
text features, which makes them too heavy for real-world deployment. Lite-MDETR ad-
dresses this problem through the Dictionary Lookup Transformation (DLT), which replaces
these heavy layers with a smaller dictionary and simple lookup-and-scale operations [168].
This allows the model to keep most of the knowledge learned by the original MDETR, while
avoiding the need for costly retraining. According to the results reported in the paper, this
approach reduces the model size by up to four times and still achieves strong accuracy on
tasks such as referring expression comprehension, phrase grounding, and visual question an-
swering. Although a few larger models slightly outperform it in some settings, Lite-MDETR
offers an excellent balance between efficiency and performance, requiring significantly less
memory than typical multimodal transformers. In particular, the Lite-MDETR-TTQ vari-

ant is reported as the most compact configuration, with a model size of only 110MB.

Wang et al. [172] proposed LMFNet, a lightweight multimodal data fusion network devel-
oped for the task of multimodal semantic segmentation for remote sensing. The goal of this
task is to classify each pixel in large satellite or aerial images into meaningful categories by
using multiple types of image data such as RGB images, near infrared images, multispectral
images, and depth maps, which usually requires large and heavy models to handle these dif-
ferent types of modalities. Therefore, the paper introduced the lightweight LMFNet, which
is composed of, a weight-sharing multi-branch vision transformer backbone that extracts
features from any type of image modality, and a multimodal fusion module, which con-
sists of two main layers: a multimodal feature fusion reconstruction layer and multimodal
feature self-attention fusion layer. As for the multimodal feature fusion refinement layer,
which aligns and projects the extracted features into the same latent space to enable them
to interact. Then, the multimodal feature self-attention fusion layer applies a self-attention
mechanism to allow the aligned features from the different image modalities to interact and

adaptively selects the most important parts, and then they are merged using a maximum
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fusion operation. Finally, the fused features are passed through an MLP decoder to produce
the final segmentation output. The results showed that the LMFNet framework achieved
an mloU of 85.09% on the US3D dataset [173] and 86.39% on the Potsdam dataset [174],
and 82.49% on the Vaihingen dataset [175], while maintaining a small parameter count of

4.22 million.

Moreover, the study in [165] introduced a lightweight multimodal framework for visual
question answering, specifically tailored to the medical field. The main task of the model is
to take as input the image and the corresponding question, and an answer to the question is
generated as output.The study integrated BioMedCLIP [176], which is a biomedical version
of CLIP [177] pretrained on medical data, with LLaMA-3 [136], which is used to generate
text. BioMedCLIP is the image encoder that reads both the image and the corresponding
question. While LLaMa-3 is the text encoder that converts the input text into textual
embeddings, fine-tuned using LoRA. Each of the encoders are trained separately on the
OmniMedVQA dataset [178]. Additionally, some multiple-choice questions were modified
by removing the multiple-choice options and replacing them with the truth, so that the
model could accommodate both open-ended and closed-ended questions. Lastly, the em-
beddings from the two encoders were then fused within LLaMa-3 using feature-level fusion.
The results show that the proposed architecture has a strong ability to handle open-ended
questions, achieving an accuracy of 70.7%. However, in the case of closed-ended questions,
some models outperform the proposed model, which achieved an accuracy of 76.9%, while
the other models achieved up to 84.2% accuracy. Although some models showed a higher
overall accuracy, the framework performs well considering it contains significantly fewer
parameters, approximately 8 billion, compared to those existing in the field, which typi-
cally consists of 34 billion parameters. Therefore, it is more efficient, making it suitable for

real-world implementation.
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Table 3.7: Summary of Multimodal Lightweight Frameworks in Other Tasks

Article Year Task Allvg[gfiii{m Dataset Nlllzgjlc Results S]E‘Il‘l;tlggy Irfiiegyht
A lightweight 2021 Emotion and For audio and IEMOCAP Acc, Accuracy on Attention Only the last three layers
Multi-Modal Gender video encoding: Parameters Emotion based Fusion  of BERT were fine-tuned.
Emotion Recognition MobileNet For Recognition: Additionally, when
Recognition using audio, text encoding;: 81.4% , Accuracy compared to the version
Network video, and text BERT on Gender that replaces MobileNet
Based on Recognition: with ResNet, the
Multi-task 83.6%, Total architecture that utilizes
Learning Parameters: 8.4 ResNet had slightly
[166] million. higher accuracy but is
significantly larger,
resulting in 47.03 million
parameters.
Lite-MDETR: 2022 Referring DLT (Dictionary ~ RefCOCO, Acc, mloU, Accuracy on No Replaces large linear
A Lightweight Expression Lookup RefCOCOg, Model size Referring additional layers with
Multi-Modal Comprehension,  Transformation) RefCOCO+, Expression fusion, the dictionary-based
Detector Phrase replacing heavy Flickr30k, (RefCOCO): model relies lightweight projections;
[168] Grounding, Linear Transform  PhraseCut, 85.4%,Accuracy on inherits pretrained
Referring layers in GQA on RefCOCO+: MDETR’s knowledge without
Expression MDETR; 80.5%, Accuracy original additional large-scale
Segmentation, factorized and on RefCOCOg: cross-modal pretraining and achieves
VQA sparsified 80.2% attention strong performance with
projection layers significantly fewer
parameters.
LMFNet: An 2024 Remote Sensing ~ Weight-sharing US3D, mloU, mloU: 85.09% Novel Achieves high
Efficient Semantic multi-branch Potsdam, Parameters US3D, 86.39% multimodal performance with
Multimodal Segmentation Vision Vaihingen Potsdam, 82.49% fusion significantly fewer
Fusion Transformer Vaihingen, module parameters than other
Approach for backbone with Parameters: multimodal methods,
Semantic multimodal 4.22M demonstrating excellent
Segmentation fusion module efficiency.
in High-
Resolution
Remote
Sensing
[172)
A Lightweight 2025 Visual Question  For image OmniMEDVQA Acc, Accuracy on Feature-level ~ Although having slightly
Large Vision- Answering in encoding: Parameters open-ended Fusion lower accuracy, the

language
Model for
Multimodal
Medical
Images

[165]

the Medical
Field

BioMedCLIP For
text encoding
and generation:
LLaMa-3
fine-tuned using
LoRA

questions: 70.7%
Accuracy on
closed ended
questions: 76.9 %,
Overall accuracy:
73.2%

proposed model is more
cost-effective and
resource-efficeint
compared to other VQA
models in the same field.
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3.4 Applications of Siamese Network

This section highlights how Siamese Networks have been applied across various tasks
that rely on learning similarity between paired inputs. As far as we are aware, they have
not been previously applied to fake news detection, and therefore we present their use
in related similarity-based tasks. Presenting these applications clarifies the role of Siamese
architectures and demonstrates their effectiveness in tasks such as verification, matching, and
tracking. Siamese networks operate by processing paired data through identical subnetworks
that share weights, where each branch independently generates an embedding that is later
compared using a distance or similarity function [179]. This design has enabled strong
performance in similarity-based applications across domains, including object tracking [180].

A summary of related Siamese-based studies is presented in Table 3.8.

Jian et al. [75] proposed a Siamese Transformer Network to solve the few-shot image
classification problem, a problem where images are classified based on small number of
labeled images. In their method, two independent vision transformers (ViT) [68] were
utilized, one on each branch, to extract different features from the input images. The
features include the global features, which represents the overall features of the entire image,
and the local features, which focuses on the features local to each region of the image. Each
of the branches take two images as input; the support image, whose class is known, and
the query image, whose label is unknown. The first branch is responsible for extracting the
global features from these two inputs, whereas the second branch is dedicated to extracting
the local features. Next, each of the output embeddings go through different similarity
functions. The first branch leverages the Euclidean distance function, while the second
branch uses Kullback-Leibler divergence to measure the similarity between the two input
images. These two scores are then fused using an additive fusion strategy to obtain the
overall score and determine whether these two images belong to the same class or not. In
this study, multiple popular datasets were utilized to both train and test the model, including
FC100 [181], minilmageNet [182]4, CIFAR-FS [183], and tieredImageNet [184]. The results
show that the proposed model outperformed all other models that either only extract global
or local features only across all datasets, achieving the best performance on the CIFAR-FS

dataset with an accuracy of 90.81 % in the 5-shot 5-way setting.

The study in [185] proposed the SiamSMN framework for object tracking. In this study,
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four datasets were utilized which are COCO [186], ImageNet VID [187], ImageNet DET [187],
and LaSOT [188]. The framework of SiamSMN consists of three components which are a
feature extraction network, a multi-scale fusion module, and a prediction head. The feature
extraction network itself contains two subnetworks. Furthermore, ResNet-50 was used as
the backbone network for both subnetworks which share the same parameters. At first, the
template image and the search image were individually processed by their corresponding
subnetworks to extract features. The resulting feature maps were then projected into a
shared embedding space, where cross correlation is applied to produce similarity maps.
Cross correlation combines each pair of feature maps, one from the template and the other
from the search, to measure their similarity. Then, the resulting similarity maps were used
as input into the multi-scale fusion module which consists of an encoder and a decoder. The
encoder aims to learn how to fuse multiple similarity maps and to analyze the relationships
and dependencies among them. This will produce a fused, meaningful map that enters as
input to the decoder. The decoder takes the fused map from the encoder and refines it
to produce a final response map. It combines high-level and low-level features to improve
tracking accuracy and locate the target. Moreover, the prediction head consists of three
branches which are classification, regression, and centerness. These branches work together
to locate the target and estimate its size and shape. In this study, a box refinement module
was used to adjust the bounding boxes which takes the regression output, feature map, and

response map as inputs and adjusts the box boundaries to produce more accurate results.

Additionally, Huertas-Tato et al. [189] proposed SimCLIP, which is a Siamese-based
multimodal model designed for meme classification. This task aims to classify the content of
a meme into humor, offensiveness, harmful content, or sarcasm. The model depends on CLIP,
a vision-language framework that uses contrastive learning across a large number of image
and text pairs, and its main advantage is that it aligns visual and textual embeddings in the
same latent feature space [177]. In SimCLIP, the authors use a pretrained CLIP encoder
and freeze it to extract image and text embeddings. They freeze it to keep both modalities
aligned in the same shared embedding space. In this approach, the text is extracted from the
meme image using OCR, then both image and text are processed through CLIP encoders,
and their embeddings are then projected using lightweight feed-forward layers. In this paper,
the authors refer to their fusion as a Siamese fusion strategy, where the two embeddings

are combined using concatenation, absolute difference, and Hadamard product to capture
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both semantic agreement and contradiction between modalities. At the end, the fused
features are used by the task classifier to make the prediction. The model was evaluated
on several meme datasets, including Memotion7k [190], FBHM [191], Harm-C and Harm-P
[192], MultiOFF [193], and Propaganda [194]. The results showed that SimCLIP achieved
strong performance, obtaining state-of-the-art results on Memotion7k Task 3 and F1-scores

that surpass human performance on Harm-P.

Ye et al. [195] introduced a novel Multimodal Features Alignment (MFA) framework for
vision language object tracking, a task that aims to locate and follow an object in a video
using a natural-language description rather than relying solely on visual cues [195]. The
proposed model enhances the interaction between textual and visual modalities within a
Siamese-based network. It employs cross-modal bilinear fusion, a technique that multiplies
the text and image feature dimensions to capture higher-order cross-modal relationships
[196], together with a dual co-attention mechanism, which enables both modalities to at-
tend to the most informative regions of each other and strengthen semantic alignment [91].
The fused features serve as the search region for the Siamese tracker, replacing standard
resized inputs and enabling more accurate target localization. The model achieved results
on OTB-LANG [197] , LaSOT, and TNL2K [198] and showed strong results. These findings
confirm that combining semantic alignment with attention-based fusion improves feature

representation and tracking accuracy.

Wan et al. [199] proposed Sigma, a siamese network for the task of multimodal semantic
segmentation, which uses RGB images with other image modalities to assign a semantic label
for each pixel, which divides the image into meaningful regions or objects. To accomplish
this task, Sigma integrates several components from Mamba [200] and VMamba [201] such
as Visual State Space Block, Cross Mamba Block, and Concat Mamba Block. Mamba is
state space model used for sequence modeling tasks such as language modeling and time-
series forecasting, it is competitive with transformers while replacing attention mechanisms
with a selective state space mechanism, it has a fast inference speed and is computationally
efficient. VMamba is derived from Mamba but focuses on visual modalities by integrating
visual state space blocks, which help with spatial dependencies in images. The paper uses
RGB images as a main modality and for the second modality either thermal or depth images

can be used, as the model was trained for both modalities. The network consists of three

7



main parts, a siamese encoder, a fusion module, and a decoder. For each encoder branch, one
image type is taken as input, and features are extracted using Visual State Space Blocks
to capture important information. The fusion module consists of two main parts which
combine the features from both branches. The first part is the Cross Mamba Block, which
allows the two modalities to exchange information and to learn how the other modality
maps its outputs. The second part is the Concat Mamba Block, which concatenates the
two representations together to form a single feature map. Finally, the decoder then uses
a Channel-Aware Visual State Space Block to highlight the important information in the
feature map and produce the final segmentation output. The Sigma network was trained
and tested on multiple datasets including MFNet [202], PST900 [203], NYU Depth V2 [204],
and SUN RGB-D [205], which include RGB, depth, and thermal images. As for results,
Sigma outperformed several baseline models on the MFNetand the PST900 datasets.
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Table 3.8: Summary of Siamese Network Applications

Article Year Task Algorihm  Dataset Meod.  Results Strategy  Insight
Siamese 2024 Few-Shot Siamese FC100, ACC 90.81% on Additive This papers’ approach
Transformer Image Classi- Transformer minilmageNet, CIFAR-FS, fusion outperformed all
Networks for fication Network CIFAR-FS, 90.71% on strategy others in the few-shot
Few-Shot containing ViT  tieredlmageNet tieredImageNet, image classification
Image on both 88% on problem. This paper
Classification branches minilmageNet, also leveraged two
[75] 66.9% on FC100 different distance
functions to compute
similarity.
SiamSMN: 2024 Object ResNet-50 as COCO, AUC, SiamSMN Multi-scale  Multi-scale fusion
Siamese tracking the backbone ImageNet VID, Average achieves 72.7% fusion that combines spatial
Cross-Modality network ImageNet DET, Overlap on OTB100, module details and semantic
Fusion Network and LaSOT (AO), 66.0% on which information is more
for Object Success UAV123, 63.2%  consists of  effective than
Tracking [185] Rate on GOT-10K, an encoder  traditional methods,
(SR) and 64.7% on and a since it results in
LaSOT. decoder higher tracking
accuracy.
A CLIP-Based 2024 Meme CLIP-based Memotion7k, Macro Achieved Siamese The Siamese fusion
Siamese classification: ~ Siamese fusion FBHM, Harm-C, F1, ACC, State-of-art on fusion strategy provided the
Approach for humor, network Harm-P, AUROC Memotion7k strategy best performance
Meme offensiveness, MultiOFF, Task 3 and (concatena-  among fusion
Classification sarcasm, or Propaganda super-human tion, methods while
(189] harmful F1-score absolute remaining
content +13.7% on difference, lightweight.
Harm-P Hadamard
product)
Multimodal 2024 Vision Siamese-based OTB-LANG, AUC, P, Achieved the Cross- Introduced semantic
Features Language Multimodal LaSOT, TNL2K P, m; best modal alignment and
Alignment for Object Features Fps performance bilinear attention-guided
Vision— Tracking Alignment across fusion with  fusion to improve
Language (MFA) network OTB-LANG, dual co- multimodal tracking
Object LaSOT, and attention accuracy.
Tracking [195] TNL2K
benchmarks
with balanced
accuracy and
real-time speed
(37 Fps).
Sigma: Siamese 2025 Multimodal Siamese MFNet, NYU mloU 61.3% mIoU on  Cross Combines features
Mamba semantic seg- Mamba Depth V2, the MFNet Mamba from different image
Network for mentation Network PST900, and dataset and Block and modalities using a
Multi-Modal SUN RGB-D 88.6% mloU on  Concat Siamese design and
Semantic the PST900 Mamba Mamba-based fusion
Segmentation dataset Block to improve
(199 segmentation
accuracy and
efficiency.
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3.5 Discussion

This section discusses the findings from the reviewed studies and relates them to the goal
of this research. It highlights the strengths and weaknesses of the existing methods used for
fake news detection. The discussion starts with unimodal approaches, which focus on either

text or images alone, and then transitions into multimodal approaches that integrate both.

Unimodal approaches are effective for detecting fake news based on one modality, such as
text or images. Text-based models that use deep learning, such as LSTM and Transformers
in [3, 108], can learn how words and meanings relate, helping them spot fake or misleading
text. Likewise, image-based models such as CNNs can detect signs of manipulation in
images, achieving high accuracy when fake content is only visual [6, 7]. This suggests that
unimodal systems are effective mainly when the detection is limited to text or images, as

shown in several prior studies [3, 6, 114].

However, these approaches still face important limitations. Because they analyze only
one modality, they cannot understand the full meaning of news that combines both text
and images. They often perform well on specific datasets but fail to generalize well to
multimodal data. Furthermore, with the rise of digital media, the most prevalent form of
news spread, whether fake or real, are those that combine text and images. This makes
unimodal systems less effective, as they cannot capture the interaction between the two
modalities. Therefore, developing multimodal models that integrate text and visual data is
essential. As a result, these models can effectively handle complex and realistic fake news,

improving their performance in real-world scenarios.

The multimodal approach for fake news detection achieves higher accuracy compared
to the unimodal approach. The reason for this improvement is that, in most cases, fake
news involves more than one modality. Text features focus on the words and the writing
style, while visual features focus on what the image shows and its context. However, when
these two modalities are fused together, they capture more information, which allows the
model to detect fake news more effectively. For example, [8] achieved 87% accuracy with
a multimodal approach compared to 78% with text-only BERT using the Fakeddit dataset,
while [9] reached 91.94% accuracy by combining BERT and Xception features.

Different fusion strategies play a critical role in determining the model’s performance and
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accuracy. Many studies used feature-level concatenation because it is simple, computation-
ally efficient, and effective at preserving the complete information from both modalities
[8, 12, 22, 11, 10]. This paper [85], introduced many other feature-level fusion strategies,
like element-wise addition, element-wise multiplication and summation pooling. However,
it was shown in [9] that the model achieved higher accuracy using a feature-level maximum
fusion strategy compared to concatenation. Similarly, [128, 85] applied an averaging-based
decision-level fusion method that also produced competitive results. Moreover, [126, 85]
have implemented hybrid fusion to improve the model’s performance since it captures cross-
modal interactions from early fusion and preserves modality-specific predictions from the

late fusion.

Recent studies have also explored attention-based fusion mechanisms to enhance how
text and image modalities interact. For instance, [141] used cross-modal attention which
improved alignment between the two modalities, while [137] incorporated joint-attention to
preserve the information of each modality while capturing cross-modal relationships. Simi-
larly, [143, 147] integrated cross-attention and weighted attention mechanisms to refine how

textual and visual features are aligned and combined.

Building on the fusion strategies discussed above, recent studies [189, 195] have explored
Siamese-style fusion strategies, where the model compares image and text embeddings using
operations such as concatenation, absolute difference, and Hadamard product to highlight
both semantic similarity and contradiction between modalities. In SimCLIP [189], this
strategy enabled the model to detect misleading cases where the caption does not align with

the image.

These findings highlight the importance of exploring a wider range of fusion strategies, as

different techniques may be more effective depending on the dataset and model architecture.

Furthermore, most of the reviewed studies used the Fakeddit dataset [8, 9, 126, 10], show-
ing it has become a common baseline dataset for evaluating multimodal approaches. Many
papers use Fakeddit to show the power of multimodal approaches over text-only models.
Similarly, [9] used the Fakeddit data set to test different fusion strategies. Therefore, Faked-
dit provides a reliable benchmark for testing model architectures and comparing different
fusion strategies. In addition, the Twitter MediaEval dataset [24] has also been widely used

as a standard benchmark in several studies [128, 22, 125] due to its focus on real world
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events and its structure of pairing text with the corresponding image, making it suitable for

multimodal fake news detection.

It is also important to note that images employed in multimodal fake news detection are
not always manipulated, they may be genuine. It is common in datasets such as Fakeddit
[23] and Twitter MediaEval [24] for real images to be paired with a false or out-of-context
textual caption. In Fakeddit, one of the 6-way classification labels of the dataset is “False
Connection”, which describes samples where the text does not support the image. These
samples are labeled as fake in the 2-way classification. Additionally, the inconsistent pairs in
Twitter MediaEval are classified as fake. Therefore, previous studies rely on fusion strategies
to capture cross-modal relationships and inconsistencies between text and image pairs, as

done in [8, 126, 22].

In recent studies, there has been a clear move from traditional CNN-based models to
transformer and parameter-efficient models. Several studies combined BERT for textual
representation with CNN-based architectures such as ResNet or VGG-19 for images, as seen
in [126, 12, 10]. Similarly, paper [22] combined SBERT and DeBERTa transformers with
ResNet-50 to improve how text and image features are understood together. Likewise, [11]
used LoRA to make the model faster and less expensive to train while keeping high accuracy.
Both [11, 137] integrated ViT for image representation alongside BERT for text, reflecting
a shift towards transformer architectures. This shows that researchers are now focusing not
only on improving results but also on making multimodal fake news detection models more
efficient and practical to use. Also, the papers show a frequent pattern of using transformer

BERT for textual feature extraction.

Moreover, several studies [166, 165, 172, 168] have implemented a lightweight multimodal
framework in tasks beyond multimodal fake news detection. The study in [166] proposed a
lightweight architecture for the multi-task of emotion and gender recognition. The frame-
work consists of MobileNet as the audio and video encoder, and BERT, with its last three lay-
ers fine-tuned, as the text encoder, resulting in a total parameter count of 8.7 million. When
compared to an alternative architecture that consists of ResNet rather than MobileNet, the
accuracy increased only slightly while the framework became significantly heavier, with a
total of 47.03 million parameters. This demonstrates that utilizing lightweight models, such

as MobileNet, can achieve competitive performance, while maintaining a small model size,
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supporting our choice to adopt similar lightweight models in our architecture.

Additionally, the study in [165] claimed that their visual question answering multimodal
framework is lightweight, however, it is considered lightweight in the medical domain of
visual question answering and does not extend to our domain of multimodal fake news de-
tection. This is because the framework mentioned in the study is relatively computationally

heavy, containing 8 billion parameters and requiring extensive resources.

Although the review shows significant advancements in multimodal fake news detection,
such as the use of CLIP and ViT in [11] to achieve high accuracy, and the development of
cross-image semantic fusion in [12] to process several images as input rather than relying
on a single image, most of these approaches are computationally heavy, requiring extensive
resources. Based on these observations, the review shows a clear limitation of a lightweight
multimodal framework in the domain of fake news detection that efficiently and accurately
detects fake news items. Therefore, in our work, we aim to employ lightweight models
and explore different fusion strategies that will effectively analyze multimodal fake news
composed of both image and text data, while remaining efficient and maintaining high

accuracy. Accordingly, we will answer the following research questions:

« RQI: “Can a lightweight architecture be effectively introduced for multimodal fake

news detection while achieving competitive performance?”

e« RQ2: “How do different fusion strategies affect the overall performance of multimodal

fake news detection approaches?”

3.5 Summary

In this chapter, a review was conducted on the different approaches towards fake news
detection. Unimodal approaches were first explored, focusing mainly on text data, with
limited work done on image data. Then, multimodal approaches that integrate image and
text data were investigated, categorized based on their fusion strategies: traditional fusion
and attention-based fusion. Additionally, some lightweight frameworks that aim to reduce
the complexity of the models while maintaining high accuracy were examined. Different
applications of Siamese Network are also presented. Lastly, a discussion was conducted to

highlight the main findings in the reviewed study.
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Chapter 4: Proposed Architecture

This chapter provides a detailed description of the two proposed architectures: the baseline
architecture and the parameter-efficient cross-modal attention architecture. It describes the
text and image encoders used in both architectures, the projection heads that map the
embeddings or tokens into a common dimensional space, and the fusion strategies employed
in each. Additionally, the chapter discusses the similarity measurement branch, which is
applied only in the baseline architecture, and describes the classification layer that is used

to generate the final prediction.

4.1 Design Overview

Since fake news often appears in multiple modalities, we propose a lightweight multimodal
framework that integrates both text and visual modalities. The integration of these modali-
ties helps overcome the weaknesses of single modality approaches [3, 6], such as using text or
images alone, in detecting fake news. Moreover, unlike most existing multimodal fake news
detection approaches that are computationally heavy [11, 12], our framework is designed to
be lightweight. In addition, we will explore different fusion strategies, since the way text and
images are fused can greatly affect the model’s performance and also implement a similarity

measurement, branch to capture cross-modal alignment.

Our proposed framework employs MobileNetV3 [25] as the image encoder and TinyBERT
[15] as the text encoder. The main reason for selecting these two specific encoders is that
they are designed to be lightweight, which aligns with our goal. Moreover, they have a good
trade-off between accuracy and computational efficiency. A detailed explanation of the
encoder selection, along with the experimental protocols and findings for both the image

and text encoders is provided in Chapter 5.

An overview of the proposed framework is provided in Figure 4.1. It consists of five compo-
nents: the image and text encoders, the projection head, the fusion operation, the similarity
measurement function, and the classification layer. To begin, the text and its corresponding
image are each fed into their respective encoders for feature extraction. The main purpose

of these encoders is to transform the raw data into meaningful feature representations that
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can be effectively used. After feature extraction, the feature vectors from the text and image
encoders are each passed through their own projection layer. The projection heads maps
both vectors to the same dimensions, allowing them to be compatible. A similarity function
is then applied to the projected image and text feature vectors during training to asses their
alignment.Moreover, following projection, the feature vectors are fused using fusion strate-
gies, and the resulting representation is passed through a classification layer to produce the

final prediction. Each component is explained in detail in the following sections.
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Figure 4.1: Overall architecture of the proposed multimodal model based on feature-level fusion.
(A) Image and text encoders. (B) Projection head. (C) Fusion module. (D) Similarity function.
(E) Classification layer.

4.2 Selected Image Encoder: MobileNetV3-Large

MobileNetV3-Large [25] is introduced as the next generation of MobileNet family that
focuses on improving the balance between accuracy and speed, especially when running on
mobile or edge devices. It is specifically tuned for mobile CPUs, therefore it can perform
well without needing strong hardware. The model is designed using platform-aware Neu-
ral Architecture Search (NAS) [206] paired with NetAdapt [207], which helps adjust the
network layer by layer. After that, several manual architecture improvements were added
to further enhance performance. As a result, MobileNetV3-Large provides higher accuracy
and lower latency than MobileNetV2, although this comes with an increase in the number

of parameters [25].

MobileNetV3-Large is built on the same inverted residual block structure introduced in
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MobileNetV2, but it adds two important improvements: the Squeeze-and-Excitation (SE)
[53] module and the hard-swish activation function, to overcome the limitation of sigmoid

computational cost on mobile hardware, and the loss of negative numbers caused by ReLU.

As illustrated in Figure 4.3, the architecture starts by receiving as input an RGB image
of size 2242 x 3, the network first applies a 3 x 3 convolution with stride 2, producing
1122 x 16 features with the use of hard-swish nonlinearity. Intuitively, this layer learns basic
edge and texture filters while downsampling the image by 2 to cut computation early. The
hard-swish as shown in Equation (10), where the constants 3 and 6 follow directly from the

design proposed in the MobileNetV3 paper.

ReLU6(z + 3)

h — swish(z) = 5

(10)

Next, the output goes into a sequence of inverted residual bottleneck blocks (bneck). Each
bneck follows the structure introduced in MobileNetV2: a 1 x 1 expansion conv increases
the number of channels, followed by a depthwise conv (3 x 3 or 5 x 5 kernels) to perform
spatial filtering channel by channel, and then a 1 x 1 projection convolution that reduces
the channels back to the block’s output size. When the input and output dimensions are
the same and stride equals 1, a skip connection (residual) is used to preserve the original
information. The use of the SE is applied in several mid and late blocks where the feature
maps are more semantically informative. SE scale each channel by applying global average
pooling followed by two small fully connected layers and the sigmoid function was replaced

with its piece-wise linear hard analog as shown in Equation (11).

 ReLUG6(z + 3)

: (11)

h — sigmoid(x)

After the SE step, the network adjusts the importance of each channel so that more useful
features are strengthened while less relevant ones are reduced. The activation function of the
architecture changes as the network goes deeper. Early bottleneck blocks use ReLLU, while
the later blocks use the hard-swish activation to improve accuracy without adding extra
computational cost. This design keeps the model efficient by maintaining small input and
output channel sizes, while allowing richer feature learning inside the expanded intermediate

layers.
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The second bneck is where the first spatial downsampling occurs in the bneck sequence.
Starting from 1122 x 16, the block expands the channels to 64, applies a 3 x 3 depthwise
conv with stride 2 to reduce the resolution, and then projects to 24 channels, resulting in
562 x 24. The following bottleneck keeps this resolution and expand the size to 72, reapply
depthwise 3 x 3, with stride 1, and project back to 24 producing 562 x 24 again with a
residual connection. Both of these early blocks use ReLU and do not include SE, focusing

on building fast low-level features efficiently.

The next group of bneck layers increases spatial context and begins using SE. The first
three switches to a 5 x 5 depthwise kernel and downsamples. 562 x 24 is expanded to 72
channels, filtered, and projected to 40 channels, resulting in 282 x40. The next two follow the
same resolution, each with stride 1 expanding the channels to 120, then projecting back to
40. These wider kernels and channel reweighting help capture richer mid-level information
while remaining efficient due to depthwise computation. The larger 5x5 kernels and SE

weighting help to capture richer mid-level information.

At this depth of the network, ReLU is no longer used, instead the hard-swish activation
is applied for the remaining layers. The next bneck expands the channels to 240, applies a
3 x 3 depthwise conv. with stride 2, and then projects to 80 channels, reducing the spatial
resolution to 142 x 80. The following three bneck blocks keep the same spatial resolution
while only using different expansion sizes to 200 or 184 channels before projecting back to

80.

In the final set of bneck layers, the SE module appears again together with larger expansion
sizes and the use of hard-swish. At 142 x 80, the block expands the channels to 480, applies
a depthwise 3 x 3 conv, and then projects to 112 channels. This is followed by a second
block with the same structure. After that, a 5 x 5 depthwise conv with stride 2 reduces
the resolution to 72, while expanding to 672 channels and projecting to 160. Two more
bneck blocks operate at this 72 resolution, each expanding to 160 and projecting back to
160 with stride 1, resulting in 72 x 160 compact of high-level features that form the final

representation before classification.

Finally, a 1 x 1 convolution increases the number of channels to 960, followed by a 7 x 7
global average pooling which compresses the spatial dimensions to 1 x 1. A final 1 x 1

convolution expands the features to 1280 with hard-swish activation, and the last projection
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layer maps this representation to the number of output classes.
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Figure 4.3: MobileNetV3 architecture with its core components [208].

4.3 Selected Text Encoder: TinyBERT

TinyBERT [15] is a smaller and more efficient version of BERT. It distills knowledge from
BERT during training to achieve similar performance while reducing the number and size of
Transformer layers. The model consists of an embedding layer followed by 4 encoder layers,

which are stacked on top of each other.

TinyBERT first starts with the same embedding layer used in BERT, which combines
token embeddings, positional embeddings, and segment embeddings, and each embedding
is represented as a 312 dimensional vector. For every token, these three vectors are added
together, then normalized, and finally passed through a dropout layer. This process results

in a matrix that has a size of L x 312, where L is the token sequence length.

The output of the embedding layer is passed as input to the stack of four Transformer
encoder layers. Each encoder layer uses the same structure used in BERT and consists of
two main components: a multi-head self-attention mechanism and a feed-forward network.

The structure and dimensionality of the encoder is the same across all 4 layers.

The self-attention mechanism used in each encoder layer allows every token to consider and
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pay attention to the other tokens in the sequence when creating its representation, allowing
the model to capture more complex relationships between words. The attention is calculated

as shown in Equation (12):

Attention(Q, K, V) = softmax (?jj;) \% (12)
k

where @), K, and V are the query, key, and value matrices, and d,, is the dimension of
each attention head. In TinyBERT, the hidden size of 312 is divided across 12 attention
heads, which allows the model to perform the attention mechanism in parallel making it
faster. Next, the results from all the heads are then concatenated and projected back to
312 dimensions through a linear transformation. Afterward, a residual connection is added
between the input and the output of the attention sublayer, and normalization is applied to

stabilize the values and improve learning.

After the attention step, the output of the attention sublayer is passed into a feed-forward
network, which contains two fully connected layers. The first layer expands the dimensions
from 312 to 1200 and applies the GELU activation function [209], which is shown in Equation

(13), while the second layer reduces the dimensions back to 312.

GELU(z) ~ 0.5z (1 + tanh [\/z (z+ 0.0447151‘3)] ) (13)

Additionally, a second residual connection is then applied between the input and the
output of the feed-forward network, and normalization is applied. Finally, this process
completes one encoder layer, the same process is repeated across the rest of the encoder

layers, with each one taking as input the output of the previous layer.

In conclusion, TinyBERT maintains the same architecture as BERT but with a reduced
size. By using 4 layers, a hidden size of 312, and 12 attention heads, it manages to be lighter

and faster. The TinyBERT architecture is illustrated in Figure 4.4.
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Figure 4.4: TinyBERT architecture.

4.4 Modality Embeddings

This section describes how the visual and textual information is represented before enter-
ing the fusion stage. Encoders are used to extract embeddings from each modality rather

than using them for classification.

For the image branch, MobileNetV3 is used as the feature extractor. The last expansion
layer and the classification head are removed, and the embeddings are extracted after global
average pooling, resulting in a 960-dimensional feature vector. This embedding represents
the image semantic information, which would be used as the final compact representation

of the image.

As for the text branch, TinyBERT will provide the extracted features, where the version
without a classification layer is used. From the last encoder layer, the [CLS] token embedding
with 312 dimensions is extracted, which represents the entire input token sequence and is

used as the final text representation.

4.5 Projection Head

Projection head is a shallow feedforward neural network that is commonly used to map the
output features of an encoder into a low-dimensional space [210]. In our project, projection
heads are needed to map embeddings from the MobileNetV3 encoder and the TinyBERT
encoder to the same dimensions, allowing them to be compatible and efficiently fused to-

gether. We employed the projection heads similar to the one in study [189], where each
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encoders have their own projection head with the same architecture, as shown in Figure
4.1 (B). The structure of the projection head starts with a single linear layer, followed by a

GELU activation function that adds non-linearity.

Lastly, L2 normalization, as shown in (14), where e is the input vector and € is a small

positive value, is applied to normalize the embeddings [211].

(]

S 24

i=1 "1

o
Il

(14)

The TinyBERT and MobileNetV3 encoders produce embeddings of 312 and 960 dimen-
sions, respectively. Therefore, we mapped their embeddings to the same dimension of 512

to obtain balanced and compatible vectors.

4.6 Fusion Strategies

Fusion plays a key role in multimodal architectures, as it determines how text and im-
age representations are combined into a single vector, as illustrated in Figure 4.1 (C). In
this project, we will explore and compare four feature-level fusion strategies to examine
how different fusion mechanisms affect multimodal representation quality and overall model

performance.

(1) Concatenation Fusion: Concatenation fusion directly connects the text and image
embeddings along the feature dimension to form a joint representation, preserving modality-
specific information without alteration [82]. Several prior studies [8, 9, 10, 11, 12] have
adopted concatenation-based fusion due to its simplicity and effectiveness. The concatena-
tion fusion process can be mathematically expressed as (15), resulting in a 1024-dimensional
vector.

Ffused = Concat(Ftextv F ) (15)

image

(2) Element-wise Maximum Fusion: Element-wise maximum fusion selects for each
feature dimension the larger value between the aligned text and image embeddings, empha-

sizing the strongest and most informative signals across modalities [212] and resulting in a
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512-dimensional vector, as defined in (16).

Ff(liied = max (Ft(ezz(ﬂ F‘i(r;)ago)

(16)
(3) Siamese-style Fusion: As referred to in the paper [189], the embeddings are combined
using concatenation, absolute difference, and Hadamard product operations, as shown in
Equation (17), which will result in a 2048-dimensional fused vector. This operation may

allow the model to capture both semantic agreement and contradiction between modalities.

Efused = [(ETXTa EIMG)7 ‘ETXT - EIMG|7 ETXT ) EIMG} (17)

(4) Hadamard Product with Element-wise Summation Fusion: The two embed-
dings are combined first by applying an element-wise product, as shown in Equation (18).
This gives an interaction vector which then will be element-wise summed with the origi-
nal embeddings, as presented in Equation (19), allowing the model to integrate unimodal

features with cross-modal interactions. This will produce a 512-dimensional fused vector.

E:rteract = Erxr © Envg (18)

Efused = ETXT + EIMG + Einteract (19)

4.7 Similarity Measurement branch

To aid in the classification of fake and real news, measuring the similarity between the text
and image feature representations may provide valuable cues about cross-modal consistency
[213]. Inconsistency between image-text pairs often implies that the pair is fake, whereas
real news typically exhibit stronger alignment between modalities. Therefore, based on
this observation, a similarity measurement branch is introduced, as in [213, 141] , which
operates on the projected text and image vectors. This branch computes an alignment
loss using matched and mismatched image-text labels rather than fake and real labels. In
this project, two similarity-based loss functions are evaluated to assess their effectiveness in

capturing multimodal consistency, as illustrated in 4.1 (D).
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(1) Cosine Similarity Loss: To compute the cosine similarity loss, let e, and e, represent
the projected text and image embeddings, respectively. The cosine similarity between the
two modalities is computed, as shown in (20), where s € [—1, 1] denotes the similarity score,

and higher values of s indicate a stronger alignment between the text and image pairs [213].

€t €y
s= 4 % (20)
lecl e, ]},

The similarity score s is then mapped into a probability using the sigmoid function, as
illustrated in (21).

1
14e°

(21)

ps =

Lastly, given a matched or mismatched label y, the cosine similarity loss, denoted by L.,

is defined using the binary cross entropy loss, as shown in Equation (22).

L, = —lylog(p,) + (1 —y)log(1l — p,)] (22)

(2) Contrastive loss: To compute the contrastive loss, the projected text and image
embeddings e, and e, are considered. The similarity scores are computed using the dot
product between the two vectors, which is scaled by the temperature parameter 7, as shown
in (23). This results in a similarity matrix for text-to-image, denoted as p,_,;, and another

for image-to-text, denoted as p,_,,.

exp (eti . eg/7>

ij N :
Zk:l €Xp (etl : eﬁ/T) (23)
oo (ei-el/T)
b =

N -
> g ©XD (ei-ef/T)

Then, the contrastive loss is computed by calculating the difference between the predicted
similarity scores and the actual labels, where 1 represents similar pairs and 0 represents
non-similar pairs [141]. Specifically, cross entropy loss is used to compute the loss for image-
as represented in (24).

to-text L, ,, and for text-to-image L,_,;,
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The final contrastive loss is obtained by computing the average of the two losses, as shown

in (25).

Lo=5 (”Ciat + L.tai) (25)

4.8 Classification Layer

The last layer is the classification layer, which gives the final prediction. It consists of a
feedforward network, a classifier, and a softmax function, as illustrated in Figure 4.1 (D). It
also uses categorical cross-entropy as the loss function during training, which is combined

with the alignment loss from the similarity measurement branch.

The feedforward network consists of one fully connected layer. At first, layer normaliza-
tion is applied to ensure that all vector values are on the same scale. Following normal-
ization, there is a linear layer. Although the fused vector contains features extracted from
MobileNetV3 and TinyBERT, these features are general-purpose and not specific to the
task of classifying “real” or fake”. Therefore, the linear layer is used to learn what features
are most relevant for the task of fake news classification. Next, dropout is applied during
training to avoid overfitting, and lastly, a GELU activation function is then applied to in-
troduce non-linearity. This sequence may be repeated multiple times, and in our study, we
are experimenting with different repetition counts to determine which configuration remains

lightweight while still being effective.

Moreover, the classifier consists of layer normalization, followed by a linear layer, a GELU
activation function, and a final linear layer. The output vector from the feedforward network
is first normalized and then fed through a linear layer to transform the vector into a new

representation. After that, GELU activation function is applied. Lastly, a second linear
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layer produces raw scores for each class, called logits. These logits are then passed into a

softmax function to convert them into probabilities, as defined in Equation (26),

e~
C

Z]':l e’

softmax(z;) =

where z; denotes the input logit for class ¢ and C is the total number of classes.

During training, categorical cross-entropy loss function, as defined in Equation (27), where
y,; denotes the true label for class ¢, g, denotes the predicted probability for class i, and C
is the total number of classes, is used to measure how close the predicted probabilities
are to the true label. This loss is combined with an alignment loss from the similarity
measurement branch to model cross-modal inconsistency, as show in (28), where o and 3
are hyperparameters. The resulting loss value is then propagated back to adjust the model’s
weights. However, during testing, the softmax function produces the class probabilities, and

the class with the highest probability is taken as the final prediction.

C
L(y;, 9;) = _Zyi log y; (27)
=1
’Ctotal :a’c<yzagz)+ﬂ’cs, Oé+ﬂ: 1 (28)

4.9 Parameter-Efficient Cross-Modal Attention Architecture

This section provides a detailed description of the proposed parameter-efficient cross-
modal attention architecture. It begins with an overview of the overall design, followed by a
description of the modality embeddings and the projection layer. It then introduces the cross-
modal attention block, including the learned token pooling mechanism, the cross-modal
attention fusion process, and the low-rank weight decomposition strategy. The architecture

is illustrated in Figure 4.2.
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4.9.1 Design Overview

In the baseline architecture, multimodal fusion is performed using simple operations such
as feature concatenation and element-wise summation, which do not explicitly capture cross-
modal relationships. On the other hand, cross-modal attention fusion enables the model to
capture relationships between different modalities. However, previous studies have shown

that this approach is computationally heavy.

Since our goal is to develop a lightweight architecture, using standard cross-modal atten-
tion is impractical, because each token in one modality attends to all tokens in the other

modality, resulting in quadratic complexity.

To address this challenge, we introduce a parameter-efficient cross-modal attention block
that combines low-rank weight decomposition with learned token pooling, as shown in Fig-
ure 4.2 (C). This design reduces sequence lengths before cross-attention operations, which
decreases the number of parameters and the overall computational cost while preserving

cross-modal interactions.
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Figure 4.2: Overall architecture of the proposed Parameter-efficient Cross-modal Attention
model. (A) Image and text encoders. (B) Projection head. (C) Parameter-efficient Cross-modal
Attention Block. (D) Classification layer.

4.9.2 Modality Encoders and Token Representations

The proposed architecture employs the same encoders as the baseline architecture, using
MobileNetV3 [25] as the image encoder and TinyBERT [15] as the text encoder. Token-
level representations are required to perform attention-based fusion. For the image encoder,
MobileNetV3, the final classification layer and the global average pooling layer are removed
to obtain spatial feature tokens. The resulting feature map has dimensions 7 x 7 x 960,

resulting in 49 patches, each represented as a 960-dimensional vector, which we refer to
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as visual tokens. For the text encoder, TinyBERT, the output consists of a sequence of
contextualized token embeddings. In this project, the maximum sequence length is set to

128, resulting in 128 textual tokens, each with a dimensionality of 312.

4.9.3 Projection Head

The projection head, shown in Figure 4.2 (B), follows the same design as in the baseline
architecture described in Section 4.5. The inputs to this layer are the visual tokens of size
49 x 960 and the textual tokens of size 128 x 312. Since the two modalities differ in feature
dimensionality, both are mapped into a shared latent space of dimension 256 to enable effi-
cient low-rank cross-modal attention. In low-rank attention mechanisms [214], the number
of trainable parameters and computational cost scale linearly with the embedding dimen-
sion, making dimensionality reduction an important design consideration. Furthermore,
prior work employing latent bottleneck attention mechanisms demonstrates that projecting
high-dimensional inputs into a moderate latent space, such as 256 or 512, allows attention
to remain computationally efficient while maintaining competitive performance compared
to larger dimensions [215]. Motivated by these considerations, we adopt a 256-dimensional

shared space for cross-modal interaction.

4.9.4 Cross-modal Attention Block

The cross-modal attention block, illustrated in Figure 4.2 (C), enables efficient interaction
between visual and textual modalities by combining learned token pooling and low-rank
weight decomposition. Token pooling is used to reduce the number of tokens involved in
the attention computation, while low-rank decomposition is applied to limit the number of
trainable parameters. A detailed description of these components is given in the following

sections.

4.9.4.1 Learned Token Pooling

After projection into the shared latent space, the visual and textual modalities are rep-
resented as token sequences of lengths 49 and 128, respectively. Applying cross-modal
attention directly on these sequences would be computationally expensive. To reduce this

cost, we employ a learned token pooling mechanism that compresses each modality into a
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small set of representative tokens before cross-modal interaction.

For the visual modality, we adopt the TokenLearner module proposed by Ryoo et al. [216].
Specifically, we use the TokenLearnerModuleV11 variant, which generates a fixed number of
learned visual tokens by computing attention maps over the spatial feature representation.
Given the projected visual tokens of size 49 x D, the TokenLearner module produces K = 8
learned tokens of size 8 x D through weighted aggregation. Concretely, TokenLearner learns
a set of token-specific attention maps using a lightweight multilayer perceptron, normalizes
these maps across spatial locations, and aggregates the input features via weighted summa-
tion. This mechanism allows the model to focus on the most informative spatial regions

while significantly reducing the number of tokens processed by subsequent attention layers.

Formally, let the projected visual feature map be X € RF*W*¢  The i-th learned token

is computed as

zi = p (X O7(y(X))), (29)

where «o;(X) generates a spatial attention map, (-) broadcasts the attention map across
channels, ©® denotes element-wise multiplication, and p(-) represents spatial global average
pooling. As shown in Equation (29), each token is obtained by modulating the input feature

map with a learned attention mask and aggregating it spatially.

The final pooled representation is given by equation (30), where K = 8 in our architecture.

Z = [z, € RF*C, (30)

For the textual modality, an attention-based learned pooling mechanism is used to com-
press the projected textual tokens into a fixed number of K = 8 tokens prior to cross-modal
fusion. A lightweight feed-forward network computes token-specific attention scores, which
are normalized across the sequence using a softmax operation. The pooled textual tokens
are obtained by aggregating the tokens through weighted summation [217], resulting in a

compact set of representations that are more efficient for cross-modal attention.

Given textual tokens X € RV*P | attention weights are computed as shown in equation
(31)
A = softmax(fy(X)), (31)
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Then, the pooled tokens are obtained as shown in equation (32), which compresses the
sequence into K learned tokens.

Z = AX. (32)

4.9.4.2 Cross-modal Attention Fusion

For cross-modal attention, we adopt a lightweight cross-modal attention similar to the
one proposed in [214]. This approach introduces only a single learnable projection matrix in
order to avoid increasing model complexity. In particular, only the query projection matrix
W, is learned, while the key and value representations are directly reused from the input
feature vectors. As a result, this approach significantly reduces the computational cost while

preserving effective cross-modal interactions.

The input to the attention module for each modality consists of 8 tokens, each represented
by a 256-dimensional feature vector. Thus, the feature matrix for modality i can be written
as:

X. € [R8><256
i .

Taking the text modality as an example, its feature matrix is first passed through a
linear transformation to produce the query matrix. However, unlike standard attention, this
projection is implemented using a low-rank decomposition strategy, as detailed in Chapter

4.9.4.3.

Then, each text token computes its similarity with all image tokens using the dot-product
between the query and key vectors. This produces a pairwise similarity matrix, which is

normalized using a row-wise softmax operation to obtain attention weights, as shown in

Equation (33):
Q]
Ay oy = softmax ( tanh <\t/@ ) (33)

where @), is the query matrix for text, K, is the key matrix for the image, and dj, is the
feature dimension used for scaling. The row-wise softmax ensures that each text token

independently attends to all image tokens.
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The attention output for the text modality is obtained by multiplying the attention scores
with the value matrix from the image, as shown in Equation (34):

Ay =a;,V,

79

where V; is the image value matrix.

Subsequently, the resulting attended feature is added to the original text features via a

residual connection and normalized, as shown in Equation (35):

E, = Norm(A4, + X,), (35)

where A, is the attention output and X, is the original text feature matrix. This residual
with normalization preserves the original text information, stabilizes gradient flow during

training, and allows A, to complement rather than overwrite X,.

Lastly, in order to obtain the final text modality-aware feature representation enriched
with information from the image tokens, a linear transformation followed by a ReLU ac-
tivation is applied to the normalized attended text features, resulting in the updated text

representation, as defined in Equation (36):

O, = ReLU(Linear(E,)). (36)

The same process is applied to the image modality, where each image token computes
attention weights over all text tokens based on pairwise similarity, enabling the model to

capture cross-modal relationships between the two modalities.

After obtaining the modality-aware representations for both text and image, the final
cross-modal representation is constructed by fusing O, and O;, as shown in Equation (37).
Specifically, the two representations are combined using element-wise addition to produce
the final fused matrix:

where F' denotes the final fused cross-modal representation. This cross-modal attention

fusion strategy, as illustrated in Figure 4.3, preserves complementary information from both
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modalities while maintaining computational efficiency.
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Figure 4.3: Cross-modal Attention Fusion.

4.9.4.3 Low-rank Weight Decomposition

Low-rank weight decomposition is a technique used to reduce the number of trainable
parameters and compress model complexity by factorizing a weight matrix into the product

of two or more smaller matrices [218].

As mentioned earlier, we follow a similar approach to that proposed in [214], where only
the query matrix W, is learned. In this approach, the query weight matrix is computed
using low-rank decomposition, while the key and value matrices are directly reused from the
input features. Specifically, for each modality i € {¢,i}, the query matrix is expressed as a

sum of low-rank factors, as shown in Equation (38):
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where r denotes the rank of the decomposition, w ; are the low-rank factor matrices specific

to modality 4, d,, is the input feature dimension, and d, is the query dimension.

Using this decomposition, the query matrix for modality ¢ is computed as defined in

Equation (39):

Q, = ( > wgi>> X; +bg,, (39)
j=1

where X is the input feature matrix for modality ¢ (either X, for text or X, for image),
and bQi is the bias term. This decomposed query matrix (); is then used in the attention
computation as described in Equation (33), producing attention weights «,_,; for text-to-

image or «a,_,, for image-to-text interactions.

By applying low-rank decomposition to both text and image query matrices, the atten-
tion mechanism becomes more computationally efficient while still capturing cross-modal

relationships between the two modalities.

4.10 Summary

In this chapter, a detailed description of both architectures was provided. Both use
TinyBERT as the text encoder and MobileNetV3 as the image encoder. In the baseline
architecture, the resulting embeddings are passed through a projection head to map them
into a common dimensional space and then fused using simple feature-level operations be-
fore being fed to the classification layer. In the parameter-efficient cross-modal attention
architecture, the encoders produce token sequences instead of embeddings, which are also
projected into the same dimensional space using a projection head, as in the baseline. These
tokens are then used as input to the parameter-efficient cross-modal attention block, which
applies learned token pooling and cross-modal attention with low-rank weight decomposi-
tion. The resulting modality-aware representations are fused and passed to the classification

layer to produce the final prediction.
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Chapter 5: Experimental Design

This chapter presents the experimental design of our project. First, the overall experi-
mental procedure is mentioned, along with the datasets we will employ in our project and
the preprocessing steps taken to prepare both the visual and textual modalities. Next, we
describe the preliminary experiments conducted to select the appropriate image and text
encoders, which include the experimental protocols and the findings that led to our choices.
Lastly, we explain the training process, the steps that will be taken to evaluate our frame-
work, the ablation study conducted to analyze the impact of the architectural components,

and the implementation environment.

5.1 Experimental Procedure

The experimental procedure followed in this project to solve the problem of multimodal
fake news detection can be divided into several phases. First, preprocessing was done to
both the textual and visual modalities in the datasets accordingly. The preprocessing steps
include normalization and resizing for images, while tokenization, truncation, and padding
for text. After preprocessing, the datasets are partitioned into three subsets: a training
subset for training the model, a validation subset for monitoring the model’s performance,
and a testing subset for final evaluation of the model. The next phase in the pipeline
is constructing the architecture. First, to select the appropriate encoders, a preliminary
experiment was conducted, and the results show that TinyBERT and MobileNetV3 achieved
the best performance among the tested encoders. Therefore, the architecture proposed in
this project adopts TinyBERT as the text encoder and MobileNetV3 as the image encoder.
The output embeddings of these encoders then go through identical projection heads to
map them into the same dimensional space. These compatible embeddings are then fused
using several different fusion strategies, such as concatenation and element-wise maximum.
Lastly, the unified representation goes through a classification layer to obtain the final
output. After constructing the architecture, the next phase is to tune the hyperparameters
using the validation set to select the best model configuration. Additionally, the model is
trained end-to-end using the training dataset. The final phase is model evaluation, where

the multimodal framework is evaluated on the validation set and tested on the test set to
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examine its overall performance. Additional details of datasets, data preprocessing, and the

proposed architecture are provided in Chapters 4 and 5.

Based on the previously proposed research questions and pipeline this project follows, we
formulate the following hypotheses. First, we hypothesize that a lightweight architecture
can effectively be utilized in the field of multimodal fake news detection while achieving
competitive performance. Moreover, we expect that by employing different fusion strategies,
such as concatenation and element-wise maximum, the performance of multimodal fake news

detection will differ significantly.

5.2 Datasets

This section provides a detailed description of the datasets that will be employed in this
project. These datasets are: Fakeddit [23] and Twitter MediaEval [24], which are two

common multimodal datasets in the field of fake news detection.

5.2.1 Fakeddit dataset

One of the datasets used in our study is the Fakeddit dataset [23], which is a multimodal
dataset that contains text, images, comments, and metadata. It is sourced from Reddit,
a social media platform, where users can post submissions on various subreddits and each
subreddit has its own theme. In the context of this dataset, a submission refers to a Reddit
post that contains a title, the corresponding image, if available, and metadata such as the
subreddit, score, author, and comments. Importantly, the text consists of only the image’s
caption, and it does not include any accompanying article. Moreover, all submissions were

collected using the pushshift.io API.

The dataset contains 1,063,106 samples collected from 22 subreddits. Among these,
682,661 are multimodal samples containing text and image pairs, 413,753 are fake sam-
ples, and 268,908 are real samples, as shown in Figure 5.1. Moreover, the released dataset
indicates a split of approximately 82.6% training, 8.7% validation, and 8.7% testing, as
illustrated in Figure 5.2.
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Fakeddit Dataset Statistics
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Figure 5.1: Fakeddit Dataset Class Distribution.
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Figure 5.2: Fakeddit Dataset Split.

In addition, each sample in the dataset has three distinct label columns corresponding
to the 2-way classification, 3-way classification, and 6-way classification, allowing the 2-
way label to be utilized directly without any preprocessing. For the 2-way classification,
a sample is either true or fake. For the 3-way classification, a sample is either completely
true, fake and contains text that is true, or fake with false text. Lastly, for the 6-way

classification, a sample is labeled as either true, satire/parody, misleading content, imposter
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content, false connection, or manipulated content. True label indicates that both the text
and image are accurate. Satire/parody refers to posts that are designed for humor or satire
and not meant to convey factual information. Misleading content describes posts that are
intentionally manipulated to mislead the audience, while imposter content indicates that
the post contains bot-generated content. False connection applies to post where the image
doesn’t support the corresponding text, and lastly, manipulated content indicates that the
image has been altered or edited. When utilizing the 2-way classification, a sample is labeled
true only when the image and the corresponding text are true and related, and all other
cases are labeled as false. In Table 5.1, several samples from the dataset using the 2-way

classification are presented.

Although the dataset provides metadata, comments, and multiple labeling schemes, we

will only focus on using text, images, and the 2-way classification.

ID | Multimodal Sample (Image & Text) Label
1 Real
Donald Trump threatens ’fury’ against N Korea —
BBC News
— i
2 Fake
3 Real
Dogs cannot get ‘autism’, British Veterinary
Association warns after ‘anti-vaxx’ movement spread
to pets
4 Fake
‘Wounded Italian World War 2 soldier, left almost
unrecognizable due to the numerous severe injuries
received in combat. (1941)

Table 5.1: Image—Text Samples from Fakeddit Dataset (Binary Classification)
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5.2.2 Twitter MediaEval dataset

In addition, we will employ the Twitter MediaEval dataset (2016) [24], which is a multi-
modal dataset that consists of social media posts collected from Twitter. Each post includes
a short text, a corresponding image or video, and metadata such as username and times-
tamp, which refers to the time the tweet was posted. Furthermore, the posts were collected
using the Twitter API and visual near-duplicate search strategy, which involves first collect-
ing posts using keywords related to 17 specific events, then they used the manually verified
sets of fake and real images that are related to the events as visual queries to find posts

containing images that are either exact matches or near-duplicates of the verified images.

The dataset is split into two sets, the development set and the test set. Each set contains
real and fake posts related to specific cases that are related to 17 major events such as Hurri-
cane Sandy, Boston Marathon bombing, Sochi Olympics, and others. For the development
set, which is equivalent to a training set, it includes 193 real cases with 6225 associated real
posts posted by 5895 unique users and 220 fake cases with 9596 fake posts posted by 9216
unique users. The total number of posts in the development set is 15821. As for the test
set, it is composed of 991 real posts and 1186 fake posts, resulting in a total of 2177 posts.
The distribution of the dataset is illustrated in Figure 5.3, and the dataset split is presented
in Figure 5.4. Since the dataset contains posts in multiple languages and includes posts
with videos, we filtered out the non-English posts, removed the posts containing videos, and
re-split the remaining posts into development and test sets, resulting in 10026 posts in the
development set and 2501 posts in the test set, which correspond approximately to 80% and
20% of the total 12,527 English posts with only images.
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Twitter MediaEval 2016 Dataset Statistics
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Figure 5.3: Twitter MediaEval Class Distribution.
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Figure 5.4: Twitter MediaEval Dataset Split.

Additionally, each post in the dataset has two labels, either real or fake. Fake posts
consist of an image or video that does not relate to the event it claims to represent in
the text. Moreover, real posts include images or videos that accurately relate to the event

described in the text. Table 5.2 shows a sample of the dataset.
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ID | Multimodal Sample (Image & Text) Label
T -
1 Real
BREAKING: FRANCE24 reports at least 60
hostages at #Paris concert hall
2 Fake
North Korea’s Nuclear Missile Threat: Very Bad
News
3 Real
Thanks for the Turk Schools in Nepal for rescuing
the victims and helping them in their relief.
4 Fake
@QUberrFootball: In Germany people take to the
streets to shout ”The Germany is with the France”

Table 5.2: Image—Text Samples from Twitter MediaEval Dataset (Binary Classification)

5.3 Data Preprocessing

Data preprocessing is a crucial stage that prepares raw data for computational analysis,
directly affecting the results of the models. Whether dealing with text or images, both
modalities require several preprocessing techniques to enhance their quality and effectively
be used for the task of fake news classification. To ensure a fair evaluation, preprocessing

must be applied on the entire dataset.
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5.3.1 Image Data Preprocessing

Image preprocessing involves several steps to improve the overall representation quality
and reliability of visual data. Below, the fundamental image preprocessing procedures em-

ployed in this project are mentioned.

o Image resizing: Resizing refers to scaling an image into specific dimensions so they

are compatible with the image encoder. Images are resized to 224 x 224.

« RGB conversion: RGB conversion refers to converting every input image into three

color channels (Red, Green, and Blue) to ensure consistency across the dataset.

e Tensor Conversion: Images are converted into multidimensional numerical arrays,
known as tensors, so they could be used as input to the pretrained image encoder

219].

e Image Normalization: All input images were normalized using the ImageNet
dataset mean and standard deviation to match the input expected by the pretrained

image encoder.

As for training data, additional data preprocessing steps, such as random cropping and
color jittering, are applied. These allow the image encoder to generalize better and avoid

positional and lighting bias, respectively [220].

5.3.2 Text Data Preprocessing

Text preprocessing is done in several steps to clean and ensure that the textual data is

formatted correctly for the model to process it. The main text preprocessing steps are:

o Lowercasing: All the text is converted to lowercase to ensure consistency in the text

and to reduce the number of unique words.

e Data Cleaning: Irrelevant elements such as URLs, emojis, special characters, and
duplicates are removed from the text to reduce noise and maintain meaningful infor-

madtion.

e Tokenization: Tokenization refers to dividing text into smaller meaningful units
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using the WordPiece algorithm [221], which helps the encoder to handle new words by
splitting them into subword units it already recognizes. Traditional NLP preprocessing
techniques like stemming and lemmatization are not required in BERT-based encoders
such as TinyBERT, since WordPiece tokenization already handles different variations

[222].

Special Token Addition: Special tokens such as [CLS] and [SEP] are added to the

beginning and end of each text sequence to indicate its boundaries.

Conversion to IDs: Tokens are converted to numerical identifiers based on the

encoder’s vocabulary, so they can be represented numerically.

Padding and Truncation: Each sequence is adjusted to a fixed length of 128 by
truncating longer inputs and adding padding to shorter ones with [PAD] tokens.

Attention Mask Generation: Attention masks are generated to identify actual

tokens and ignore padding tokens during encoder computation.

Tensor Conversion: The processed text is converted into tensors, which are multi-

dimensional numerical arrays, so that they could be used as input to the encoder.

5.4 Preliminary Experimentation for Encoder Selection

In order to select the appropriate encoder for each modality, a comparison was carried

out independently for the text and image models. The models selected for comparison were

based on their potential of being computationally efficient and lightweight, while maintaining

high accuracy. Below, the experimentation details for image and text models are described

independently.

5.4.1 Image Encoder Selection

The models selected for comparison are the image transformer model MobileVit-V2 [71]
from the Hugging Face Transformer library [223], and the CNN-based models GhostNetV2
[14], and MobileNetV3-Large [25], both obtained from the TIMM PyTorch Image library
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[224]. The experiment was done on the first 10% of the Fakeddit dataset [23] which included

approximately 37,600 non-corrupted images.

5.4.1.1 Experimental Protocols

Starting with image preprocessing, each model followed the default preprocessing pipeline
provided by its library. The images that are used as input for the MobileVit-V2 model were
processed using the Hugging Face AutolmageProcessor, which resizes images to 256 x 256
pixels, converts them to RGB format, and rescales them to normalize the pixel values to
[0,1]. On the other hand, the images that are fed into the CNN-based models were resized
to 224 x 224 pixels, converted into a tensor, and normalized using the ImageNet mean and
standard deviation. Table 5.3 shows the training configuration used on all the image-based

models to conduct a fair and consistent evaluation.

Table 5.3: Training configuration used for all image-based models

Hyperparameter Value

Epochs )

Batch Size 32

Learning Rate 1x10™*

Loss Function Cross-Entropy Loss

The models were then trained on the sample dataset, with 80% of the data used for
training and 20% for validation to evaluate the models. Table 5.4 presents the training time
required to complete 5 epochs and the corresponding accuracy achieved by each model. The

experiments were implemented in Google Colab using a NVIDIA T4 GPU.

Table 5.4: Comparison of Transformer-based and CNN-based models

Category Name Params FLOPs Acc Layers Training
(M) (G) (%) Time
(min)
CNN-based GhostNetV2 4.88 0.362 75.69 524 29
CNN-based MobileNetV3-Large 5.48 0.22 74.76 296 26
Transfomer-based MobileVit-V2 4.39 3.70 75.47 286 40
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5.4.1.2 Findings

From the comparison shown in Table 5.4, although MobileViT-V2 achieved competitive
accuracy, it required a much higher computational cost due to its large FLOPs value, which
also resulted in the longest training time among the models. Since our focus is to build an
efficient and lightweight architecture, MobileViT-V2 was not considered a suitable option for
our model. This left the comparison mainly between GhostNetV2 and MobileNetV3. While
GhostNetV2 achieved the highest accuracy, the improvement compared to MobileNetV3
was less than 1%, which is not a significant difference. Moreover, GhostNetV2 required
slightly more computation and about 3 minutes longer training time on the selected dataset
sample. In contrast, MobileNetV3 reached a similar accuracy while having lower FLOPs
and faster training. Therefore, considering both performance and efficiency, MobileNetV3
offers a better trade-off between accuracy, model size, and computational cost, making it

the most practical choice to serve as the image encoder in our model.

5.4.2 Text Encoder Selection

For the text model selection, several Transformer models were compared, including
ALBERT-base [225], TinyBERT [15], DistilBERT [226], and MiniLM [16], from the
Hugging Face Transformers library [223], along with DeBERTa-v3 [66] with Low-Rank
Adaptation (LoRA) [61]. The experiment was performed on a sample from the Fakeddit
dataset [23] which consisted of 470,754 text samples.

5.4.2.1 Experimental Protocols

For text preprocessing, text containing two or fewer words was removed. Then, the
standard tokenization pipeline provided by the Hugging Face library [223] was used for
all the models. The text inputs were tokenized using each model’s AutoTokenizer with a
maximum sequence length of 128 tokens across all models, including ALBERT, TinyBERT,
DistilBERT, MiniLM, and DeBERTa-v3 with standard LoRA configuration, and padding
was applied as needed along with truncation. After tokenization, the input was converted

to input IDs, and attention masks were created to mark which part of the text is real input
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and which is padding. Then, the data was formatted as PyTorch tensors, which is the data

format required by the model for training.

Table 5.5: Training configuration used for all text-based models

Hyperparameter Value

Epochs 3

Batch Size 16

Learning Rate 2x107°

Loss Function Cross-Entropy Loss

Max Sequence Length 128

After preprocessing, the data was split into 80% training, 10% validation, and 10% testing

for model evaluation. The training time required for 3 epochs and the achieved accuracy

are represented in Table 5.6. The experiments were implemented in Google Colab using a

NVIDIA T4 GPU.

Table 5.6: Comparison of Transformer-based text models Note: The symbol “—

” indicates that

the FLOPs value for MiniLM is unavailable and not officially reported in the original paper.

Name Params FLOPs Acc Layers Training
(M) (Q) (%) Time
(min)
ALBERT 12 21.8 85.52 12 186
TinyBERT 14.5 1.2 86.39 4 35
MiniLM 22 - 87.02 6 43
DistilBERT 66 22 87.13 6 92
DeBERTa-v3
with base LoRA 184 50 85.62 12 161

5.4.2.2 Findings

Based on the results shown in Table 5.6, TinyBERT achieved the most optimal trade-

off between accuracy, model size, and computational efficiency. Although MiniLM showed
a slightly better accuracy of 87.02% than TinyBERT 86.39%, it had a larger number of
parameters (22M) compared to TinyBERT (14.5M), making TinyBERT more suitable for

lightweight deployment. Moreover, MiniLM required more training time and was slower,
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whereas TinyBERT achieved this accuracy with fewer parameters and lower computational
complexity. In comparison, the larger models DistilBERT (66M) and DeBERTa-v3 (184M)
achieved competitive results but at a much higher computational cost. ALBERT, while
being the smallest model in terms of parameters, performed worse in accuracy 85.52% and
took substantially more time to train (186 minutes). Therefore, TinyBERT was selected as
the text encoder for our multimodal model because it provides competitive accuracy with
smaller model size, faster training, and lower computational cost aligning with the goal of

building a lightweight and efficient architecture.

5.5 Model Selection

After constructing the architecture proposed in Chapter 4, we will perform end-to-end
training using the training dataset. In order to obtain the optimal overall model with the
best results, some hyperparameters are tuned on the validation set of the data, while others
are kept fixed. The tunable hyperparameters in our model include the batch size, while a
maximum epoch value, such as 100, 200, or 250, will be selected with early stopping. For the
classification layer, we will experiment with the number of blocks in the feedforward network,
each containing layer normalization, a linear layer, dropout, and GELU activation. We will
also vary the dropout rate in both the projection head and the classification layer. Moreover,
the model will be trained using the AdamW optimizer [227] while testing different learning
rates. These hyperparameters are tuned using Optuna [228], which is a hyperparameter
search software that finds the suitable hyperparameter configuration. Furthermore, several
fusion strategies, mentioned in Chapter 4, will be tested to determine which approach cap-
tures the cross-modal interactions between the text and image modalities efficiently. Table

5.7 shows the range of hyperparameter values to be experimented with.

115



Table 5.7: Hyperparameter Tuning for Experimentation

Hyperparameter Range of Values
Batch Size 32,64, 128

No. of Blocks in the Feedforward 1 block, 2 blocks
Network of the Classification Layer

Dropout Rate 0.1,0.2,04
Learning Rate le-2, le-3, le-4
Fusion Strategies Concatenation, Element-Wise Max,

Siamese Style, Hadamard Product
with Element-Wise Sum
Loss Weights (a, ) (0.8,0.2), (0.7,0.3)

As for the fixed hyperparameters, Table 5.8 shows the hyperparameters and their fixed

values.

Table 5.8: Fixed training configurations

Hyperparameter Value
Projection Head Dimension 512
Projection Head Layer 1 Layer

Projection Head Activation GELU
Classification Layer Activation GELU

TinyBERT Token Length 128
Optimizer Type Adam Optimizer
Loss Function Cross-Entropy Loss

5.6 Model Evaluation

This section presents the evaluation steps used to assess the performance of our proposed
framework in fake news detection and to ensure that the framework is evaluated fairly.
Firstly, we follow the available training, validation, and test splits provided by the Fakeddit
dataset to ensure a reliable evaluation of performance. Additionally, we will employ the
Twitter MediaEval dataset and follow an 80% training, 10% validation, and 10% testing
split. Also, we will perform a cross-dataset evaluation using the Twitter MediaEval dataset,
to assess our framework’s ability to generalize across different datasets. Moreover, we will
use several evaluation metrics, including accuracy, precision, recall, Fl-score, FLOPs, and
number of parameters to report the performance of our framework. The detailed explana-

tions of these metrics are provided in Chapter 2.
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5.7 Ablation Study Design

As part of the experimental design we perform an ablation study to determine how each
component affects the performance of the proposed multimodal model. Even though the
performance metrics summarize the effectiveness of the entire architecture, the ablation

experiments allow us to isolate and evaluate the role of specific components.

In this study, we remove selected components from the architecture to analyze their impact
on performance. We design five ablation experiments, each focusing on a specific modality

or architectural element.

5.7.1 Image-Only Model

Within the ablation design of this study, we remove the textual branch entirely and rely
only on the image modality. The input image is processed using MobileNetV3, followed
by the projection head. The resulting image features are directly fed into the classification
layer without any fusion. This setup enables us to assess the independent contribution of

visual features to the overall system performance.

5.7.2 Ablation Using Text Only

In this ablation setting, we remove the image branch and rely on the textual modality only.
Specifically, the image encoder, MobileNetV3 [25] is excluded, and only the text encoder,
TinyBERT [15], is used to extract the meaningful textual features from the input news
text. The textual features are then passed through the projection head and directly fed into
the classification layer, without any multimodal fusion. This setup allows us to evaluate
the effectiveness of TinyBERT in detecting fake news and to examine whether a multimodal

approach, which combines both text and images, performs better than a unimodal approach.

5.7.3 Impact of Fully Connected Layers With Shared Weights

In this part, we investigate the impact of introducing an additional fully connected layer
after the projection heads of both the image and the text modalities. In this configura-
tion, the fully connected layers share the same weights in order to obtain a more similar
representation, as done in [213]. The resulting output vectors are then forwarded to the

similarity measurement branch, where a similarity score is computed and used to derive the
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alignment loss. This ablation allows us to evaluate whether enforcing fully connected layers

with shared weights after the projection heads improves cross-modal alignment.

5.7.4 Similarity Measurement branch

In this ablation experiment, we remove the similarity measurement branch from the pro-
posed architecture. In this setup, no similarity score is computed between the projected
image and text embeddings, and the similarity loss is not used during training. The fused
image and text embeddings are directly passed to the classification layer. This experiment
allows us to evaluate the impact of the similarity measurement branch on the overall model

performance.

5.7.5 Projection Head Replacement (PCA)

As part of the ablation study, we replace the learnable projection head with Principal
Component Analysis (PCA). The output embedding dimension is kept the same as in the
original architecture to ensure a fair comparison and isolate the effect of learning a task-
specific projection. Unlike the projection head, PCA applies a fixed linear transformation
without trainable parameters. This experiment evaluates whether the performance gains

arise from the learned projection or whether a non-trainable linear mapping is sufficient.

5.8 Implementation Environment

We will implement our experiments using Google Colab, which makes it easy to collaborate
and share work through Google Drive. Colab is a cloud-based Jupyter notebook environment
that requires no local setup, runs entirely online, and provides free GPU runtimes for efficient
model training. Python will be our main programming language, taking advantage of its
wide range of libraries to develop, run, and evaluate the different parts of the project. As

for the hardware used, it is presented in Table 5.9.
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Table 5.9: List of Devices Used in the Project

Device Operating Processor Memory
System
Windows Laptop Windows 11 Intel Core i7-1360P (13th 16 GB RAM and
(2023) Gen, 2.20 GHz) 954 GB SSD
MacBook (2020) macOS Sequoia Apple M1 (8-core CPU, 8- 8 GB unified mem-
15.3.1 core GPU, 16-core Neural ory and 512 GB
Engine) SSD

5.9 Summary

This chapter describes the experimental design of our project. The datasets we will employ
to evaluate and test our framework are Fakeddit and Twitter MediaEval. Additionally,
the preprocessing steps of both the image and text modalities are mentioned, along with
the preliminary experimentation conducted to find the suitable text and image encoders
for our architecture. Lastly, the model selection, evaluation, ablation study design, and

implementation environment are described.
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Chapter 6: Conclusion

In conclusion, the spread of fake news in recent years have posed a serious threat to
individuals and society by spreading news that can influence opinions and cause real-world
harm. Also, fake news often combines more than one modality which increases its complexity
and potential to mislead the audience. Because of the vast amount of information shared
online, and the fact that fake news often appears across multiple modalities, such as text
and images, manual detection is no longer practical. This highlights the need for automated
systems that are capable of accurately identifying fake news across different modalities.
Many studies have relied on a unimodal approach which use only a single type of modality,
such as text or images only. However, this approach is often ineffective for detecting fake
news, as they cannot capture the complexity of content that spans multiple modalities.
Furthermore, while many multimodal approaches have been proposed to improve fake news
detection and achieve higher accuracy, they are often computationally expensive and rarely
examine different fusion strategies. This research addresses these challenges by proposing a
lightweight multimodal architecture that employs MobileNetV3 as the image encoder and
TinyBERT as the text encoder to ensure low computational cost. The extracted features
from the encoders are then mapped into the same dimensional space using a projection
head and are fused using different fusion strategies to identify the most effective approach
for combining the textual and visual features. Finally, the fused vector is passed through a
classification layer to produce the final prediction. This approach aims to achieve an optimal

balance between performance and computational efficiency.
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