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Abstract

Synergizing Probabilistic Models with Deep Learning: A Novel Framework for Topic
Modeling and Multimodal Analysis

Akinlolu Oluwabusayo Ojo, Ph.D.

Concordia University, 2026

Traditional topic modeling techniques, such as Latent Dirichlet Allocation (LDA), often employ
standard Dirichlet distributions to model topic-word and document-topic relationships. While ef-
fective in certain contexts, these methods face limitations in capturing the complex dependencies,
uncertainty, and heterogeneity in real-world data. These limitations become particularly pronounced
in multimodal and cross-domain settings, where textual, visual, and spectral signals interact nonlin-
early and where distribution shifts across platforms, languages, and domains are pervasive. While
deep learning methods have advanced multimodal understanding and classification, many lack prin-
cipled probabilistic foundations, leading to deterministic latent representations, component collapse,
and poor robustness under domain shift. This dissertation addresses these challenges by intro-
ducing a unified probabilistic deep learning framework built upon expressive distributional priors,
including the generalized Dirichlet, smoothed Dirichlet, and Beta-Liouville distributions. The pro-
posed framework enables continuous latent representations that capture rich covariance structures,
uncertainty, and asymmetry beyond standard Dirichlet and Gaussian assumptions. Within this
paradigm, we develop a series of models spanning topic modeling, multimodal fusion, and cross-
domain adaptation. We first propose a Generalized Dirichlet Variational Autoencoder (GD-VAE)
for neural topic modeling, followed by smoothed Dirichlet-based multimodal architectures for fake
news detection, including SmoothDetector and SD-MoBERT, which integrate probabilistic topic
modeling with long-context transformer representations. To address robustness under distribution
shift, we further introduce EviDA, an uncertainty-weighted domain adversarial learning framework
that leverages evidential deep learning to adaptively modulate instance-level domain alignment in
cross-domain and cross-lingual fake news detection. Finally, we propose PerLiFuse, a per-frequency
Beta-Liouville fusion network operating in the spectral domain, which learns dynamic, example-
specific gating across frequency bands to reconcile conflicting multimodal cues and mitigate fusion
collapse. Extensive empirical evaluations across multiple benchmark datasets demonstrate consis-

tent improvements in topic coherence, diversity, classification accuracy, robustness to domain shift,
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and uncertainty calibration over state-of-the-art baselines. Collectively, this work establishes a prin-
cipled and extensible paradigm for probabilistic deep learning, enabling interpretable, robust, and
scalable models for multimodal understanding and misinformation detection in complex real-world

environments.
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Chapter 1

Introduction

Generative models have gained prominence in Natural Language Processing (NLP) due to their
capacity to effectively learn from unstructured and unlabeled corpora. Conventional topic models
like LDA assume data can be represented as mixtures of independent components [2], an assumption
inadequate for complex, multimodal datasets with interdependencies, such as documents combining
text and images where visual and textual content influence each other. Traditional models also
rely on the Dirichlet distribution, imposing a restrictive covariance structure with only negative
correlations between variables, limiting their ability to capture realistic positive and negative topic
correlations. Additionally, computing exact posteriors requires summing over all latent variables,
restricting model complexity due to intractable high-dimensional integrals [3].

Several studies have been conducted to circumvent this limitation by approximating the model
posterior with a simple distribution. This is done by minimizing the Kullback-Leibler divergence
between the posterior and a simple distribution. Markov chain Monte Carlo (MCMC) [4] that
uses collapsed Gibbs sampling and variational mean field [3] methods are the traditional ways for
approximating the integrals. However, it is challenging and computationally expensive to apply
them to new topic models. Any little changes in the model assumption necessitate re-deriving the
inference methods, this makes it exhaustive for researchers to achieve fine-tuned models by exploring
various modeling assumptions [3]. Thus, developing inference approaches that can be easily applied
to a new model, even with some changes in the model without re-deriving the inference methods
has drawn research interest. One significant way of addressing this limitation is by applying a
neural topic model, which integrates the black-box mechanism with neural networks. A promising

black-box inference approach is proposed in [5]. These models can be readily applied to a new topic



model with little information about the generative process. Neural networks have been shown to
learn nonlinear distributions and are capable of approximating complex functions [6]. Autoencoding
variational models proposed in [7] can use a variational distribution parameterized by a neural
network to train an inference network and approximate the posterior of a classification model. The
inference network can be applied directly to test data without any further computational cost.
Despite some remarkable achievements of Dirichlet latent neural network models, they hardly
identify meaningful topics. Two major challenges were pointed out in [1]. Firstly, local optimum,
which is attributed to the problem of component collapsing [8]. Secondly, Dirichlet prior does not
have a shifting parameter because it’s not in the location families of distributions. Reparameter-
ization trick works quite well with differentiable distributions that have location-scale parameters
or that can be expressed as deterministic transformations of such distributions [9]. This makes it
difficult to use Dirichlet distribution with a reparameterization gradient. To address this problem,
[1] adopted a regularization technique, batch normalization to avoid being stuck in a local mini-
mum. They also proposed autoencoder variational inference for topic models (AVITM), which uses
Logistic-Normal prior to mimic the simplex in latent topic space. For an efficient reparameteriza-
tion trick, they further proposed a topic model called ProdLDA where they replaced the word-level
mixture with a weighted product of experts. ProdLDA explored Laplace approximation for the
Dirichlet distribution to enhance the training of the Dirichlet variational autoencoder. [10] ex-
plored implicit differentiation to compute reparameterization gradients. In [11], slice sampling was
used to compute reparameterization gradients, and [12] used Weibull distribution to approximate
Gamma distribution with an analytic Kullback-Leibler divergence. Furthermore, [13]| approximated
the Gamma distribution with the inverse Gamma CDF to infer the parameters of the Dirichlet vari-
ational autoencoder. [14] followed a different approach by applying rejection sampling variational
inference of Gamma distribution in [15]. Our work follows a similar approach but with the Beta
distribution’s rejection sampling variational inference [15]. In addition, deep learning has revolu-
tionized various domains by learning hierarchical representations directly from data [16]. In the
context of topic modeling, deep learning architectures have been employed to learn discrete topic
assignments. However, without integrating probabilistic frameworks, these models often resort to
discrete representations, which may not fully encapsulate the continuous nature of topic distribu-
tions. This discretization can lead to a loss of nuanced information and may not adequately reflect
the uncertainty and variability present in real-world data. This may lead to a lack of interpretability,

making it challenging to derive meaningful insights from the learned representations.



Integrating advanced probabilistic distributions into deep learning architectures offers a promis-
ing avenue to address these challenges. The generalized Dirichlet (GD) distribution has a better
covariance structure than Dirichlet distribution, this makes it to be more useful and practically
applicable [17]. GD is a special case of Dirichlet trees [18]|, which have been previously used in
mixture models to add domain knowledge to the conditional probability of words given a topic
and to capture topic correlation in mixture models [19]. Its ability to enable the representation of
complex dependencies between topics is particularly beneficial in multimodal datasets where such
correlations are inherent. Similarly, the Smoothed Dirichlet distribution introduces smoothing pa-
rameters to mitigate issues related to sparse data and component collapse, leading to more robust
and stable feature representations and enhancing the model’s ability to generalize from limited
observations, a common scenario in real-world applications [20]. Additionally, the Beta-Liouville
distribution offers a flexible framework for modeling data with bounded support, advantageous in
scenarios where data components are interdependent or skewed, making it suitable for capturing
the intricate structures present in multimodal datasets [21]. Unlike Dirichlet, Beta-Liouville also
captures positive and negative correlations by sampling latent representations with a Beta-Liouville
prior, improving generalization and effectively handling asymmetries and uncertainties arising from
conflicting modalities.

Building upon these insights, this proposal advocates for a synergistic integration of probabilistic
modeling with deep learning architectures to enhance topic modeling and multimodal analysis. By
embedding these distributions within neural frameworks, we aim to develop models that not only
capture the complex dependencies and continuous latent structures inherent in multimodal data
but also provide interpretable and coherent topic representations. This integration is anticipated
to overcome the limitations of traditional models and pure deep learning approaches, leading to
more accurate and insightful analyses across diverse datasets. Our proposal spans a constellation
of interdisciplinary domains, from latent thematic inference and discriminative taxonomization to
generative data enrichment and cross-modal orchestration, among other frontiers of intelligent data

interaction.

1.1 Background and Related Works

This section provides a comprehensive overview of the foundational concepts and related research

that underpin this thesis. It reviews key developments in probabilistic topic modeling and variational



autoencoders, followed by a discussion of unimodal and multimodal fake news detection methods.
The section also examines cross-domain learning and adversarial training paradigms, establishing
the necessary theoretical and methodological background for understanding the proposed models

and approaches developed in this work.

1.1.1 Mixture Models

Topic models have become research-interest areas due to their applications in document modeling
and information retrieval systems. LDA is a generative mixture model that has been extensively
explored to learn the relationships between words in the corpus. It promotes sparsity, therefore
producing more interpretable topics [22]. [22]| successfully applied LDA to document modeling.
However, LDA fails to capture the correlation between topics. A good solution to this is to use the
generalized Dirichlet distribution, which has a more general covariance structure than the Dirichlet
distribution [17]. A closer work to our proposed model that used a generalized Dirichlet mixture
model to capture the topics’ correlation can be found in [19]. They used generalized Dirichlet as a
prior distribution for a document to the topic mixture and developed a hierarchical tree structure
model that accumulates the most important topics at the upper levels. In [23], a generalized Dirichlet
multinomial mixture model that uses Gibbs sampling is proposed. They used the proposed model
to cluster short texts. However, none of these works integrates neural network variational inference
with their mixture models. Applying them to new topics is computationally expensive and very

challenging for researchers to achieve a well-fine-tuned model without re-deriving the inference [3|.

1.1.2 Neural Network Variational Inference Topic Models

Although probabilistic mixture models are popular in topic modeling, effective and efficient
inference for models with complex and deep structures is critical. To meet these demanding tasks,
a replicated softmax model (RSM) was proposed in [24]. RSM is a directionless, two-layer graphical
model that extracts low-dimensional hidden semantic information from a large unstructured corpus.
The work proposed in [25] was inspired by RSM. They estimated the uncertainty of observing a
new word in a text, given the already observed words, by substituting a hierarchical distribution
for the RSM’s softmax distribution. Contrary to RSM and its extension, a directed non-iterative
feedforward network was proposed in [5]. The work in [26] explored mutual information estimation
on topic modeling. To address the inefficient Gaussian prior, ProdLDA proposed in [1] showed that

approximating the Dirichlet prior using a Gaussian reparameterization leads to improved training



and better topic modeling. They extended their work and replaced the mixture model with a
product of experts. ProdLDA achieved better topic coherence than previous works and competitive
perplexity. [27] introduced bidirectional adversarial training for topic models. They reported that
their model considered word relatedness and outperformed the state-of-the-art in terms of topic
coherence. 28| explores dynamic graph convolutional recurrent network for traffic forecasting,
while [29] investigates sentence-aware encoder for topic modeling. Another closer work to our
proposed model is reported in [14]. They reported the trade-off between sparsity and smoothness
in the Dirichlet distribution since both factors are jointly encoded in the Dirichlet parameter. They
decoupled these properties by representing the Dirichlet parameter as a product of sparse binary
and smoothness vectors. Although this subject of study has been extensively explored, none of
the previous works have integrated generalized Dirichlet, smoothed Dirichlet, and Beta-Liouville

distributions with neural network architectures.

1.1.3 Unimodal Approaches to Fake News Detection

Early approaches to fake news detection primarily focused on text analysis, applying linguistic,
semantic, and structural features to detect deceptive content. Linguistic methods examine stylistic
markers, including grammar, syntax, and lexical choices, to differentiate fake from legitimate news
[30]. Semantic-based methods analyze the context and meaning of the text to identify discrepan-
cies and contradictions, often using knowledge graphs to correlate statements within the content
[31, 32, 33|. Structural features, such as clickbait-style headlines or sentiment-based analysis, have
also been helpful in identifying misinformation [34]. Despite these advances, unimodal text-based
methods have limitations, especially as fake news content becomes more multimodal. Text-only
detection struggles when fake news combines misleading images, videos, or audio alongside textual
misinformation, as is often the case on social media platforms like Twitter and Facebook. Con-
sequently, researchers have recognized the need for multimodal approaches that could integrate

insights across several types of data to improve detection performance [35].

1.1.4 Multimodal Fake News Detection

The complexities associated with fake news have prompted a shift towards multimodal fake news
detection, which seeks to leverage the complementary strengths of different text and images, but
sometimes audio and video as well. Multimodal approaches can combine features such as visual

elements in images or videos with linguistic attributes in the accompanying text, which provides a



richer representation of the content for analysis [36]. The studies in [37] identified the significant
advantage of multimodal approaches as their ability to identify cross-modal inconsistencies, such as
mismatched text and image pairs, which are common in fake news. One of the pioneering methods
for multimodal fake news detection involves simple concatenation of visual and textual features,
enabling a unified representation that improves detection accuracy. For instance, the EANN model
introduced by [38] leverages visual and textual features along with event adversarial networks to
learn invariant features for different news events, which enhances the generalizability of the detection
model. However, such models rely on fixed feature concatenations, lacking flexibility in representing
complex interdependencies between modalities.

Recent studies have explored more complex feature fusion techniques to improve the interaction
between different modalities. The authors in [39] introduced a multimodal model that utilizes at-
tention mechanisms to emphasize important information within each modality, adapting the focus
dynamically to relevant features. Although effective, these models still lack stochastic elements in
their latent representations, which limits their adaptability to different contexts and data distri-
butions. The resulting fixed latent spaces struggle to capture the nuanced and dynamic nature of

relationships between modalities, such as the subtle discrepancies in fake news content.

1.1.5 Probabilistic Models and Latent Representations

Stochastic and probabilistic modeling has gained traction as methods for capturing more flexible
and adaptable latent representations. Probabilistic approaches such as variational autoencoders
(VAEs) [40] and Bayesian models provide mechanisms for representing complex, high-dimensional
data in a probabilistic latent space, allowing models to capture inherent uncertainties and variability
within the data. These probabilistic latent representations have demonstrated strong performance
in other fields, including image generation [41] and text processing [22], by enabling adaptive and
flexible feature learning. However, their application in fake news detection, particularly in mul-
timodal contexts, remains underexplored. The stick-breaking smoothed-Dirichlet distribution, as
proposed in our study, introduces a probabilistic structure that can model diverse and complex
relationships across modalities, facilitating a more continuous latent representation. Similar prob-
abilistic models, including Dirichlet processes [42] and hierarchical Bayesian models, have shown
promise in handling multimodal data by adapting to the inherent complexities within and across
data types. This adaptive structure is particularly suitable for fake news detection, where the re-

lationships between text and image content can vary widely, requiring flexible representations that



can handle these variations [43]. These methods improve flexibility but suffer from issues such as

component collapse, which reduces generalization and robustness.

1.1.6 Cross-Domain Fake News Detection

Early fake news detection research primarily focused on single-domain settings. The studies in
[44] demonstrated strong in-domain performance but reported severe degradation when models were
deployed across different platforms. These studies highlighted the sensitivity of fake news detectors
to shifts in linguistic style, topic distribution, and user behavior. To address cross-domain gen-
eralization, several domain-aware architectures have been proposed. [45] explored domain-specific
feature extractors to mitigate distribution mismatch. Although effective when domain identities are
known, these methods struggle with unseen target domains and require explicit domain labels at
inference time.

Adversarial domain adaptation has emerged as a promising alternative. Building on [45], [46]
demonstrated that adversarial alignment can improve cross-platform transferability. However, these
methods apply uniform adversarial pressure across all samples, implicitly assuming homogeneous
domain shift across samples. In practice, domain shift is highly heterogeneous, motivating the need
for adaptive, instance-level alignment strategies. Recent efforts have also focused on benchmarking
and evaluation. The studies in [47] provided standardized cross-platform evaluation protocols and
demonstrated the limitations of existing approaches under severe domain discrepancy. Our work

builds upon these benchmarks by introducing uncertainty-guided adaptive alignment.

1.1.7 Uncertainty Estimation and Evidential Deep Learning

Uncertainty estimation has been widely studied as a mechanism for assessing model reliability
under distribution shift. [48] introduced a principled framework for modeling epistemic uncertainty
via Dirichlet distributions over class probabilities. This approach was extended in [49] and further
analyzed in [50], which demonstrated strong correlations between epistemic uncertainty and out-of-
distribution samples.

Subsequent studies, including [51], compared evidential learning against Monte Carlo dropout
and deep ensembles, highlighting its advantages in calibration, efficiency, and interpretability. These
works establish epistemic uncertainty as a reliable signal of distribution mismatch. While uncer-
tainty has been leveraged for tasks such as active learning and post-hoc domain shift detection [52],

its role in guiding the optimization of domain adaptation objectives remains underexplored. In



particular, existing fake news detection methods do not integrate uncertainty as an instance-level
control signal within adversarial training. Our work addresses this gap by embedding evidential

epistemic uncertainty directly into the domain adversarial learning process.

1.2 Contributions

1. We introduce a Generalized Dirichlet Variational Autoencoder (GD-VAE), integrating neural
variational inference with the generalized Dirichlet distribution to overcome the restrictive
covariance structure of standard Dirichlet priors. GD-VAE captures both positive and negative
topic correlations, effectively decouples sparsity and smoothness, and achieves improved topic

diversity, uniqueness, and perplexity across multiple benchmark corpora.

2. We extend GD-VAE to an unbounded stick-breaking-assisted generalized Dirichlet variational
autoencoder, alleviating the constraint of fixed latent dimensionality. This extension enables
adaptive inference of the effective number of topics while preserving probabilistic consistency

and stable training through rejection-sampling-based reparameterization.

3. We propose SmoothDetector, a smoothed Dirichlet-based multimodal fake news detection
framework that integrates BERT for textual encoding and VGG19 for visual representation
learning. By incorporating smoothed Dirichlet priors, SmoothDetector mitigates component
collapse, models uncertainty in continuous latent space, and achieves robust generalization

across heterogeneous multimodal social media data.

4. We introduce Smoothed Dirichlet-ModernBERT (SD-MoBERT), a unified architecture that
synergizes neural topic modeling with long-context transformer representations. Through a dy-
namic co-attention mechanism aligning thematic latent variables with contextual embeddings,
SD-MoBERT enhances interpretability, robustness, and classification performance across mul-

tiple large-scale text classification benchmarks.

5. We propose DeepBetal., a probabilistic deep multimodal learning framework based on the
Beta—Liouville prior. DeepBetal. captures asymmetric and bounded latent dependencies,
models rich covariance structures beyond generalized Dirichlet distributions, and improves

robustness and expressiveness in multimodal fake news detection under conflicting evidence.

6. We develop EviDA, an uncertainty-weighted domain adversarial learning framework for cross-

domain and cross-lingual fake news detection. By leveraging evidential deep learning to quan-



tify epistemic uncertainty, EviDA dynamically modulates instance-level domain alignment
strength, enabling adaptive adversarial training that significantly improves robustness under

heterogeneous domain shift.

7. We introduce PerLiFuse, a per-frequency Beta-Liouville fusion network that operates in the
spectral domain via Discrete Cosine Transform (DCT). PerLiFuse employs flexible Beta-
Liouville priors, Kumaraswamy reparameterization, and coherence-guided gating to learn dy-
namic, example-specific cross-modal fusion policies, effectively disentangling semantic align-

ment from high-frequency manipulation cues and mitigating fusion collapse.

The remainder of this dissertation is organized as follows. Chapter 2 presents the General-
ized Dirichlet Variational Autoencoder (GD-VAE), which establishes the foundational probabilistic
framework of this work by relaxing the restrictive covariance assumptions of traditional Dirichlet-
based models and explicitly capturing both positive and negative topic correlations in topic mod-
eling and image classification. Building on this foundation, Chapter 3 introduces SmoothDetector,
a smoothed Dirichlet-based multimodal approach for fake news detection on social media that ex-
tends probabilistic latent modeling to multimodal settings, enabling continuous uncertainty-aware
representations across textual and visual modalities. While SmoothDetector focuses on multimodal
representation learning under a shared data distribution, Chapter 4 advances this line of research by
proposing Smoothed-ModernBERT, a hybrid architecture that integrates probabilistic topic mod-
eling with long-context transformer representations through a dynamic co-attention mechanism,
thereby enhancing robustness and interpretability in document classification. Despite these ad-
vances in multimodal and document-level modeling, challenges remain in capturing asymmetric
and bounded dependencies between modalities; accordingly, Chapter 5 presents DeepBetal,, a mul-
timodal fake news detection framework based on Beta-Liouville priors that mitigates component
collapse while modeling richer cross-modal interactions. Beyond in-domain learning, real-world de-
ployment introduces distribution shifts across platforms and languages; Chapter 6 addresses this
challenge through EviDA, an uncertainty-weighted domain adversarial learning framework that
leverages evidential deep learning to achieve robust cross-domain and cross-lingual fake news de-
tection. Finally, shifting the focus from representation alignment to fusion mechanics, Chapter 7
introduces PerLiFuse, a Bayesian spectral fusion framework that operates in the frequency domain
using per-frequency Beta-Liouville gating to dynamically reconcile conflicting multimodal cues. To

conclude, Chapter 8 summarizes the principal contributions of this dissertation and discusses their



broader implications for probabilistic deep learning, multimodal representation learning, and trust-

worthy misinformation detection.
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Chapter 2

A Topic Modeling and Image
Classification Framework: The
Generalized Dirichlet Variational

Autoencoder

Latent Dirichlet allocation model (LDA) has been widely used in topic modeling. Recent works
have shown the effectiveness of integrating neural network mechanisms with this generative model
for learning text representation. However, one of the significant setbacks of LDA is that it is based
on a Dirichlet prior that has a restrictive covariance structure. All its variables are considered to
be negatively correlated, which makes the model restrictive. In a practical sense, topics can be
positively or negatively correlated. To address this problem, we proposed a generalized Dirichlet
variational autoencoder (GD-VAE) for topic modeling. The Generalized Dirichlet (GD) distribution
has a more general covariance structure than the Dirichlet distribution because it takes into account
both positively and negatively correlated topics in the corpus. Our proposed model leverages rejec-
tion sampling variational inference using a reparameterization trick for effective training. GD-VAE
compares favorably to recent works on topic models on several benchmark corpora. Experiments
show that accounting for topics’ positive and negative correlations results in better performance.
We further validate the superiority of our proposed framework on two image data sets. GD-VAE

demonstrates its significance as an integral part of a classification architecture.
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2.1 Introduction

The popularity of generative models within the field of Natural Language Processing can be
attributed to their ability to learn unstructured and unlabelled corpora effectively. Their intuition
with which they induce latent topics from corpora has been a resounding success among unsupervised
learning algorithms. However, computing their exact posterior involves summing or integrating over
all the latent variables, which can be up to millions or billions for complex models. Therefore, their
achievements are limited by the complexity of the models dealing with the intractability of its
inference due to the required high dimensional integrals [3].

Several works have been done to circumvent this limitation by approximating the model posterior
with a simple distribution. This is done by minimizing the Kullback-Leibler divergence between the
posterior and a simple distribution. Markov chain Monte Carlo (MCMC) [4] that uses collapsed
Gibbs sampling and variational mean field [3] methods are the traditional ways for approximating
the integrals. However, it is challenging and computationally expensive to apply them to new topic
models. Any little changes in the model assumption necessitate re-deriving the inference methods,
this makes it exhaustive for researchers to achieve fine-tuned models by exploring various modeling
assumptions [3]. Thus, developing inference approaches that can be easily applied to a new model,
even with some changes in the model without re-deriving the inference methods has drawn research
interest.

One significant way of addressing this limitation is by applying a neural topic model, which in-
tegrates the black-box mechanism with neural networks. A promising black-box inference approach
is proposed in [5]. These models can be readily applied to a new topic model with little information
about the generative process. Neural networks have been shown to learn nonlinear distributions
and are capable of approximating complex functions [6]. Autoencoding variational models proposed
in [7] can use a variational distribution parameterized by a neural network to train an inference
network and approximate the posterior of a classification model. The inference network can be
applied directly to test data without any further computational cost.

Despite some remarkable achievements of latent neural network models, they hardly identify
meaningful topics. Two major challenges were pointed out in [1]. Firstly, local optimum, which
is attributed to the problem of component collapsing [8]. Secondly, Dirichlet prior does not have
a shifting parameter because it’s not in the location families of distributions. Reparameterization

trick works quite well with differentiable distributions that have location-scale parameters or that
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can be expressed as deterministic transformations of such distributions [9]. This makes it difficult to
use Dirichlet distribution with a reparameterization gradient. To address this problem, [1| adopted
a regularization technique, batch normalization to avoid being stuck in a local minimum. They
also proposed autoencoder variational inference for topic models (AVITM), which uses Logistic-
Normal prior to mimic the simplex in latent topic space. For an efficient reparameterization trick,
they further proposed a topic model called ProdLDA where they replaced the word-level mixture
with a weighted product of experts. ProdLDA explored Laplace approximation for the Dirichlet
distribution to enhance the training of the Dirichlet variational autoencoder. [10] explored implicit
differentiation to compute reparameterization gradients. In [11], slice sampling was used to compute
reparameterization gradients, and [12] used Weibull distribution to approximate Gamma distribu-
tion with an analytic Kullback-Leibler divergence. Furthermore, [13] approximated the Gamma
distribution with the inverse Gamma CDF to infer the parameters of the Dirichlet variational au-
toencoder. [14] followed a different approach by applying rejection sampling variational inference
of Gamma distribution in [15]. Our work follows a similar approach but with Beta distribution’s
rejection sampling variational inference [15].

However, neither of these approaches tackles the fundamental limitation of LDA, which pertains
to the constrained covariance structure imposed by the Dirichlet prior, where all its variables exhibit
negative correlations. It makes more sense to capture both the positive and negative correlations
between topics, as this will mimic the reality of practical applications. In this work, we proposed
a new topic model, called Generalized Dirichlet Variational Autoencoder (GD-VAE). Generalized
Dirichlet distribution has a better covariance structure than Dirichlet distribution, this makes it to
be more useful and practically applicable [17]. GD is a special case of Dirichlet Trees [18], which has
been previously used in mixture models to add domain knowledge to the conditional probability of
words given a topic and to capture topic correlation in mixture model [19]. In contrast, our work
integrates GD with the neural network black-box mechanism. Our work outperformed baseline
models on different benchmark corpora. Furthermore, we demonstrate how GD-VAE can be used
in machine learning tasks relating to image datasets. Experiments also showed that GD-VAE can
play a significant role in data augmentation and image classification. The main contributions of

this chapter are summarized as follows:

1. We propose a generalized Dirichlet variational autoencoder model. GD-VAE combines the
effectiveness of neural network mechanisms in learning complex distributions and the advantage

of using generalized Dirichlet as an effective prior to capture sparse topic correlations in natural
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language documents.

2. We demonstrate that capturing both positive and negative correlation in our generalized

Dirichlet variational autoencoder results into better performance.

3. We introduce a weighted objective function that enhances stable training without the need to

approximate the divergence loss with some samples.

4. We perform extensive experiments and compare our model’s results with state-of-the-art vari-

ational autoencoder topic models. Our model outperformed baseline models.

5. We demonstrate the superiority of GD-VAE on two image data sets. In particular, we annotate
the reconstructed images and integrate a classifier to classify the reconstructed images. The
evaluation metrics show that GD-VAE can play a significant role in data augmentation and

classification.

2.1.1 Background

In this section, we first summarize the intuition behind generalized Dirichlet distributions. This is

followed by presenting the covariance property of GD and formulating the GD marginal distribution.

2.1.1.1 Intuition of Generalized Dirichlet Distribution

[53] first used Generalized Dirichlet to model data on bone composition in rats and scute growth
in turtles. This was motivated as a way to tackle the covariance restriction in Dirichlet distribution.
For example, if a random vector is assumed to have a Dirichlet distribution, any two random
variables from the vector will be negatively correlated. In reality, two random samples may be
positively correlated, which renders Dirichlet distribution not to be a good prior choice. Moreover,
all the samples in the vector must have the same variance and must sum up to one [19]. Therefore, if
the probability of a variable increases, other probabilities must either decrease or remain unchanged
to validate the constraint of summing up to one. Also, if a multinomial distribution uses the Dirichlet
distribution as a prior, it will have only one degree of freedom to embed confidence in the prior
knowledge. As a result, incorporating individual variance information for each random vector entry
is problematic. Due to its property of conjugate prior, Dirichlet distribution is widely explored in

mixture models [54] despite its limitations.
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Unlike the Dirichlet distribution, GD exhibits flexibility that allows sampling of each entry in
the random vector independently from Beta distribution [19] while it also holds conjugate prior

property. [53] derived the density function of the GD distribution as follows:

O"+ﬁl 9a21<1—29> (2.1)
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where Z@Z <1l,0<0;, <lfori=12,...,k, o >0, B; > 0, and N = B; — Qi1 — Bz'-i—l for
i=1
i=nl,2,...k—1, ny = Br — 1. The derivation of the generalized Dirichlet distribution followed
the concept of complete neutrality [53]. Also note that the GD is a Dirichlet tree distribution that

uses a cascaded hierarchy in its generative process of the distribution [18]. This aids dimensionality

reduction, which makes it a good property to facilitate reduction in the number of topic [19].

2.1.1.2 Covariance Properties of the Generalized Dirichlet

It’s worth noting that the GD reduces to a Dirichlet distribution when 8; = a1 + Bj41 [55].

Therefore, Equation (2.1) becomes:
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with A = F((aall)??j;; +8; k]:;l)) and a1 = Bg. [55] computed the Dirichlet covariance for two random

variables, 0; and 0; as:
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Therefore, any two random variables from the vector, 5, will be negatively correlated, which is far

from reality. [55] further showed the GD covariance for two random variables, 6; and 6; as:
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Thus, the covariance of random variables 6; and Hj is given as:

i—1
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A look at Equation (2.5) and Equation (2.3) indicates that GD has a more general covariance
structure than the Dirichlet distribution, which has a negatively constrained covariance. Note that

the Generalized Dirichlet distribution is also a conjugate to the multinomial distribution [56].
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2.1.1.3 Generalized Dirichlet

The graphical model of GD-based topic model is depicted in Figure 2.1. Each document of the
collection is represented as a mixture of topics. Given the Beta distribution parameters «, (3, of size
V', where V is the vocabulary size. v is defined as a vector of size K, the number of topic, and a

set of N words, D is the number of documents, we define the joint distribution as follows:

B
©-_]
o OORD)

Figure 2.1: Graphical representation of the generalized Dirichlet model

N
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n=1
where « is the per-document topic distributions, § is the per-topic word distribution, # and ¢ are
the topic distribution for document d and the word distribution for topic k respectively. z, is the
topic for the n-th word in document d, and W is the encoded vector denoting a specific word.
Integrating over # and summing over Z, we obtain the marginal distribution of a given document

as:

p(Wla, 8,7, 6) = / (HZ (wnl2n, ) (znw)pwm))p(era)de (2.7)

n=1z,=1

To obtain the probability of a corpus, we take the product of the marginal probabilities of single
document as:
p(Dle, 8,7, ¢) = H/ <H > p(wanlzan, ¢)p(zanlba)p (¢5)> (0ala) dbg (2.8)
n=1z4,=1
It’s worth noting that the number of statistical dependencies can be observed in Equation (2.8).
For example, the observed word, wg, depends on the topic assignment, and the topic assignment
depends on the per-document topic proportions, ;. However, Equation (2.8) does not have a

closed-form solution because the posterior over the latent variables § and Z are intractable. To
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solve this problem, we integrate a generalized Dirichlet distribution with a variational autoencoder
to directly map a document to its approximated posterior distribution. Details of our approach are

discussed in Section 2.3.2

2.2 Variational Autoencoder Inference (VAEI)

For the sake of clarity, the notations used in the remaining of this paper follow the notation
convention used in autoencoders. Please note that these notations do not correspond to the notions
used in analyzing the GD-LDA mixture model discussed in the previous sections. We define K as
the number of topics, k refers to a specific topic, and V' as the vocabulary size. In addition, D is the
number of documents, j denotes a document, and w depicts a specific word. The generative process
of VAEI is characterized by observations X, latent variable Z, and the joint probability distribution
po(X,Z) = pe(Z)pe(X|Z), where 0 represents the model parameters. The main focus of interest is

the posterior distribution of the latent variables given the observations as stated below:

mlzIX) - LA (29)

Computing the normalization term is intractable due to the integral’s high dimensionality. That
is, the number of integrals required corresponds to the number of latent variables in the distri-
bution. Therefore, instead of computing, approximating the posterior distribution with a simpler
distribution is an appropriate approach. A popular approach is to train the model with mean-field
variational inference; however, this approach places some restrictions on the model and its flexibility.
[1] handles this problem by using the VAE inference method to replace the mixture model in LDA.
They found out that neural networks can effectively learn to approximate probabilistic inference.
In variational inference, the interest is to maximize the evidence of the lower bound (ELBO), L,

which is always positive:

L(0, ¢; Xi) = Egz1x,) [~ log (Z| Xi)] + Ey(z1x,) log p(Xi, Z)] (2.10)

where 6 and ¢ are the distributions parameters of p and g respectively. The marginal log-likelihood

of the model is defined as:

N

N
logp(X) =Y logp(X;) = > (Drrla(Zi|X)|Ip(Z:| Xi)] + £(6, ¢; Xi)) (2.11)
=1 =1

where N is the total number of words in the corpus. Over the space of ¢4, Equation (2.10) satisfies
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the equation below:

log p(X) > Dk 1[q(Zi| Xi)|Ip(Zi)] — Eq(z,x,) [log p(Xi| Zi)] (2.12)

where the first term in Equation (2.12) denotes the divergence between g4(Z|X) and the prior pg(Z).
It is otherwise termed a regularization factor because it prevents g4(Z|X) from simply performing
an identity mapping. It thus forces it to learn more latent variable, which keeps the variational
distribution close to the prior. Whereas, the second term is the log-likelihood of the observed X,
given the latent variable Z. It tries to reconstruct X, and for this reason, it is called the negative
reconstruction error. Another interesting interpretation that can be pointed out in this equation
is that taking sample Z ~ ¢4(Z|X) can be interpreted as the latent describing X and could be
called the encoder. While sampling X ~ pg(X|Z) describes reconstructing the latent pattern, it’s
termed the decoder network. Considering the latent space Z from which X is sampled, the ELBO

is calculated by averaging over the contributions from all the L samples:

L

- 1
L(0,¢3X:) = > (logp(Xi, Z;1) —log q(Zi] X,)) (2.13)
=1

2.2.1 Reparameterizing the Acceptance-Rejection Sampler

GD, which is a special case of Dirichlet trees does not have a shifting parameter because its
prior is not a location-scale family, and this impedes reparameterization. We, therefore, explore the
reparameterization trick through rejection sampling as described in [15]. We rewrite the simulation
from the GD by deterministically mapping its parameters to a set of simpler random variables.
This makes it possible for the GD to be efficiently approximated by a proposal function. Gamma
distribution is one of the most popular rejection samplers, and it has proven in practice to be capable
of generating Dirichlet distribution, Beta, and Student’s t-distributed random variables [15].

Given that Z, ~ Gamma(a,1), and Zz ~ Gamma(3, 1), the generalized Dirichlet (GD) latent

variables can be sampled as: Z1.x = - Zo__ GD(a1.x, B1:x). We now define the rejection samplers

ZQ+ZB
of the Gamma distributions as follows:
1 €1

Zo = hGammal(€1, = — )1+ —
Gamma(c1,0) = (0= )1+ s

ZB = hGamma(EZWB) = (6 - %)(1 + \/%) (215)

where €; and €3 ~ N(0,1). To generate samples from the actual distribution ¢(Z;#), through

) (2.14)

rejection sampling, we continuously sample the proposal distribution, r(Z; ), while samples < L :
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q(Z;0) < Mgr(Z;0). My < oo is a constant to regulate the rejection sampler. For a high acceptance
rate, we followed the approach in [15] to choose our My, and it was used in all our experiments. The
samples that failed to satisfy the condition are rejected; this implies that the proposal distribution
is not exactly the Gamma distribution. Thus, the distribution of samples that satisfy the condition
is defined as € ~ s(e). We define the distribution of the accepted samples € as 7(e;6), which is

obtained by marginalizing over the auxiliary uniform variable u as follows:

(e 0) = / (e, u; 0)du

= /M93(6)1[O <u<

o ath(e.0):0)
M(ﬂ“(h(@ 9); 9)

q(h(e, 0); 0)

—Mgr(h(e,e);e) du (2.16)

where 1[X € A] represents the indication function. Thus, Equation (2.10) can be re-written as

follows:

L(0) = Er(c0)[log p(Xs, h(e, 0))] + Bz x,) [ log q(Z]| Xy)] (2.17)

We follow the gradient computation in [15], and stated the gradient as follows:
V@ﬁ(@) = Grep T Jeor + Vg Eq(Z|X~;) [_ log q(Z’XZ)] (2'18)

where g¢p is the reparameterization term, which accounts for the gradients of the model’s latent
variables, and g, is the correction term that accounts for not using the exact proposed distribution.

They are given as follows:

h(e, 6
Grep = Vz logp(Xi, Z)V@h(e, 0)7 Gecor = lng(XZ‘, Z)v9 log ;,]( ( ))

(h(e, )

2.2.2 Shape Augmentation

[15] explored shape augmentation and showed that the rejection sampler improves with increasing
shape parameter, o, which results from increasing the shape of the Gamma distribution. Thus,
higher values of a lead to a higher acceptance rate for the Gamma distribution. In their work,
they showed that the trick could achieve a lower variance gradient. To compute the ELBO for

Gamma(a, 1) and Gamma(S,1) distributions, we follow the approach in [15] and expressed the
B 1

random variable, Zpgram = _pammHuf”“m“ﬂ, param € (a, ), and B is a positive integer,

_ i=1

Zparam ~ Gamma(param + B, 1), u; ~ U0, 1], and it’s i.i.d.
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2.3 Generalized Dirichlet Variational Autoencoder Method

This section presents the approach to our proposed model. Firstly, we summarize the problems
of generalization and overfitting. Secondly, we discuss the architecture of our model. We then
summarize the KL divergence of the generalized Dirichlet distribution and finally describe the

neural network architecture we used.

2.3.1 Opverfitting and Generalization in Topic Modeling

First, it is worth mentioning the sparsity and smoothness problems identified in [57]|. According to
them, smoothing the model increases the model’s coherence because it generalizes better. Therefore,
[1] explored batch normalization and dropout to slow down the minimization of their ELBO at the
beginning of the training. They identified that it significantly improved the model coherence, which
leads to better generalization. However, this has a trade-off in terms of the model’s sparseness. On
the contrary, fast minimization improves the model’s sparseness, which leads to lower perplexity
with a trade-off in smoothness. With fast minimization, the estimated Dirichlet parameter will
be equal to its prior, leading to overfitting. This simply means that the model cannot learn any
meaningful topics because its latent variables are only sampled from noise. [14] introduced a sparse
parameter, b in addition to normalization and dropout. According to them, the latent variables Z
were sampled from Dir(a -b). In their implementation, b, is a vector of zeros and ones, calculated
from a linear transformation of the encoder output, which also generates the Dirichlet parameter.
Our proposed GD-VAE automatically decoupled the sparsity and smoothness with its distribution

parameters, o and § parameters.

2.3.2 GD-VAE

Figure 2.2 depicts the architecture of our model and the recently published models, which are
closer to our work. In general, the encoder network transforms the input to yield the models’
parameters at the encoder’s output layer. The algorithm then uses the estimated parameters to
sample the latent variables, Z. At the decoder, the model uses the Z to regenerate the original input.
The encoder output of the Dirichlet VAE is «, while the parameters generated by the encoder of the
Gaussian VAE are i and o; sparse Dirichlet VAE parameters are o and vector b, while the encoder
of our generalized Dirichlet VAE generates distribution parameters 5 and a. The corresponding

algorithms use these parameters to sample the latent variables, which are in turn used to reconstruct
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Figure 2.2: Schematic diagram of variational model

the input at the decoder output layer. Please note that the encoder and decoder networks are the
same for all the models. Given an input variable, X, the latent variable, Z is conditioned on the
input X, and the reconstructed output of the decoder is in turn conditioned on the latent variables,
Z. We can therefore formulate the model equation as the joint distribution between X, Z, and
0, where 6 depicts the model parameters. Thus, p(X,Z,0) = p(X|Z,0) - p(Z|0) - p(d). Unlike
the other models in Figure 2.2, the latent variables, Z of GD-VAE are sampled from GD(«, 3),
where « and 3 are the outputs of the encoder network. We further consider the distribution of the
accepted samples because our algorithm uses rejection sampling variational inference, for efficient
backpropagation. The second term of Equation (2.10) is re-written with respect to the accepted
samples 7 as LLg = E(r,4)[log p(Xi|hr(€, ¢))].

Since the likelihood reconstruction error, LLg does not depend on € any longer, all § dependents
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Algorithm 1 Generalized Dirichlet Variational Autoencoder’s Generative Process
1: Data:

2: D: Dataset

3: qe(Z]|X): Inference model

4 Py(X|Z): Generative model

5: Result:

6: 0, ¢: Learnable model’s parameters
7: (0, ¢) < Initialize parameters

8: while Optimizer not converged do

©

M ~ D (Random batch of dataset)
10: [a, B] + EncoderNN (X; ¢)

11: €param ~ Acceptance-rejection sampler > param € («, )
120 Zo 4+ (a—3)(1+ =)
1 €
13: Z[g(—(ﬁ—g)(lﬁ-iﬁ)
1 Zig + 525 ~ GD(ank, Bik)

15: X'« DecoderNN (Z;0)
16: Compute £(0, ¢; X;)
17: Update (0, ¢)

18: end while

can be eliminated from Equation (2.16), marginalizing over u, Equation (2.16) becomes:

q(hr(ﬁ, ¢))
r(hr(e, ¢))

The gradient, VoL(0, ¢; Xi) = VyEyzx,)llogp(X;|Z)] of the ELBO for the generative encoder

(e @) = /W(e,u; ¢)du = s(e) (2.19)

network does not depend on 6 because it is parameterized by ¢. Therefore, backward propagation
can be computed without re-parameterization. On the contrary, the gradient of the variational

decoder network is parameterized by 6 as shown below:

VoL(0, ¢; X;) = Vo(—Drr[a(Z|X3)|[p(2)]) + Vg Er(co)llog p(Xi|hr (e, ¢))] (2.20)

This contains two terms: the gradient of the KL-divergence and the gradient of the recon-
struction error term for the generative decoder network. It’s a general practice to use conditional

distribution in variational autoencoder instead of joint distribution because the latent variables, Z
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are conditioned on the input values X at the encoder network, and the reconstruction values, X’
conditioned on the latent variables. Since this work is more of VAE, we now use the conditional
distribution instead of the joint distribution common in topic modeling as in Equation (2.10) and
Equation (2.13).

Following the derivation in [15], we then express the gradient of the ELBO as:

VG‘C(ea ®; X’L) = v¢(_DKL [Q(Z|Xl)||p(Z)]) + gv?ep + gg)or

9bep = Vz1og p(Xi| Z2)V sh(e, §) (2.21)

q(h(e, 9))
r(h(e, 9))

Please refer to [15] for details on the derivation of Equation (2.21).

=logp(X;|Z)V log

g cor

2.3.3 Generalized Dirichlet KL-Divergence

Equation (2.21) requires computation of KL-divergence. Here, we present the KL-divergence of
two generalized Dirichlet distributions as expressed in [58]. The analytical KL-divergence between

two generalized Dirichlet distributions, GD1 (a1, f1) and GDy(ag, B2) is expressed as:

s Omﬁ—ﬂm) (a2,1)T(Ba,k us
Dk (GD:||GD2) = Z < ot T (Br )T (a2k+,32k> ZO&M gk (‘I’(al,k)—‘l’(ﬂl,k)

k= =1
k K k
= > (U(ar,; + Biy) — ‘If(ﬁl,j))> ) k= m2a) D _(Wlan + Brj) — T(Bry))
j=1 k=1 j=1

(2.22)
where n; = B — 1, and V¥ is the digamma function. For details of the derivation of Dy, we refer
readers to [58|.

[14] reported that their analytical KL-divergence wasn’t stable during training. They resorted to
using sampling approximation for the training, and analytical KL-divergence in the testing phase.
In our experiments, we also observed that the KL-divergence is not stable. However, we submit that
using a sampling approximation in the training will make our results biased since other baseline
models never considered this approach, except [14]. We further observe that weighting the ELBO
components with p will simply make the training stable, and we rewrite our ELBO as the weighted

sum of the likelihood loss and the Dk,

L(0,¢; Xi) = p x Egzx,)[log p(Xi, Z)| = Ey(z1x,)[log ¢(Z]| Xi) x (1 — p)] (2.23)
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Encoder Decoder

Z ~ G-Dirichlet(a , 8)

Figure 2.3: Adopted Architecture from [1]. This architecture is also used in our baseline models:
sparse DVAE, DVAE, prodLDA, implicit reparameterization approach, Weibull VAE method and
the inverse CDF gradient method.

where p is the weighting factor defined as: 0 < p < 1. Note that this means that the KL-divergence
is not sampled. Therefore, the gradient of the D, without further adding another second correction

term can be defined as:

p(hr (6, (,25))
2 (e, )| X) (2.24)

Please note that we do not add a second correction term because we use our analytical Dgy, in

Vo Drr[(g(hr(e, @) X)[|p(hr(eg)] = Vg log

both the training and testing stages.

2.3.4 Neural Network Architecture

In this section, we summarize the architecture of the encoder and decoder networks. For a fair
comparison, we adopt a similar architecture used in [1| and [14]. However, the encoder layer of our
architecture generates the two parameters of our generalized Dirichlet algorithm, from which the

latent variables are sampled.

e Encoder: The encoder network first applies the ReLLU activation function to the linearly trans-
formed input to add some non-linearity properties to the input. This is followed by applying
dropout to the output of the ReLLU to avoid overfitting. The resulting output of the dropout
layer is linearly transformed, and batch normalization is applied, which makes the training

faster and more stable. It also re-centers and re-scales the input to avoid internal covariate
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shifts. Finally, the encoder generates the GD parameters o and 8. We use softplus on the
generated parameters’ values to avoid negative values as per the requirement of GD, and we
further map the zero values to a pre-defined minimum parameter. Thus, the latent variables

are sampled from the generalized Dirichlet distribution, given « and f.

a = softplus(encoder output), B = softplus(Elu(encoder output))

e Decoder: The decoder network learns to reconstruct the original input values. In the first
layer of the decoder, the sampled latent variables are linearly transformed, followed by batch
normalization to adjust the covariant shift. Finally, the original input is estimated by applying
the log-softmax activation function to the batch normalization’s output. Similar to the practice
in [1] and [14], we completely relax the restriction posed by the mixture model on the topic-
word distributions, which forces the distributions to be a probability simplex. In other words,
our decoder weights are not forced to be a probability simplex. This makes our model flexible
and more generalized, with lower perplexity. The decoder weights are used at the inference
stage to rank the word distribution, therefore inferring the topics of the document. The words

that represent a particular topic usually have the largest weight in each latent topic.

2.4 Experimental Results

We evaluate GD-VAE on held-out test sets against baseline models (DVAE, Sparse DVAE, Im-
plicit, Inverse CDF, Weibull autoencoder with stochastic-gradient MCMC, ProdLDA with Laplace
approximation, Gaussian NVDM, and online LDA SCVB) using perplexity, coherence (PMI) [59],
diversity, and topic uniqueness (TU) [60]. For fairness’ sake, we fixed our model « to the values
used in the previous literature, which are 0.02 and 0.1, and reported the results in Table 2.3 and
??, respectively. However, we carefully choose our 8 to avoid negative Dg, values. In [19], ag
and f_1 were initialized with 2/K, but using this § value mostly resorted to negative Dx in our
experiments. We perform several experiments and observe different values of ¢, for § = ¢/K. We
discovered that when ¢ = 5, the simulation always generates a positive D, with a different number
of topics, K.

We use the 20news data set to perform preliminary experiments to choose the value of 8. In
Table 2.1, firstly, we fixed the value of K = 50, o = 0.02, and analyzed the values of Dy for the
different random values of ¢ = {1,5,2,20,2.5,25,4,40}. D is positive forc =5 = 3 = 0.1, and
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Table 2.1: Analyzing the values of Dy, for the different values of ¢ : f = ¢/K. « is fixed to 0.02, K
takes 50 and 100 values as shown in the two parts of the table respectively. Dg values are always

positive for ¢ = 5.

K =50,a=0.02, f=¢c/K

B Perplexity | Analytical Dy | Topic Coherence
0.02 | 321 -58.01 0.107
0.1 406 71.28 0.113
0.04 | 271 -25.15 0.106
0.4 265 -33.07 0.114
0.05 | 307 8.32 0.104
0.5 240 -63.95 0.114
0.08 | 280 -13.05 0.113
0.8 241 -57.32 0.113

K =100, a =0.02, 8 =c/K

15} Perplexity | Analytical Dk | Topic Coherence
0.01 | 491 248.34 0.111
0.1 330 25.42 0.107
0.04 | 390 101.10 0.107
0.4 234 -81.91 0.112
0.05 | 293 11.81 0.113
0.5 215 223.22 0.110
0.08 | 296 2.44 0.110
0.8 241 -73.44 0.112

c =25 = [ = 0.05. Secondly, we further investigate that Dy is positive for ¢ = 5, while the
value of K is changed to 100, o remains 0.02 as shown in the second part of Table 2.1. Moreover, we
propose f = ¢/K, where ¢ = 5, and further investigate the values of D, for different values of K.
As shown in Table 2.2, Dk, values are all positive for different values of K = {50, 100, 150, 200, 250,
and 300}, while other parameters remain unchanged.

We further evaluate and compare the performance of our proposed model with the baseline
models on perplexity (it captures the level of astonishment a model experiences when encountering

unfamiliar data it hasn’t been exposed to previously), coherence, which measures the point-wise
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Table 2.2: Analyzing the values of D, for the different values of K, where ¢: f=c¢/K :c=5. «

is fixed to 0.02. Dy values are always positive for ¢ = 5.

c=50=c/K, a=0.02
K |p Perplexity | Analytical Dy | Topic Coherence
50 | 0.100 | 406 71.28 0.113
100 | 0.050 | 293 11.81 0.113
150 | 0.033 | 411 10.10 0.109
200 | 0.025 | 509 379.83 0.103
250 | 0.020 | 733 188.39 0.103
300 | 0.016 | 750 855.13 0.112

mutual information (PMI) [59], diversity (it attempts to account for word overlap in topics) and
topic uniqueness (TU), which is inversely proportional to the number of times each word is repeated
in the set [60]|. For a fair comparison, we investigate the performances of the model when a = 0.02
and 0.1 priors. We first experiment with prior values of & = 0.02, § = ¢/k : ¢ = 5 and for
values of K = 50 and 200 number of topics. The first and second parts in Table 2.3 depict the
perplexity for K = 50 and K = 200 topics respectively. GD-VAE achieved the lowest perplexity in
all the experiments over all three data sets. This is followed by NVDM, which has better perplexity
compared to other models. Moreover, Weibull and DVAE have the worst perplexity. GD-VAE
automatically decoupled the sparsity and smoothness with its two distribution parameters, a and
5. It also captures both positive and negative correlations between the topics, thereby achieving
very low perplexity. Please note that the perplexity slightly increased when the number of topics
increased from 50 to 200 topics. However, DVAE has better topic coherence compared to all other
models for both o = 0.02 and 0.1 priors. Except for the case of the KOS data set, when K = 50,
prodLDA scores the highest coherence value. Although GD-VAE has the lowest coherence, it is still
competitive with NVDM.

Table 2.4 presents the diversity and uniqueness, with o« = 0.02, for K = 50 and 200. The first
section depicts the diversity when K = 50 and 200. GD-VAE has the highest diversity in almost
all three data sets, except for NIPS when K = 50, GD-LDA has the highest diversity. Note that
the sparse DVAE exhibits the lowest performance on all the data sets. In the same manner, the
GD-LDA upsets the uniqueness of GD-VAE on the NIPS data set when K = 50, while GD-VAE

outperformed on the other data sets, as shown in the second section of Table 2.4. The sparse-
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Table 2.3: Perplexity and topic coherence performance comparisons of GD-VAE with other baseline

models, using three different data sets, GD priors: a = 0.02, 5 =¢/K : ¢ =5, K = 50,200 topics.

Perplexity for K = 50 Topics
Data set | GD-VAE | GD-LDA | DVAE Sparse DVAE | Implicit | Inverse CDF | Weibull ProdLDA | NVDM | SCVB | SawETM

KOS 424 954 7872 2408 2894 2598 7795 2811 2097 2365 2984
NIPS 508 1406 2779 2197 2327 2141 3.55E+52 | 2303 1933 3973 2107
20news | 406 1102 5009 1066 1842 1533 5209 1128 907 2034 1403

Perplexity for K = 200 Topics

KOS 603 1172 2.59E+5 | 2397 3238 3233 3.11E+4 3161 2216 2222 3229
NIPS 621 1639 3110 2152 2250 2135 8.50E+167 | 2532 1957 5787 2305
20news | 509 861 4.93E+5 | 1075 3021 3033 1.82E+48 1271 875 951 1300

Topic Coherence for K = 50 Topics

KOS 0.032 0.021 0.194 0.050 0.131 0.130 0.067 0.218 0.070 0.145 | 0.193
NIPS 0.033 0.026 0.313 0.295 0.276 0.224 0.167 0.293 0.070 0.116 | 0.214
20news | 0.113 0.111 0.324 0.248 0.322 0.304 0.271 0.223 0.140 0.244 | 0.201

Topic Coherence for K = 200 Topics

KOS 0.033 0.021 0.212 0.072 0.118 0.076 0.086 0.071 0.060 0.107 | 0.041
NIPS 0.022 0.022 0.280 0.234 0.227 0.208 0.176 0.277 0.060 0.105 | 0.192
20news | 0.103 0.100 0.307 0.174 0.298 0.281 0.258 0.150 0.140 0.204 | 0.204

DVAE has the lowest diversity and uniqueness on both values of K. For o = 0.1, the diversity
and uniqueness are shown in Table 2.4. Again, GD-VAE outperformed all the baseline models for
different values of K except for one occasion where GD-LDA slightly outperformed GD-VAE in

uniqueness when K = 50.

2.4.0.1 Discriminative Qualities and Classification Task

Furthermore, the performance evaluations of our method on generated handwritten digits and
the generated MNIST fashion in terms of accuracy, precision, recall, and fl-score are shown in
Table 2.5 and Table 2.6 respectively. For the MNIST handwritten digits, GD-VAE achieved 0.88
and 0.80 accuracy and weighted accuracy respectively. It outperformed GD-LDA, which achieved
accuracy and weighted accuracy of 0.82 and 0.77 respectively. DVAE, with accuracy and weighted
accuracy of 0.81 and 0.73 respectively achieved better performance than ProdLDA and SawETM,
while sparse DVAE has the worst performance. Also, the weighted-(precision, recall, and fl-score)
of GD-VAE are 0.81, 0.80, and 0.80 respectively, which outperformed other models. GD-LDA,
DVAE, and ProdLDA have very competitive performances, followed by the SawETM. Note that
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Table 2.4: Diversity and topic uniqueness performance comparisons of GD-VAE with other baseline

models, using three different data sets, GD priors: a = 0.02, 5 =¢/K : ¢ =5, K = 50,200 topics.

Diversity for K = 50 Topics

Data set | GD-VAE | GD-LDA | DVAE | Sparse DVAE | Implicit | Inverse CDF | Weibull | ProdLDA | NVDM | SCVB | SawETM
KOS 0.90 0.73 0.63 0.12 0.62 0.49 0.34 0.61 0.60 0.62 0.60
NIPS 0.85 0.88 0.57 0.15 0.50 0.34 0.15 0.73 0.64 0.59 0.52
20news | 0.88 0.60 0.52 0.11 0.48 0.45 0.29 0.53 0.47 0.43 0.49
Diversity for K = 200 Topics
KOS 0.72 0.51 0.48 0.18 0.40 0.33 0.34 0.42 0.40 0.39 0.41
NIPS 0.75 0.69 0.36 0.11 0.31 0.21 0.12 0.32 0.56 0.32 0.30
20news | 0.73 0.54 0.30 0.11 0.21 0.20 0.28 0.26 0.41 0.38 0.27
Topic Uniqueness for K = 50 Topics
KOS 0.95 0.82 0.60 0.12 0.56 0.42 0.38 0.55 0.45 0.45 0.53
NIPS 0.86 0.87 0.48 0.10 0.43 0.34 0.13 047 0.37 0.29 047
20news | 0.88 0.71 0.62 0.10 0.40 0.31 0.28 0.58 0.36 0.30 0.49
Topic Uniqueness for K = 200 Topics
KOS 0.88 0.59 0.54 0.17 0.48 0.37 0.34 0.50 0.50 0.47 0.48
NIPS 0.90 0.57 0.44 0.13 0.35 0.29 0.26 0.39 0.41 0.39 0.40
20news | 0.72 0.34 0.22 0.11 0.29 0.21 0.22 0.40 0.44 0.44 0.32

Table 2.5: Performance evaluation of models in terms of accuracy, precision, recall, and fl-score

on 10,000 MINIST-handwritten generated test set. “W” means weighted, and Acc depicts the

accuracy. Epoch and the learning rate are set to 20 and 0.001 respectively.

Models W-Precision | W-Recall | W-F1 score | Acc | W-Acc Inference time
)
GD-VAE 0.81 0.80 0.80 0.88 | 0.80 138.67
GD-LDA 0.77 0.68 0.72 0.82 | 0.77 132.81
DVAE 0.75 0.73 0.73 0.81 | 0.73 118.50
Sparse DVAE 0.10 0.10 0.20 0.13 | 0.10 113.89
ProdLDA 0.76 0.72 0.72 0.73 | 0.72 105.32
SawETM 0.66 0.70 0.55 0.62 | 0.64 111.03

the sparse DVAE had the least performance. In Table 2.6, GD-VAE further showed its superiority

by achieving 0.81 and 0.79 of accuracy and weighted accuracy respectively. GD-LDA and DVAE

performed very closely, followed by ProdLDA and SawETM, which also performed competitively.
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Table 2.6: Performance evaluation of models in terms of accuracy, precision, recall, and fl-score on
MNIST-fashion 10,000 generated test set. “W” means weighted, and Acc depicts the accuracy.

Epoch and the learning rate are set to 20 and 0.001 respectively.

Models W-Precision | W-Recall | W-F1 score | Acc | W-Acc Inference time
(1S5)
GD-VAE 0.75 0.77 0.74 0.81 | 0.79 149.77
GD-LDA 0.69 0.72 0.71 0.76 0.70 129.81
DVAE 0.72 0.70 0.70 0.75 0.70 120.52
Sparse DVAE 0.06 0.10 0.02 0.06 0.10 117.78
ProdLDA 0.68 0.65 0.64 0.73 0.65 107.86
SawETM 0.65 0.69 0.65 0.68 0.69 115.21

Table 2.7: Test error of a kNN classifier trained on the latent representations produced by each

model.

k=2 |k=3]| k= k= k=6 | k= k= k=
GD-VAE 10.21 | 9.35 | 8.94 | 8.77 | 875 | 8.76 | 8.83 | 8.84
GD-LDA 27.04 | 24.09 | 22,99 | 22.59 | 32.14 | 31.80 | 27.19 | 28.06
DVAE 35.44 | 33.12 | 35.16 | 33.13 | 34.11 | 29.80 | 34.90 | 31.33
Sparse DVAE | 85.443 | 84.34 | 84.01 | 84.01 | 83.83 | 84.01 | 83.34 | 83.40
ProdLDA 50.25 | 48.61 | 47.66 | 46.66 | 46.04 | 36.04 | 45.73 | 45.09
SawETM 44.67 | 45.12 | 45.02 | 47.76 | 47.08 | 45.88 | 50.34 | 48.77
RawPixels 3.8 3.33 | 345 3.39 | 3.50 | 3.45 3.55 3.53

Again, sparse DVAE achieved poor scores.

In terms of cost, GD-VAE recorded the highest inference time on the two variants of MNIST data
sets. For the MNIST handwritten, GD-VAE recorded 138.67uS, 5.86uS more than the GD-LDA
inference time. In a similar vein, GD-VAE recorded an inference time of 149.77uS on the MNIST
fashion data set, which is more than other models’ inference times. This is understandable as it takes
additional time for the rejection sampler to completely sample the required number of samples that
fall within the target distribution while rejecting the samples outside the target distribution. Note
that ProdLDA recorded the least inference times on both data sets. This can also be attributed to
the fact that ProdLDA uses a simple Laplace approximation, which requires less computation time.

The assessment of the models’ discriminative properties involves utilizing a k-Nearest Neighbors
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(kNN) classifier on sampled MNIST-handwritten latent variables. The test errors of the models are
presented in Table 2.7. The GD-VAE consistently demonstrates superior performance compared to
the baseline models across all the k values. This indicates that the GD-VAE’s latent space captures

the class structure more effectively. We also report the results for clustering the raw MNIST pixels.

2.5 Conclusion

In our research, we introduce a novel approach called the generalized Dirichlet Variational Au-
toencoder (GD-VAE). Our main hypothesis is that capturing both positive and negative correlations
between topics is crucial for achieving low perplexity. To address this, we propose the GD distri-
bution, which has a more flexible covariance structure than the traditional Dirichlet distribution.
This enhanced covariance structure allows the GD distribution to effectively capture both positive
and negative correlations, unlike its Dirichlet counterpart. By combining the advantages of the GD
distribution’s covariance structure with the capabilities of neural networks, our proposed GD-VAE
significantly reduces perplexity in topic modeling when compared to baseline models. To validate
our hypothesis, we conducted experiments on three well-known datasets commonly used in topic
modeling. The experimental results strongly support our hypothesis, as our proposed model con-
sistently achieves substantially lower perplexity across all test cases. These findings indicate that
the GD distribution has the potential to enhance learning in neural networks, particularly in sce-
narios where input features exhibit correlation. Additionally, we demonstrate that weighting the
objective losses can stabilize the training process and lead to convergence. We validate this by
assigning weights to the Dy, loss and the log-likelihood loss while efficiently utilizing the analytical
Kullback-Leibler divergence in both the training and inference stages. Furthermore, we explore the
applicability of our model, as well as the baseline models, in the field of image classification. Our
GD-VAE outperforms other models when evaluated on MNIST-handwritten and MNIST-fashion
data sets. With proper post-processing techniques, we believe this approach has the potential to
streamline classification processes for various computer vision tasks, including object detection,
classification, and image/scene segmentation. Indeed, a notable limitation of the framework, as well
as the baseline models, is the fixed latent dimensionality. This rigidity in the model’s architecture
may restrict its adaptability to varying data requirements. To address this issue, our next step is to
develop a framework that incorporates an adaptive latent factor. This adaptive latent factor would

enable automatic model selection by leveraging an infinite-capacity hidden layer. By introducing
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this flexibility, we aim to enhance the model’s ability to adapt to different data characteristics and
improve its overall performance. In addition, we are looking forward to integrating our framework

with transformer architecture and comparing the results with works that use similar architecture.
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Chapter 3

SmoothDetector: A Smoothed Dirichlet
Multimodal Approach for Combating

Fake News on Social Media

The rapid dissemination of fake news in the digital era has become a pressing concern. The
ease of generating and manipulating fake content, including images, text, audio, and videos, has
significantly fueled the spread of misinformation on social media platforms. These platforms often
lack rigorous editorial scrutiny, exacerbating this problem. Although recent studies have explored
multimodal fake news detection to learn shared representations of textual and visual information,
they often learn discrete latent representations, merely concatenations of multimodal features. Sim-
ple concatenation or summation operations hinder the dynamic interaction of multimodal features.
Furthermore, most models rely on additional subtasks, such as reconstruction and event discrimina-
tion. The performance of these models depends heavily on subtasks, which can be mathematically
complex and time-consuming. This reliance limits the ability of researchers to explore different
modeling assumptions freely. This study introduces a novel approach that integrates a probabilistic
algorithm with a deep neural network to effectively capture the uncertainties and diversities in the
shared latent representation of multimodal data. Specifically, our model utilizes continuous latent
representations by leveraging a smoothed Dirichlet distribution, facilitating the identification of
shared hidden patterns across textual and visual modalities. In addition, our model demonstrates
the powerful properties of generative models when integrated with neural network models. Our

results underscore the potential of integrating a probabilistic algorithm with a deep neural network
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to address the challenges of fake news detection in a multimodal setting.

3.1 Introduction

“Misinformation is more dangerous than an epidemic: it spreads globally at lightning speed
and can be lethal when it reinforces personal biases against all credible evidence,” stated Marcia
McNutt, President of the National Academy of Sciences !. The explosive proliferation of fake
news has posed serious challenges across society, impacting areas such as politics [61], the economy
[62], and public health [63]. Owing to widespread Internet availability and advancements in web
technology, individuals can instantly post news on online platforms such as Facebook, Twitter, and
Instagram [64]. Early efforts to detect fake news focused on unimodal features, utilizing either text
or visual content [65]. However, these approaches struggle to identify multimodal cues and lack the
comprehensive information needed to fully understand the news context. This results in decreased
robustness and increased misclassification rates.

The authors in [66] explored a weighted LSTM to enrich single-mode features to capture im-
portant aspects of news articles. The LSTM output was then input into a classifier composed of
stacked fully connected (FC) layers. They enhance the performance through hyperparameter tun-
ing. Although their model tackles issues such as vanishing gradient problems, it faces limitations,
particularly in effectively managing multimodal datasets. To overcome these challenges, the authors
in |67, 68] combined features extracted from unimodal sources to create multimodal fusion repre-
sentations. Although this approach outperformed using a single unimodal feature for fake news
detection, its accuracy remains insufficient for practical use because of the complex nature of fake
news.

Adding to these complexities, as the media landscape evolves, news content diversifies, and fake
news evolves from simple text to a multimodal format that incorporates text, image, audio, and
video. Unlike traditional text-based news, multimodal news presents richer and more intuitive
information, enhancing its ability to grab public attention and propagate quickly within a short
time—frame [69]. Thus, it is inadequate to detect fake news effectively depending on the features of
the single-mode data. Consequently, current research methodologies are shifting from single-modal
to multimodal fake news detection [70], which considers feature extraction from text and images to

facilitate better detection accuracy. The authors of [69] explored deep learning for multimodal fake

"https://www.nationalacademies.org/news,/2021,/07
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news detection. They proposed an architecture that simultaneously trains three modules: a varia-
tional autoencoder (VAE), a domain adversarial module, and a false detection module. To derive a
resilient representation combining semantic, linguistic, and topical aspects, [71] proposed a triple-
VAE incorporating three modalities. Specifically, they merged three textual features of identical
sizes to train their encoder networks. Concurrently, the decoder network in their proposed method is
trained to reconstruct these three textual features. The multi-step retrieval enhancement model pro-
posed in [72] includes three models: a text-summarization module, a retrieval module, and a news
classifier module. The effectiveness of these models is largely dependent on subtasks, such as re-
construction or event discrimination, which are often mathematically intricate and time-consuming.
This dependency restricts researchers’ flexibility in exploring various modeling assumptions.

To overcome these challenges, [68] presented a multimodal model for detecting fake news without
relying on additional subtasks. The authors utilized bidirectional encoder representations from
transformers to integrate contextual information with the image features extracted from VGG-
19. A contrastive learning model aimed at reducing the inconsistency in multimodal relations for
fake news detection was proposed in [73|. This study employs a causal-relation reasoning module
to address local inconsistency by eliminating the direct effects of textual and visual entities. In
contrast, global inconsistency is mitigated through the semantic deviation of contrastive text-image
objectives. Furthermore, |74] proposed multimodal fake news detection for attention and pooling
blocks to integrate knowledge from the temporal and spatial effects. The studies in [75] addressed the
problem associated with missing domain labels by exploring soft-label for multi-domain fake news
detection. Despite significant progress in multimodal fake news detection technology, capturing the
diversity, complexities, and uncertainties of multimodal news sources remains a challenge. Previous
research often focuses on discrete latent representations and/or depends on mathematically complex
and time-consuming subtasks, which restricts the exploration of the hypothesis space.

The studies in [76, 77| investigated probabilistic latent representations by combining image and
text features, which were then linearly transformed using a Gaussian distribution. However, issues
such as component collapse and limited expressiveness in this variational inference [78] have been
identified [1] and further examined [14, 79]. Although the Dirichlet prior has been explored to ad-
dress these challenges, it often involves a trade-off between sparsity and smoothness [14]. Smoothness
aids generalization, whereas sparsity ensures low reconstruction error. In addition, this approach re-
lies on subtasks in which decoders separately reconstruct the image and text, leading to significant

computational costs. Motivated by these challenges, we introduce SmoothDetector, a smoothed

35



Dirichlet multimodal approach for combating fake news on social media. SmoothDetector enables
efficient inference and learning in directed probabilistic models with continuous latent representa-
tions, thereby eliminating the need for additional subtasks. SmoothDetector utilizes a smoothed
Dirichlet distribution to model multimodal data, capturing shared patterns and uncertainties more
effectively than discrete latent representations, which often rely on learning concatenated features
that can obscure essential patterns. Also, other latent representations, such as multinomial-based
distributions, suffer from sparseness problems, which usually appear in Twitter fake news. By sam-
pling from a continuous probabilistic representation, SmoothDetector addresses these limitations,
enhancing the ability to detect subtle relationships in fake news and avoiding the sparseness data
problem by smoothing the features. More precisely, by modifying the parameter vector of the Dirich-
let distribution with a smoothing vector, we decouple smoothness and sparsity, thereby enhancing
generalization performance and addressing the issues of limited expressiveness.

To the best of our knowledge, this is the first smoothed Dirichlet multimodal approach for fake

news detection. The primary contributions of this chapter are as follows:

1. We propose SmoothDetector: A Smoothed Dirichlet Multimodal Approach for Combating

Fake News on Social Media, which employs a smoothed Dirichlet distribution as a prior.

2. We demonstrate that learning continuous latent representations can yield excellent results

without the need for additional subtasks.
3. We derive a closed-form solution for the Kullback-Leibler divergence between two smoothed
Dirichlet distributions and demonstrate its efficient training via backpropagation.
3.1.1 Background

This section presents the concept of a multimodal variational autoencoder (MVAE) and the
fundamentals of the smoothed Dirichlet distribution. First, we summarize the basic components of
the MVAE and how they differ from our proposed architecture. We then extend our discussion to

smoothed Dirichlet distributions.

3.1.1.1 Multimodal Variational Autoencoder (MVAE)

MVAE has been explored for fake news detection tasks. It comprises three major components:

an encoder, a decoder, and a classifier. The encoder itself contains two feature extractors: one
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for transforming the text and the other for transforming the image. The latent representation is
derived from the concatenation of these transformed features. The decoder then reconstructed the
images and texts from the latent representation. Notably, additional tasks can also be imposed on
latent representations. These latent representations are fed into the classifier that predicts whether
the news is real or fake. Simple concatenation or summation operations limit the dynamic interac-
tions of multimodal features. In contrast, SmoothDetector has only two components: an encoder
and a classifier. The encoder transforms the inputs to generate smoother Dirichlet distribution
parameters and classifier samples from the continuous space of the hidden state of the distribution’.
SmoothDetector offers significant advantages: it learns from continuous space to capture dynamic
feature interaction and diversity, which improves its expressiveness, and it requires less computa-

tional cost because it does not impose additional tasks on the latent space.

3.1.1.2 Smoothed Dirichlet Distribution (SD)

The smoothed Dirichlet distribution is a modified version of the standard Dirichlet distribution,
often employed in Bayesian statistics as a prior distribution for categorical data. This is especially
beneficial in situations where certain categories may have zero or very low counts, as it smooths these
counts to prevent problems associated with zero probabilities [20]. Smoothed Dirichlet distributions
have demonstrated robustness across various applications, including emotion recognition based on
depression on social media, happiness analysis, pain estimation [80], and a count data model for
emotion state recognition [81]. Smoothing techniques have been shown to enhance the model’s
stability [82], generalization, and performance [83]. The work in [20] first applies smoothing to the
raw data, which is the proportion of the word count in the bag of words to avoid zero probability,

and defines the raw proportion, F*, as [20]:
F*=(X*—(1-MNXE)/\ (3.1)

where X* and X“F are the smoothed proportion and word proportion in general English, respec-
tively, and A is the smoothing parameter such that 0 < A < 1. Furthermore, [20| defines the
probability of generating the smoothed proportion X® from the SD distribution as:

1
B(d) -

K
P(X°|@) = (%)% (3.2)
=1

where K, 7, and «; represent the vocabulary size, smoothed feature proportion, and parameters

of the smoothed Dirichlet distribution, respectively. B(&) denotes the normalizing constant that
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ensures that the probability simplex sums to one [20]:

L F(Zifil @)

B(a) Hfil [(ev)

Our approach adopts a similar approach; however, instead of smoothing the raw features, we smooth
the Dirichlet parameter and the learned features. We observed that smoothing the raw features led
to covariant shifts in the image features and resulted in unstable training. Additionally, because
our smoothing and Dirichlet parameters are learnable, it is more logical to apply smoothing to the

learnable features within the model. See Algorithm 2 for further detail.

3.2 Proposed Model

We propose a smoothed Dirichlet-based fake news detector called SmoothDetector. The SmoothDe-
tector comprises five components that are trained jointly from end to end. The first component
integrates a natural language model as a textual feature encoder to identify the relevant patterns in
the news articles. The second encoder component utilizes a convolutional neural network to extract
useful features from the images that accompany news articles. The third component is a multi-
modal fusion layer that coalesces textual and visual features to create a comprehensive news feature
vector. The fourth component forms a probabilistic sub-module that captures the uncertainties
and randomness in integrated textual and visual features. The last component is a classifier that

predicts whether news is fake or real. Figure 3.1 presents a detailed overview of the proposed model.

3.2.1 Textual Feature Encoder

As shown in Figure 3.1, the textual feature encoder comprises a Bidirectional Encoder Repre-
sentations from Transformers (BERT), two fully connected layers, and two layers of dropout and
ReLU activation functions. To produce high-quality word and sentence representations that capture
semantic and contextual patterns, we utilized BERT-base—uncased. Our decision to use BERT-base-
uncased, as opposed to larger models like BERT-large or RoBERT4, is driven by the need to strike a
balance between computational efficiency and model performance. While larger transformer-based
models often achieve marginally better results, they come with significantly higher computational
costs and greater hardware requirements. BERT-base-uncased, on the other hand, provides robust

contextual representations that are well-suited for our task while maintaining reasonable resource
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Figure 3.1: A schematic diagram of the proposed SmoothDetector model. The node dimensions

correspond to the values specified as (input node and output node).

demands [84]. For further information on the BERT module and its variants, we encourage readers
to see the studies in [85, 86]. The BERT layer was followed by a fully connected layer with input
and output sizes of 768 and 2742, respectively. The output from this layer is passed through a ReLLU
activation function and a dropout layer and then into another fully connected layer with 2472 input

nodes and 32 output nodes, followed by another ReLLU and dropout layer.

3.2.2 Visual Feature Encoder

In addition to textual content, incorporating visuals with text provides significant information to
readers. We considered the posts’ visual features based on this intuition. To achieve this, we used
the image corresponding to the news articles and extracted the features with a pre-trained Visual
Geometry Group (VGG19), a convolutional neural network trained on a large-scale ImageNet [87].
The VGG19-extracted features were fed into a fully connected layer with 4096 input nodes and
2742 output nodes. Similar to the textual encoder component, the output of this fully connected
layer is passed through a ReLLU and a dropout layer. This is followed by another fully connected
layer with 2742 input nodes and 32 output nodes, followed by another ReLLU and dropout layers.
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3.2.3 Multimodal Fusion Component

Another crucial component of our architecture is the multimodal feature integrator submodule.
After extracting the key information from the textual and visual parts of the news article, we first
concatenated the two feature sets, as described in Figure 3.1. The fused features passed through
a dropout layer before being fed into a fully connected layer with 5484 input nodes and 35 output
nodes. This was followed by a rectified linear unit (ReLU) activation layer and another dropout

layer.

3.2.4 Smoothed Dirichlet (SD) Component

The choice of the smoothed Dirichlet process is driven by its advantages in modeling complex
data distributions. One significant issue in using Gaussian distributions is the phenomenon of
component collapsing, where the model may converge to a limited set of components, undermining
its ability to capture the underlying structure of the data. This issue is highlighted in [1|. In
contrast, [1] demonstrated that the Dirichlet distribution does not suffer from component collapsing
to the same extent. Moreover, the smoothed Dirichlet process offers a notable improvement in
flexibility regarding model complexity. The SD allows the model to capture intrinsic patterns in
complex data by incorporating smoothing parameters. This adaptability means that the model can
better accommodate varying degrees of data sparsity or richness, leading to improved performance
and more accurate predictions on unseen data. The use of smoothing effectively prevents overfitting
while enabling the model to capture relevant patterns, making the SD particularly valuable in
practical applications where data characteristics may change over time.

The probabilistic submodule of the proposed approach is a novel component. It captures the
uncertainties and diversity in news articles while allowing for a continuous latent representation.
The fused features are fed to this sub-module, which generates three parameters through three fully
connected layers that are subsequently fed into the smoothed Dirichlet algorithm. The smoothed
Dirichlet algorithm learns the continuous latent space and samples the representations, which are
then fed into the classifier. The details of the algorithm and the flowchart of the smoothed Dirichlet

process are presented in Algorithm 2 and Figure 3.2, respectively.
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Figure 3.2: Smoothed Dirichlet Flowchart.

3.2.5 Classifier

The final component of the architecture is the classifier. It receives features sampled from the
smoothed Dirichlet algorithm layer. These features were processed through a fully connected layer,
and the resulting output was then passed through a sigmoid activation function. The sigmoid
function converts the output into a probability range between 0 and 1, thereby determining the
likelihood of the news article being fake or real, respectively. This probabilistic result allows the

model to make binary decisions with a certain degree of confidence.

3.3 Smoothed Dirichlet Transformation

In our multimodal approach to fake news detection on social media, we focused on two primary

categories of data: texts and images. With the increasing ability of social media users to upload
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audio and videos, these will also be integrated into multimodal datasets in the future. The task is
formulated as follows: Let D = {P, M, U} represent a fake news dataset, where P = {p1,p2,...,pn}
denotes the set of N real or fake articles. M = {my,ma,...,my} represents the images associated
with each article, whereas the set of social media users who have posted any of the articles is
denoted as U = {uy,us,...}. Our goal is to train a probabilistic fake news detector, codenamed
SmoothDetector, to predict category y of a news article using a multimodal dataset comprising the

articles and their corresponding images.

3.3.1 Smoothed Dirichlet Reparameterization

One of the major challenges in training smoothed Dirichlet distributions is that they cannot be
directly trained with variational autoencoders because they do not have shifting parameters, and
there is no direct transformation. However, a Gaussian variable z ~ N (u, 02) can be reparameterized
as z = p+eo, e ~ N(0,1), enabling the gradient to be backpropagated through the latent variable z.
Where a number of approaches have been explored to tackle these challenges. For example, [14, 79|
attempted reparameterization using a Gamma distribution through an efficient rejection sampler.
The study in [1] explored the Laplace approximation [88] on a softmax basis. This is significantly
interesting to us as it enables unconstrained optimization of the cost function, thereby removing the
constraints associated with the simplex. Following Equation (3.1), we define our smoothed feature

X* as [20]:

XS =X+ (1-NXx5P (3.3)
where X© represents the features learned from the concatenation of the multimodal dataset and
X is the smoothing regularizer such that 0 < A < 1. X°P denotes the smoothed features sampled
from the smoothed Dirichlet reparameterization. The reparameterization trick for the sample X P

is summarized below. Given that « is the Dirichlet prior z; ~ Dir(ai, as,...,ax) [20], which is

analogous to Equation (3.2):

LTS ) 1T e
Xl|a) = —==—= Xt 3.4
p¥I0 = T 1 o0

To implement the reparameterization trick, we introduce an auxiliary random variable Z, such that:

X =g(@,2) (3.5)
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where ¢ is a deterministic function that depends on both & and Z. For the Dirichlet distribution,

the Laplace approximation is a suitable choice for ¢ [1] on a softmax basis:

v — exp(z;) (3.6)

Zi[il eXp(Zi)

where z; is sampled from a distribution, such as the standard normal distribution. Thus, to smooth
the Dirichlet distribution, we introduce a small positive scalar 7 and define the smoothed parameter
vector @ as:

do=d+T1 7 (3.7)

We use the analytical transformation of a Gaussian distribution to sample Z : Z = g1 + £+ 0.
Parameters g; and 05 are generated from the concatenation of multimodal features, whereas ¢ is
normally distributed. Thus, the reparameterization trick for the smoothed Dirichlet distribution

can be formulated as:
exp(a; + 7+ z)

X°~gla®, Z) = of = (3.8)
‘ Efil exp(o; + T - 2;)
The smoothed Dirichlet sampling process can be summarized as follows:
XC—=D:D={P, MU}
0_27 517 52 < XC
Os <= a, 01, 02 (3.9)

X9 ~ Dir(a*)
X* =X+ (1- X"

The details of this algorithm are presented in Algorithm 2. The formulation allows backprop-
agation through parameters «, g1, and g2, thereby enabling easy training using gradient-based
optimization techniques.

3.3.2 SmoothDector’s Loss Functions

To train the SmoothDector model, two loss functions are utilized: binary cross-entropy loss

(BCE) and Kullback-Leibler divergence loss (KLgp).

3.3.2.1 Binary Cross-Entropy loss (BCE)

The binary cross-entropy (BCE) loss function is commonly used in binary classification tasks. It

measures the difference between two probability distributions: the predicted probabilities and actual
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Algorithm 2 Smoothed Dirichlet Multimodal Generative Process
1: Data:

2: D: Dataset

3: Result:
4: ¢: Learnable model’s parameters
5: ¢ < Initialize parameters

(=]

: while Optimizer not converged do
7 X¢ ~ D(P,M,U) > Random batch of dataset
8: &, 01, G2 + model (XC;¢)

9: e~ N(u,0?)

10: Z 4+ 01+E& 0

11: Os<—a—+71-2

122 X0 ~ Dir(a®)

130 X5+ AXC 4+ (1-N)XP

14: Predict news label, y € (0,1)

15: Compute L(¢;y, X)

16: Update (¢)

17: end while
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labels [89]. This loss function penalizes incorrect predictions more heavily, making it effective for
training models in binary classification tasks. The BCE loss for a single instance can be formulated

as [90, 91]:

BCE = — (y - log(9) + (1 — y) - log(1 — 9)) (3.10)

where y and ¢ denote the actual label and predicted label, respectively, such that label € (0,1). For

a batch of N instances, the BCE loss is averaged over all instances in the batch [90]:

N
BCE = —— Z yi -log (i) + (1 — vi) - log(1 — §)) (3.11)

3.3.2.2 KL-divergence Between Two Smoothed Dirichlet Distributions

First, we define the Dirichlet distribution and then introduce smoothing. A Dirichlet is param-
eterized by a vector of positive real numbers, often denoted by «, where each element represents
the concentration of the corresponding outcome. The probability density function (PDF) of the

Dirichlet distribution is given by [20]:

P(X|a) =

K
H (3.12)

For the smoothed Dirichlet distribution, we add a pseudo-count & to each component of the
parameter vector « in addition to feature smoothing. This is often referred to as Laplace smoothing.

The smoothed Dirichlet distribution with Laplace smoothing is parameterized by « + ¢ as:

gyeitel (3.13)

,:]w

P(X*|a, ¢
2:1

The KL divergence between two Dirichlet distributions with parameters @y and @ds can be cal-

culated as follows:

D (Pll@) = [ P(X)10g (ggg) ax (3.14)

where P(X) and Q(X) are the probability density functions of two smoothed Dirichlet distributions.
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using the expected value of a logarithmized Dirichlet variate
2 ~ Dir(a + &) = [log((zf))] = ¢ (i + )

(&

K K
(Z(O‘li +E-1) =) (ani+&- 1)> (3.15)

i=1 i=1
k
[w«m +&) - (Z a1+ f)
=1

where ¢(-) denotes the digamma function. It is worth mentioning that omitting the normalizing

component did not affect the model’s performance.

Considering Equation (3.11) and Equation (3.15), the total loss, Tjyss, is formulated as the sum
of the KLgp and BCE:
Tipss = BCE + KLgp (3.16)
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3.4 Experimental Results

Table 3.1: Evaluation of smoothed Dirichlet prior («) on the Twitter dataset. We set A = 0.4, epoch

— 20, learning rate = 3e~°, and optimizer — Adam.

Distribution Fake News Real News
Dataset ) Accuracy — —
Prior () Precision Recall F1 Precision Recall F1
0.01 0.972 0.964 0.977 0.971 0.980 0.982 0.981
0.02 0.961 0.970 0.967 0.960 0.977 0.958 0.968
Twitter 0.05 0.945 0.848 0.946 0.947 0.965 0.899 0.872
0.1 0.944 0.900 0.845 0.951 0.962 0.888 0.866
0.2 0.911 0.921 0.900 0.812 0.851 0.899 0.867

This section begins by introducing the datasets used to evaluate the SmoothDetector model and
baseline models. Next, we detail the experimental settings and training parameters used to train
the model. Finally, we present the experimental results and compare the performance of the model

with that of the baseline models.

3.4.1 Dataset

We assessed the performance of SmoothDetector using two publicly available benchmark datasets:
MediaEval [92] and Weibo [93]. The datasets are composed of genuine social media information,
with one dataset sourced from Twitter and the other from Weibo blogs. Each dataset included
real interactions, posts, and engagements from these platforms, providing a comprehensive view
of social media dynamics for our analysis. It is important to highlight that both datasets were
multimodal, incorporating textual posts and their associated images. This combination of text and
visual content allows for more robust and nuanced analysis, enabling our model to leverage multiple

data types for more accurate fake news detection.

3.4.1.1 Twitter MediaEval Dataset

The Twitter dataset was created in 2015 for the Verifying Multimedia Use task at MediaFEval,
specifically aimed at detecting fake multimedia content on social media platforms [92]. This dataset
includes 17,000 unique tweets, each containing textual content, accompanying images or videos,

as well as pertinent social context data. It is organized into two segments: a development set
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Table 3.2: Evaluation of the smoothening regularizer (\) on the Twitter dataset. We set a = 0.01,

epoch = 20, learning rate — 3¢, and optimizer — Adam.

Smoothening Fake News Real News
Dataset ) Accuracy — —
regularizer (\) Precision = Recall F1 Precision Recall F1
0.4 0.972 0.964 0.977 0.971 0.980 0.982 0.981
0.5 0.969 0.961 0.978 0.978 0.947 0.962 0.964
Twitter 0.6 0.957 0.957 0.941 0.955 0.946 0.972 0.959
0.7 0.911 0.869 0.956 0.927 0.913 0.926 0.897
0.8 0.842 0.772 0.957 0.855 0.948 0.735 0.828

with 9,000 fake news tweets and 6,000 real news tweets and a test set comprising 2,000 tweets. The

dataset is intended to make it easier to assess the veracity of the information posted on social media.

3.4.1.2 Weibo Dataset

The Weibo dataset comprises data from Weibo, a Chinese microblogging site, and Xinhua News
Agency, a reputable news source in China [93]|. The fake news was gathered between May 2012 and
June 2016 and verified by Weibo’s official rumor debunking system. This system encourages regular
users to report suspicious tweets, which are then reviewed by a committee of trusted users, who
classify the tweets as true or fake. This system is a reliable source for gathering rumors. Tweets
verified by the Xinhua News Agency were classified as non-rumors. This combination of verified
fake and real news ensures the reliability of the dataset for fake news detection. Similar to the
Twitter dataset, Weibo is a multimodal dataset that includes textual content along with images.
The Weibo dataset consisted of 3,615 fake news posts, 4,105 real news posts, and 7,720 images.
Please note that the majority of Weibo content is in Simplified Chinese characters, mainly from
users in Mainland China. However, some users from areas such as Hong Kong and Taiwan may
tweet using traditional Chinese characters. Furthermore, the dataset is multimodal, incorporating

text messages, user information, social context, and image content.

3.4.2 Baseline Models

We conducted extensive experiments to evaluate the performance of our proposed method by

comparing it with a diverse set of state-of-the-art and representative baseline models for fake news
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detection. These baselines cover unimodal, multimodal, and uncertainty-aware approaches. For
unimodal baselines, we consider a Textual model based on BERT-uncased, which analyzes post
content and predicts authenticity using learned textual representations, as well as a Visual model
that employs a pre-trained VGG-19 network to extract visual features from images, followed by a
fully connected layer for classification.

Several multimodal methods are included for comparison. MPFN [94] introduces a Multimodal
Progressive Fusion Network that alleviates information loss by strengthening hierarchical cross-
modal connections. FCINet [95] proposes a Frequency-Aware Cross-Modal Interaction Network
with a triple-branch encoder that captures frequency, spatial, and textual features through parallel
interaction mechanisms. Dirichlet-based methods [96] address modality asymmetry and conflicting
beliefs by modeling uncertainty with a Dirichlet distribution to guide feature fusion. The att-RNN
model [67] adopts an end-to-end architecture with attention mechanisms over fused text and image
features, excluding social context information to ensure fair comparison.

We also include event- and representation-based approaches. EANN and its variant EANN- [38]
utilize an event discriminator to remove event-specific features, improving generalization; EANN
incorporates auxiliary tasks, whereas EANN- does not. MVAE and MVAE- [77| employ a multi-
modal variational autoencoder framework consisting of encoders, decoders, and a fake news detector,
where MVAE includes additional subtasks while MVAE- excludes them. SpotFake [68] integrates
advanced language models with deep visual feature extraction to jointly analyze textual and visual
content. Furthermore, VAEMTL AV, VAEMTL IM, and VAEMTL DY [69] extend the MVAE
framework by introducing weighted multitask learning, where VAEMTL AV assigns equal weights
to all modules, VAEMTL IM uses manually specified importance weights, and VAEMTL DY
dynamically adjusts weights based on model performance. Finally, BMR [97] leverages bootstrap
multi-view representations and a mixture-of-experts fusion strategy to capture complementary news

characteristics from multiple perspectives, enabling robust multimodal integration.

3.4.3 Evaluation Results

This section presents the performance of the proposed model and compares it with baselines. In
line with previous studies summarized in Section 3.4.2, we use four commonly employed metrics to
assess the performance of fake news detection methods: accuracy, precision, recall, and F1-Score
(F1) [98]. First, we conducted extensive experiments to analyze the effect of the smoothed Dirichlet

prior, «, and the effect of varying the smoothing regularizer A. We define a set of potential values
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Figure 3.3: Box plots representation of Accuracy, Precision, Recall, and F1-Score distributions across
10 runs for: (a) Twitter dataset, and (b) Weibo Dataset. We set a = 0.01, A = 0.4, Twitter _epoch

= 20, Weibo _epoch = 50, learning rate = 3¢, and optimizer = Adam.

Table 3.3: Assessment of Confidence Intervals (CI) for Performance Metrics on Twitter and Weibo
Datasets. We set « = 0.01, A = 0.4, Twitter _epoch = 20, Weibo_epoch = 50, learning rate =

3e?, and optimizer = Adam.

Metrics Test results for 10 runs Mean CI
Accuracy 0.969 0971 0.977 0.970 0974 0.968 0.971 0972 0.971 0.974 0.972 [0.970, 0.974]
Precision 0.964 0.962 0.964 0.965 0.964 0.963 0.967 0.962 0.967 0.969 0.965 [0.964, 0.966]

TwWitter - pcall 0978 0.977 0972 0.972 0973 0978 0978 0974 0976 0.979 0.976 [0.974, 0.978]
Fl-Score 0.957 0954 0948 0952 0951 0948 0950 0952 0.950 0.956 0.952  [0.950, 0.954]
Accuracy 0.947 0939 0930 0944 0929 0948 0928 0939 0947 0939 0.939 [0.935, 0.943]
Weip, | Precision 0016 0933 0036 0935 0937 0938 0951 0955 0931 0948 0941 [0.936, 0.946]

Recall 0.932 0.940 0.947 0.932 0947 0.930 0.937 0.943 0.931 0.947 0.938 [0.934, 0.942]
Fl-Score 0.949 0.946 0.935 0.932 0.929 0936 0.934 0.943 0.939 0.947 0.939 [0.935, 0.943]

for each hyperparameter and exhaustively evaluate all possible combinations to determine which
configuration yields the best performance. By employing grid search, we ensure a comprehensive
exploration of the hyperparameter space, allowing us to capture the nuances in how different pa-
rameter settings affect the model’s outcomes. Once we identify the best-performing hyperparameter
values through this process, we maintain consistency by applying these values across all subsequent
experiments. This approach not only enhances the reliability of our results by minimizing variabil-
ity due to differing hyperparameter settings but also allows for a more straightforward comparison
of model performance across different scenarios. Next, we used the held-out test set to evaluate
the performance of SmoothDetector and compare it with the baseline models. It is important to

highlight that all the evaluations presented are based on the average results from 10 separate runs.
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Table 3.4: Assessment of p-values for Performance Metrics on Twitter and Weibo Datasets, S denotes
the standard deviation, while ¢ denotes the t-statistics. We set o = 0.01, A = 0.4, Twitter epoch

— 20, Weibo _epoch = 50, learning rate — 3e~>, and optimizer — Adam.

Metric ~ Dataset Baseline (FCINet) SmoothDetector Variance S t p-value Significant?
Accuracy Twitter 0.908 0.972 7.12¢7%  0.0031 64.79 <1x107° Yes
Precision  Twitter 0.913 0.965 5.34¢76  0.0024 66.91 <1x107? Yes

Recall Twitter 0.909 0.976 7.34e7%  0.0026 81.32 <1x107? Yes
F1-Score  Twitter 0.910 0.972 2.90e7% 0.0030 44.43 <1x107° Yes
Accuracy  Weibo 0.926 0.939 5.98¢75  0.0067 5.17 2.1x107* Yes
Precision ~ Weibo 0.926 0.941 6.08¢7° 0.0073 6.59 7.4 x107° Yes

Recall Weibo 0.926 0.939 5.06e7® 0.0064 5.92 1.2x107% Yes
F1-Score =~ Weibo 0.926 0.939 4.73¢75  0.0064 6.45 85x107° Yes

For further details, please refer to our statistical analyses. The baseline model results used for the
evaluation are derived from existing research. However, certain metrics are noted as "NA" due to
the absence of relevant data in the original studies.

Our preliminary experimental results on the Twitter dataset to determine the optimal values for
« through the grid search ranging from zero to one while keeping the other parameters constant are
presented in Table 3.1. The top five values yielding the best results are listed in Table 3.1. Similarly,
we demonstrated the crucial role of smoothing in balancing the contributions from the smoothing
vector and learned feature representations by varying the value of A\ with other fixed parameters.
Note that a higher A value corresponds to less smoothing, whereas a lower value indicates a greater
degree of smoothing, as described in Equation (3.3). Table 3.2 shows that lower A\ values enhance
the model performance, underscoring the benefits of smoothing. To prevent over-smoothing, we
selected A = 0.4. It is important to note that we used the same values of @ = 0.01 and A = 0.4 for
both datasets. This consistency suggested that our model can function effectively across different
datasets without requiring adjustment of the model’s prior and degree of smoothing.

The box plots for the Twitter dataset shown in Figure 3.3a illustrate the distribution of per-
formance metrics across 10 runs. The accuracy values exhibit low variability, clustering around
the higher end of the scale, which reflects consistent and robust classification results. Similarly,
precision and recall values are tightly distributed with minimal outliers, suggesting stable perfor-
mance in terms of correctly identifying positive instances. The F1-scores also demonstrate limited
variability, though slightly broader compared to accuracy, indicating balanced performance between

precision and recall. Overall, the distributions reflect high performance across all metrics with slight
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variations in F1-scores, likely due to their dependence on both precision and recall. Moreover, the
box plots for the Weibo dataset, as shown in Figure 3.3b remain consistently high, although with a
slight variation. The accuracy and precision values show relatively compact distributions, indicating
stable performance with minimal outliers. Recall values have a slightly larger spread. The F1-score
maintains values close to the upper range while balancing precision and recall. Despite the slight
spread, all metrics demonstrate high reliability and stability across the dataset.

To further investigate the statistical analyses of our proposed method, Table 5.1 presents the
confidence interval (CI) performance metrics for the Twitter and Weibo datasets based on confidence
intervals (CI) calculated over 10 experimental runs. Confidence intervals provide insights into the
reliability and stability of the models across multiple runs by quantifying the range within which
the true mean likely falls. The confidence interval is computed as follows:

s

[=pt2" — A
Cl=p+=z NG (3.17)

where p, s, n, and z* denote the sample (mean, standard deviation, size) and z—value for the
confidence interval of 95% (1.96).

As shown in Table 5.1, the Twitter dataset demonstrates strong consistency and robustness,
with narrow confidence intervals across all metrics, indicating reliable classification performance.
For example, the accuracy achieved a mean of 0.972 with a CI of [0.970, 0.974]|. Furthermore, the
Weibo dataset also exhibits high performance. Weibo accuracy has a mean of 0.939 with a CI of
[0.933, 0.945]. Its slightly broader confidence intervals suggest marginal variability; nevertheless,
overall stability remains commendable.

To assess the significance of the observed differences between baseline and experimental metrics,
we conduct a two-tailed t-test for each metric against the respective baseline value. Please note
that we chose FCINet [95] as our baseline model because it performed next to our proposed model
on most of the performance metrics. In addition, FCINet provides values for all metrics in their
studies. This test assumes that the sample means of the experimental results can be compared to
the baseline to determine whether the improvements are statistically significant. Thus, we define

the hypotheses as follows:

Ho:p=po

Hy:p# po

where p is the sample mean, pg is the baseline value, s is the sample standard deviation, and n

(3.18)
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is the sample size. The p-value is obtained from the t-distribution as follows:
p=2-(1—CDF(|t],df)) (3.19)

where CDF(|t|, df ) represents the cumulative distribution function of the t-distribution with degrees
of freedom df = n—1. We set the significance level («) to 0.05. The cumulative distribution function
(CDF) of the t-distribution is computed as:

||
COF(t,df) = [ f(t.df)at (3.20)

where f(t,df) is the probability density function (PDF) of the t-distribution, given by:
tdf) = P<%> 4 P o 3.21
fdf) = ——~ b (3.21)

e (4)
where I'(z) is the gamma function.

The results presented in Table 3.4 indicate statistically significant improvements across all metrics
for both Twitter and Weibo, as evidenced by p-values below the 0.05 threshold. For Twitter, the most
pronounced enhancement was observed in the Recall metric, where the t-statistic of 81.32 highlights
a substantial deviation from the baseline. Similarly, for Weibo, Precision demonstrated notable
improvement, supported by a t-statistic of 6.59. These findings are pivotal, as they substantiate the
efficacy of the proposed methodology in improving key evaluation metrics. The substantial statistical
evidence strengthens confidence in the generalizability and applicability of these advancements in
real-world scenarios.

The analysis of the results presented in Table 3.5 highlights the comparative performance of
SmoothDetector and several baseline models across Twitter and Weibo datasets. SmoothDetector
demonstrates the highest performance for the Twitter dataset, achieving an accuracy of 0.972,
which significantly surpasses all baseline models. This amounts to a 7.0% increase compared to the
next best-performing model, FCINet, with an accuracy of 0.908. It also excels in precision, recall,
and Fl-score, attaining values of 0.965, 0.976, and 0.972, respectively. These metrics underscore its
robustness in identifying both fake and real news. For fake news detection, SmoothDetector achieves
a precision of 0.964, a recall of 0.977, and an Fl-score of 0.971, while for real news detection,
it reaches a precision of 0.980, a recall of 0.982, and an Fl-score of 0.981, indicating balanced
effectiveness across both categories.

In contrast, models like MPFN, FCINet, and BMR also perform well but fall short of SmoothDe-

tector. FCINet achieves an accuracy of 0.908 and demonstrates strong performance in detecting
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real news, with a precision of 0.955, a recall of 0.907, and an F1-score of 0.930, but its performance
for fake news (precision of 0.828 and F1l-score of 0.868) lags behind SmoothDetector. BMR shows
competitive metrics with an accuracy of 0.883 but does not match SmoothDetector’s balance across
precision, recall, and Fl-scores. Notably, earlier models, such as Textual and Visual methods,
exhibit much lower performance, with Textual achieving an accuracy of 0.526 and Visual 0.596,
indicating their limitations in handling the complexity of the multimodal data.

For the Weibo dataset, SmoothDetector similarly outperforms all baseline models with an ac-
curacy of 0.939, reflecting a 1.4% increase over the second-best model, FCINet, which achieves an
accuracy of 0.926. SmoothDetector also achieved nearly optimal precision, recall, and F1l-score
values (0.941, 0.939, and 0.939, respectively). In fake news detection, SmoothDetector achieves a
precision of 0.966, a recall of 0.908 lower than SpotFake with 0.964 recall, and an F1-score of 0.936,
while its performance in real news detection is equally robust, with a precision of 0.936, a recall of
0.969, and an F1-score of 0.942. Among the baselines, FCINet and VAEMTL variants (AV, IM, DY)
are competitive, with FCINet attaining an accuracy of 0.926 and VAEMTL DY achieving 0.921.
However, while these models show strong performance, particularly in one of the two categories
(fake or real news), their overall metrics remain slightly underperformed to SmoothDetector.

Models like SpotFake and BMR, while notable, exhibit limitations in recall and F1-score balance.
SpotFake achieves high recall for fake news detection (0.964) but falters in recall for real news
(0.656). Similarly, BMR demonstrates consistency with an accuracy of 0.889 but does not reach
the same level of overall precision and recall as SmoothDetector. These results highlight that,
while SpotFake outsmarts SmoothDetector in the fake news recall, SmoothDetector consistently
demonstrated strong performance across multiple key metrics and outperformed other models in
most metrics, affirming its robust capability in detecting both fake and real news on the Weibo
dataset. Note that it is evident from the results on both datasets that SmoothDetector, which
utilizes smoothed Dirichlet, outperformed Gaussian-based MVAE and Dirichlet distributions.

The performance of SmoothDetector can be largely attributed to its capacity to learn intricate
patterns within a continuous latent space. This ability enables the model to capture and represent
complex relationships in the data that may not be immediately apparent. SmoothDetector can
effectively discern underlying structures by operating in a latent space, facilitating a deeper un-
derstanding of the data’s characteristics. Moreover, SmoothDetector’s adaptability plays a crucial
role in its effectiveness. The model is designed to accommodate varying degrees of data sparsity or

richness, which is essential in real-world applications where data quality and quantity can fluctuate
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Table 3.5: Performance of SmoothDetector vs. baseline models on Twitter and Weibo datasets.
We set o = 0.01, A = 0.4, Twitter epoch = 20, Weibo epoch = 50, learning rate — 3e~°, and

optimizer = Adam.

Dataset Model Acc. Prec. Rec. F1 Fake News Real News

P. R. F1 P. R. F1
Textual 0.526 0.536 0.531 0.515 0.586 0.533 0.569 0.469 0.526 0.496
Visual 0.596 0.649 0.662 0.597 0.695 0.518 0.593 0.524 0.700 0.599
MPFN 0.833 — — — 0.846 0.921 0.880 0.809 0.721 0.740
FCINet 0.908 0.913 0.909 0.910 0.828 0.913 0.868 0.955 0.907 0.930
att-RNN 0.664 0.749 0.615 0.676 0.749 0.615 0.676 0.589 0.728 0.651
EANN- 0.648 0.810 0.498 0.617 0.810 0.498 0.617 0.584 0.759 0.660

EANN 0.715 0.822 0.638 0.719 — — — — —
Twitter Dirichlet 0.824 — — — 0.772 0.918 0.838 0.899 0.730 0.806
MVAE 0.745 — — — 0.801 0.719 0.758 0.689 0.777 0.730
SpotFake 0.778 — — — 0.751 0.900 0.820 0.832 0.606 0.701
VAEMTL AV 0.869 — — — 0.820 0.784 0.802 0.880 0.917 0.898
VAEMTL IM 0.871 — — — 0.826 0.772 0.798 0.891 0.920 0.905
VAEMTL DY 0.888 — — — 0.838 0.821 0.829 0.912 0.922 0.917
BMR 0.883 — — 0.870 0.927 0.746 0.827 0.865 0.965 0.912
SmoothDetector 0.972 0.965 0.976 0.972 0.964 0.977 0.971 0.980 0.982 0.981
Textual 0.643 0.624 0.607 0.620 0.662 0.578 0.617 0.609 0.685 0.647
Visual 0.608 0.609 0.603 0.607 0.610 0.605 0.607 0.607 0.611 0.609
MPFN 0.838 — — — 0.857  0.894 0.889 0.873 0.863 0.878
FCINet 0.926 0.926 0.926 0.926 0.938 0.917 0.927 0.913 0.935 0.924
att-RNN 0.772 0.778 0.799 0.789 0.797 0.713 0.692 0.684 0.840 0.754
EANN- 0.795 0.806 0.795 0.800 0.827 0.697 0.756 0.752 0.863 0.804

EANN 0.827 0.847 0.812 0.829 — — — — —
Weibo Dirichlet 0.888 — — — 0.900 0.872 0.886 0.877 0.904 0.890
MVAE 0.824 — — — 0.854 0.769 0.809 0.802 0.875 0.837
SpotFake 0.892 — — — 0.902 0.964 0.932 0.847 0.656 0.739
VAEMTL AV 0.905 — — — 0.892 0.921 0.906 0.918 0.891 0.904
VAEMTL IM 0.910 — — — 0.902 0.927 0.914 0.920 0.893 0.906
VAEMTL DY 0.921 — — — 0.910 0.940 0.924 0.934 0.901 0.917
BMR 0.889 — — 0.889 0.904 0.885 0.895 0.874 0.894 0.884

SmoothDetector 0.939 0.941 0.939 0.939 0.966 0.908 0.936 0.936 0.969 0.942

significantly. This adaptability will allow the model to maintain robust performance, even when
faced with challenges such as limited data availability or highly variable feature distributions. An
important feature of our approach is that we used the same hyperparameters across all datasets
except for the epoch, which is important for the model to converge. In contrast, SpotFake adjusted
its hyperparameters for different datasets, which we believe limits its generalizability for real-world

fake news detection tasks.
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Figure 3.4: Comparative AUC Analysis of SmoothDetector: (a) SmoothDetector Vs. Dirichlet, and
(b) SmoothDetector Vs. Gaussian. We set a = 0.01, A = 0.4, Twitter epoch = 20, Weibo epoch

— 50, learning rate = 3e~°, and optimizer — Adam.

3.4.4 Comparative AUC Analysis of SmoothDetector and other probabilistic

distributions: Gaussian and Dirichlet

To evaluate the Area Under Curve (AUC) of SmoothDetector over Gaussian-based MVAE [77]
and Dirichlet [96], we replace SmoothDetector’s probabilistic component with Gaussian and Dirich-
let distributions, leveraging their respective KL-divergence formulations. AUC assesses a model’s

capacity to distinguish between classes across varying thresholds; it plots the True Positive Rate

(TPR) against the False Positive Rate (FPR). The AUC [99] can be formulated as:

1
AUC = / TPR(FPR)d(FPR) (3.22)
0
where TPR = TPE%’ FPR = Ffﬂ%. For mathematics convenience, we used trapezoidal rule
approximation defined as:
n—1
TPR; TPR;
AUC =~ Z(FPRiH — FPR;) - {ax 1; . (3.23)

i=1
We can clearly see in Figure 3.4 that SmoothDetector outperformed Dirichlet on the Twitter
and Weibo data sets by 13.6% and 6.9%, respectively. Similarly, it outperformed Gaussian-based
on the Twitter and Weibo data sets by 16.7% and 11.8%, respectively. Please note that the AUC of

1.0 denotes perfect classification, while 0.5 suggests random guessing. SmoothDetector’s consistent

56



AUC performances highlight its robustness and adaptability in handling noisy, dynamic datasets,
underscoring its potential for real-world applications such as fake news detection on social media

platforms.

3.4.5 Time Complexity Analysis

The time complexity of the Smoothed Dirichlet Multimodal Generative Process is derived as
follows. Initializing model parameters takes O(1). Sampling a batch of size b has a complexity of
O(b). The forward pass through the model for b samples incurs O(mb), where m represents the
model’s complexity. Sampling from base distributions and performing transformations on latent
variables each requires O(b). Sampling from a Dirichlet distribution over d dimensions for b samples
costs O(bd), while feature fusion operations also add O(bd). Predicting labels and computing loss
takes O(b), and parameter updates depend on the optimizer, costing O(m). Thus, the dominant
operations per epoch are the forward pass and Dirichlet sampling, yielding a per-epoch complexity
of O(max(mb, bd)). Over t epochs, the total time complexity becomes O(¢ - max(mb, bd)).

We also compared the efficiency of our model with state-of-the-art models by measuring execution
time. The tests were conducted on a system with a 12th Gen Intel(R) Core(TM) i7-12700K processor
(3.60 GHz), 64GB RAM, and a 64-bit operating system. For the Twitter dataset, the per-sample
execution times were: SpotFake at 365.44ms, MVAE at 482.39ms, VAEMTL DY at 477.92ms,
and SmoothDetector at 373.17ms. Although SmoothDetector’s execution time was slightly higher
than SpotFake, it outperformed MVAE and VAEMTL DY significantly. Similarly, on the Weibo
dataset, SpotFake, MVAE, VAEMTL DY, and SmoothDetector had execution times of 357.12ms,
476.09ms, 463ms, and 367.11ms, respectively. Both SmoothDetector and SpotFake had the lowest
execution times, which can be attributed to their architecture not utilizing a decoder module.
This demonstrates that SmoothDetector can achieve high performance in fake news detection while

minimizing computational costs by eliminating the need for a decoder module.

3.4.6 SmoothDetector Limitations and Future Works

Our results highlight the potential of integrating a probabilistic algorithm with a deep neural
network for multimodal fake news detection, demonstrating both flexibility and computational ef-
ficiency. This combination allows the model to account for multiple types of data, such as text,
images, and other forms of media, making it more adaptable to the diverse nature of modern fake

news. However, one of the key challenges of our current approach is the selection of the distribution
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prior, which is selected through grid searching and is not learnable. This limitation may affect the
overall accuracy and performance of the model, particularly when dealing with more complex or
diverse data sets.

Given that contemporary social platforms often include a variety of media types—such as text,
images, audio, and video. It becomes essential for a fake news detection system to process and
analyze all of these sources efficiently. To address this, our future research will focus on developing
a more sophisticated approach that integrates all these modalities. In addition, we plan to leverage
a learnable distribution prior. By automating the prior selection process, we aim to enhance the
model’s adaptability and generalization across different media types, leading to a more robust fake
news detection system. This improvement will enable the model to identify misleading or false
information more accurately across various forms of content, offering a comprehensive solution
without the need for manual intervention in prior selection.

Furthermore, we observe that the prevailing methodology in multimodal studies typically involves
learning features from different modalities, such as images and text, in isolation. In this approach,
features from each modality are extracted independently before being combined only at a late
stage, usually in the layer just before the detector or decoder. This late-stage fusion limits the
model’s ability to leverage the rich interdependencies between modalities that might exist earlier
in the processing pipeline. The important contextual or complementary information between these
two modalities might be overlooked by treating image and text features separately for most of the
learning process.

In the future, we are keen to investigate how our proposed SmoothDetector can address this
limitation by enabling the model to learn from these features simultaneously throughout the learning
process rather than deferring their combination to the final stages. By fusing multimodal data earlier
and more integrally, we aim to capture more complex interactions between images and text, which
could improve the overall detection accuracy. This simultaneous learning would allow the model to
develop a more nuanced understanding of multimodal information, potentially uncovering hidden
patterns that traditional methods miss. Our future work will focus on refining the architecture
to enable this type of multimodal fusion, optimizing SmoothDetector’s ability to detect fake news
or misinformation more effectively by capitalizing on the synergy between image and text data
from the outset. In addition, our future research will investigate enhancing the multimodal feature
interaction using co-attention mechanisms and exploring advanced architectures like EfficientNet,

ResNet, and Vision Transformers to explore the image features better.
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3.5 Conclusion

Fake news is a major issue in the digital age, and many platforms lack sufficient editorial over-
sight. Research on multimodal fake news detection often depends on discrete latent representations,
which hinder dynamic interaction and complex subtasks such as reconstruction and event discrimi-
nation, leading to high computational costs and limited modeling flexibility. This study introduces
a novel approach, SmoothDetector, which integrates a probabilistic algorithm with a deep neural
network to effectively capture uncertainties and diversities in shared latent representations of multi-
modal data. Utilizing the smoothed Dirichlet distribution, SmoothDetector learns continuous latent
representations and captures shared hidden patterns in textual and visual information. Our main
hypothesis was that learning continuous latent representations with a probabilistic algorithm signifi-
cantly enhances the model’s ability to generalize and perform well in fake news detection. Extensive
experiments on two popular multimodal datasets, Weibo and Twitter, validated our hypotheses. The
results demonstrate that high-performance detection can be achieved without additional subtasks
in continuous latent representation. By varying the smoothing regularizer, lambda, we demonstrate
the critical role of smoothing in balancing contributions from the smoothing vector and learned
feature representations, revealing that an optimal smoothing value improves generalization and de-
tection accuracy. Although our results highlight the potential of combining a probabilistic algorithm
with a deep neural network for flexible and efficient fake news detection, we acknowledge limita-
tions regarding choosing prior of the distribution that can be challenging, and current multimodal
datasets extend beyond text and images to include video and audio. Our next step is to develop
a comprehensive method that integrates text, images, audio, and video with a learnable prior to
sampling the distribution. This advancement will enhance our model’s ability to analyze and detect
fake news across diverse media types on modern social platforms without manually selecting the

distribution prior.
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Chapter 4

Smoothed-ModernBERT: Co-Attentional
Synergy of Probabilistic Topic Models
and ModernBERT through Dynamic

Fusion

Document classification remains a critical challenge in natural language processing (NLP) as text
volumes and thematic complexity escalate. Although transformer-based architectures like BERT
excel at capturing contextual semantics, they often overlook the latent thematic structures inher-
ent in document-level discourse. Conversely, probabilistic topic models effectively distill coarse-
grained thematic patterns but struggle with nuanced contextual dependencies. To address these
limitations, this study introduces a novel hybrid approach that synergizes the contextual depth of
ModernBERT with the interpretable thematic representations of smoothed-Dirichlet-based topic
models. Our model aligns token-level representations with document-level thematic distributions
by optimizing contextual and topic objectives through a co-attention mechanism layer. By utilizing
a dynamic fusion layer, where co-attention scores dynamically gate and blend BERT’s embeddings
with topic mixtures at each instance, the approach captures both fine-grained context and global
theme interplay in a unified representation. Our method bridges a critical gap in the NLP method-
ology, paving the way for enhanced model generalizability in domains that require both thematic
abstraction and contextual granularity. Empirical evaluations on benchmark corpora demonstrate

consistent classification robustness over standalone approaches.
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4.1 Introduction

Document classification is a fundamental task in natural language processing (NLP), which
underpins applications such as news categorization, sentiment analysis, and information retrieval
[100, 101]. Early methods relied on hand-crafted features and statistical models, but the expo-
nential growth in text volume and complexity has driven a shift toward deep learning. Recurrent
architectures such as LSTMs [102] and GRUs [103, 104, 105] automated feature extraction and
sequential patterns captured, although their inherently sequential nature limits parallelism and
long-range dependency modeling [106]. Hybrid approaches that combine truncated attention with
recurrent units or integrate self-attention into bidirectional GRUs have partially alleviated these
issues [106, 107, 108].

The advent of transformers, particularly BERT with its multi-head self-attention and contex-
tual embeddings [109], has further transformed the field by allowing full parallel processing of
entire sequences. Fine-tuning techniques have delivered state-of-the-art results across benchmarks
[110, 111], and extensions combining BERT with capsule networks [112, 113] or graph neural net-
works [114, 115, 116, 117| continue to push performance. Despite these advances, transformer
models can overlook global thematic coherence, misread sarcasm or broader discourse, and offer
limited interpretability. In contrast, probabilistic topic models, such as smoothed Dirichlet distri-
bution, identify coherent themes but struggle with contextual nuance [20]. Bridging this gap, hybrid
frameworks like TopicBERT fuse Gaussian topic priors with BERT embeddings [118], yet typically
employ shallow concatenation that underutilizes the complementary strengths of each paradigm.

Despite these advances, reconciling token-level contextual precision with document-level the-
matic interpretability remains an open challenge. To this end, we propose Smoothed-ModernBER:
co-attentional synergy of probabilistic topic models and ModernBERT through dynamic fusion
(SD-MoBERT), a novel architecture that integrates ModernBERT with a dynamically smoothed
Dirichlet topic model via a co-attentional synergy mechanism. Unlike prior shallow-fusion methods,
our model jointly optimizes the dynamically fused contextual and thematic losses, fostering mutual
reinforcement between granular semantics and global topics. We demonstrate that this integra-
tion yields better performance and interpretability across multiple benchmark corpora, bridging the
methodological gap between contextual depth and thematic coherence. The main contributions of

our studies are summarized as follows:
1. We propose a novel hybrid architecture that integrates ModernBERT’s contextual semantics
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with smoothed-Dirichlet topic modeling, bridging neural and probabilistic paradigms to jointly

optimize fine-grained context and interpretable thematic structures.

2. Dynamic co-attention fusion: We introduce a gated mechanism that dynamically blends token-
level BERT embeddings with smoothed Dirichlet document-level topic mixtures, enabling

adaptive weighting of local and global thematic information.

3. Empirical Validation and Reproducibility: We show that SD-MoBERT consistently outper-
forms baseline models and make our full implementation publicly available to facilitate fu-
ture research and practical adoption https://github.com/anonymousPapersSubmissions/

Smoothed-ModernBERT.

4.1.1 Motivation: Toward Co-Attentional Synergy

Co-attention mechanisms have proven effective in multimodal reasoning by aligning heteroge-
neous representations [106]. However, their application to intra-textual fusion of context and themes
remains underexplored. SD-MoBERT diverges from shallow fusion by employing a co-attention layer
that dynamically aligns ModernBERT’s token embeddings with smoothed Dirichlet topic distribu-
tions. This mutual reinforcement allows topic priors to guide attention heads toward thematically
salient tokens, while contextual features refine topic coherence via variational inference. By unify-
ing transformer efficiency, probabilistic topic modeling, and co-attentional interaction in a single,
scalable architecture, SD-MoBERT transcends the limitations of each paradigm and offers a robust,

informed solution for document classification in complex, heterogeneous corpora.

4.2 Background Studies

4.2.1 Smoothed Dirichlet Distribution (SD)

The smoothed Dirichlet distribution extends the conventional Dirichlet distribution by intro-
ducing regularization, making it a robust prior for categorical data in Bayesian frameworks. This
adaptation is particularly advantageous for mitigating zero-probability issues in sparse categorical
settings, such as emotion recognition in social media analytics [80], happiness modeling, and pain
estimation [81]. By redistributing probability mass across categories, smoothing enhances model

stability [82] and generalizability [83]. Following [20], a smoothed proportion F* is derived from
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raw word counts using a tunable parameter A:

X5 — (1—X)XCF

F¢ =
A

(4.1)

where X*® and X“F denote the smoothed feature proportion and baseline word distribution (e.g.,
general English), respectively. The likelihood of observing X* under the smoothed Dirichlet prior

is:

1 ﬁX-(ai+€)_1 1 F(Z’L(al + 2’5))
4 ’ B

p(X|a,5)=m (a+€): [LT(vi+e)’

(4.2)
=1

where K and € > 0 denote the vocabulary size and smoothing parameter, respectively, X7 the
smoothed feature, and «; is the concentration parameters. The normalizer B(&) ensures a valid
probability simplex.

In contrast to prior work that smooths raw inputs [20], our method applies smoothing directly
to the Dirichlet parameters and the latent representation. Preliminary experiments revealed that
smoothing raw features induces covariate shifts in the feature representations, destabilizing training.
Thus, our approach maintains feature consistency while enabling end-to-end optimization. This

strategy aligns with the model’s dynamic adaptation capabilities.

4.2.2 ModernBERT

ModernBERT builds upon BERT’s bidirectional Transformer architecture to deliver powerful
contextual embeddings while addressing the original’s quadratic time and memory complexity in
relation to sequence length [119]. By extending its maximum input length from 512 to 8,192 to-
kens, ModernBERT can capture long-range dependencies and global context in lengthy documents.
A key innovation is FlashAttention, an optimized CUDA kernel that reorganizes attention com-
putations to reduce memory accesses and fully exploit on-chip caches, yielding up to a two-fold
speedup in self-attention layers [120]. Positional information is encoded using rotary positional
embeddings (RoPE), which applies continuous rotation transformations to token representations
and scales gracefully to very long sequences without the need for learned positional parameters
[119]. To further mitigate computational costs, ModernBERT employs sequence packing and block-
wise attention, splitting inputs into contiguous chunks and restricting attention to intra-block and
adjacent-block interactions; this achieves sub-quadratic complexity while preserving essential cross-
chunk dependencies [119]. Finally, feed-forward sublayers incorporate low-rank matrix factorizations

and sparse projection patterns that reduce parameter counts and confine expensive operations to
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Figure 4.1: A schematic representation of the proposed SD-MoBERT model, leveraging smoothed
Dirichlet neural topic model and ModernBERT.

the most informative tokens. These enhancements allow ModernBERT to handle long sequences of

tokens efficiently, making it a scalable and context-rich foundation for hybrid models.

4.3 Proposed Model: Smoothed-ModernBERT (SD-MoBERT)

Figure 4.1 illustrates the architecture of SD-MoBERT, combining a neural topic model with an
advanced transformer-based modernBERT. We employ ModernBERT because of its architectural
innovations, such as support for up to 8,192 token contexts, FlashAttention, and rotary positional

embeddings, which enable fast, memory-efficient processing of very long documents without sacri-
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ficing contextual depth [119]. Given a document M = {wy,ws, ..., wx} with label y, SD-MoBERT
processes two parallel streams. Firstly, a normalized bag-of-words vector X € RV (V' = vocabulary
size) for latent topic inference is generated. Secondly, a copy of the document is segmented into
subword tokens {t,} to generate a token sequence {¢1,...,tr} (T < 8192) via ModernBERT’s tok-
enizer, producing contextual embeddings E € RT*P (hidden size D), with [CLS] and [SEP] marking
the start and the end.

In the generative process, we first draw from the neural topic model and infer a latent topic

vector Z € RE (K topics) under a smoothed Dirichlet prior:

i
Zsp ~ sDir(agp) <= ;XP(O‘SD)Z, (4.3)
> i—1exp(agp)
asp= a + p2 + € @ exp(logpr) € RE, (4.4)

where @, p1, and pg are the neural topic model’s outputs, € ~ N(0,1I).
Conversely, let the ModernBERT output be denoted by hcpg. We then project Zgp and hcrs
each through a linear layer followed by a GELU activation to produce Zk, and Zcrs, respectively.

Next, we define the attention score S and the attention weight Z.t as:
S = (Z&p, Zcrs)p + bo,  Zagy = 0(S) (4.5)

where bg and o denote the attention bias weight and sigmoid function, respectively. Following this,

we dynamically fuse representation as:

Ziused = Lot Zhp + (1 — Zage)Zors, Z = tanh(Zgysea) € RP*P (4.6)

where Z, B and D denote the latent representation, batch size, and sequence dimension, respectively.
The latent representation is further projected through two linear layers and fed to the classifier, and

we optimized with the joint loss:

L=-> yilogi; + B Dxi(q(Z | X)|sDir(asp)) , (4.7)

LKL

Lok
where 8 balances classification accuracy against topic coherence and Lo denotes the classification
loss. y; and ¢ represent the actual label and the prediction, respectively. Lk, [121] denotes the
thematic loss that regularizes the latent space and penalizes the loss function to ensure that the

model does not overfit. By aligning the thematic representations from the Dirichlet-based topic

65



model with the contextual embeddings from ModernBERT through a co-attention mechanism, SD-
MoBERT achieves a synergistic understanding of documents. This fusion enables the model to
maintain interpretability through topic distributions while capturing nuanced contextual relation-
ships, improving the performance of document classification tasks. See 7?7 for more details on the

pseudocode for the generative process and 77 for details on Lki,.

4.4 Experimental Results

4.4.1 Experimental Settings

Please note that we conduct 30 separate experiments with different seeds using different valida-
tion sets at each experiment. Thus, we report the average value of our experiments over 30 runs.
We explore the hyperparameter space using grid search to select the best combination of parameters
for the experiment. We use a learning rate of 2e~° with a warm-up of 10 and use AdamW optimizer,
8 = 0.2. We set the batch size and epoch to 8 and 20, respectively. We set the topic number of the

smoothed Dirichlet component to 100.

4.4.2 Datasets

We compare our proposed model with the baseline models on five widely used benchmark
datasets, allowing insightful comparisons. The 20 Newsgroups (20NG) dataset [122] comprises
18,846 documents distributed across 20 categories, ranging from sports and politics to technology
and religion. It contains 11,314 samples for training and 7,532 for testing. The Movie Review (MR)
dataset [123| contains 10,662 movie reviews balanced between 5,331 positives and 5,331 negatives
for sentiment analysis. Ohsumed [123| consists of MEDLINE abstracts tagged in 23 categories
of cardiovascular disease. It contains 7,400 documents, split into 3,357 for training and 4,043 for
testing. Finally, we use the Reuters collection, drawn from the 1987 newswire, which is commonly
evaluated via its R8 subset (8 classes, 5,485 training and 2,189 test documents) and R52 subset (52
classes, 6,532 training and 2,568 test documents) [124].

4.4.3 Baseline Models

To evaluate SD-MoBERT, we benchmark it against five close variants: BERT [100] and MoBERT
[119] without smoothed Dirichlet, SD-BERT (smoothed Dirichlet + BERT) [100], SD-RoBERTa
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Figure 4.2: Analyses of the area under curve (AUC) of SD-MoBERT against BERT and MoBERT,
K =100, p=0.2.

(smoothed Dirichlet + RoBERTa-base) [125]|, and SD-DistilBERT (smoothed Dirichlet + Distil-
BERT) [126], as well as a number of topic and graph-augmented models. These include TopicBERT-
64/128 [127], TextING [128], HyperGAT [129], TextFCG [130], TextSSL [131], BertGCN [132], GTC
[133], MHGAT [134], and PaSIG-S [135], providing a comprehensive backdrop for assessing the gains

afforded by smoothed Dirichlet fusion in modern transformers.

4.4.4 Area Under Curve (AUC) Analysis of SD-MoBERT Against BERT and
MoBERT

The AUC [99] plots the true positive rate (TPR) versus the false positive rate (FPR) to evaluate
a model’s ability to differentiate between classes across different thresholds. We use the trapezoidal

rule to approximate the AUC, defined in [136]

n—1
TPR;41 + TPR;
AUC = (FPR;y — FPR;) - + 1; (4.8)
=1

Figure 4.2a illustrates the relative AUC gains of SD-MoBERT over the original BERT encoder
across the five datasets. SD-MoBERT (blue squares) consistently outperforms BERT (green trian-
gles), with improvements ranging from 2.2% to 8.5%. The largest gains occur on the 20 Newsgroups
and Ohsumed corpora (both 8.5% gains), while even on Reuters R8, the margin remains substan-
tial at 2.2%. Similarly, Figure 4.2b shows the AUC improvements of SD-MoBERT’s relative to
the MoBERT variant. Across all data sets, SD-MoBERT achieves gains between 1.5% on R8 and
7.5% on Ohsumed 