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Abstract: Topic modeling is a vital tool in the field of text analysis, facilitating the discovery of latent thematic
structures within textual data. With the advent of neural networks, novel approaches to topic modeling have
emerged. This comparative analysis explores three advanced topic modeling techniques: Neural Variational
Inference (NVI1), Deep Generative Models, and Transformer-Based Approaches. Each method brings unique
strengths and applications to the field of natural language processing. NVI combines probabilistic modeling and
neural networks, offering robustness and uncertainty modeling. Deep Generative Models, exemplified by
Variational Autoencoders (VAES), excel in data generation and fine-grained recommendations. Transformer-
Based Approaches, rooted in contextual awareness, provide context-aware modeling. This analysis delves into
their foundations, applications, challenges, and future directions, helping researchers and practitioners
make informed choices when tackling topic modeling tasks.
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l. Introduction

Textual data is abundant and ubiquitous in today's digital age, encompassing a vast array of sources such as
articles, social media posts, customer reviews, research papers and more. Extracting valuable insights and
understanding the underlying structures and themes within this sea of text is a fundamental challenge in the field
of natural language processing (NLP) and information retrieval [1]. Topic modeling, a key technique in text
analysis, addresses this challenge by providing a means to automatically discover latent topics or thematic
patterns within large text corpora. This article delves into the fascinating realm of neural topic modeling
techniques. We aim to provide a comprehensive understanding of these cutting-edge approaches and conduct a
comparative analysis to evaluate their efficacy, strengths and weaknesses. By the end of this exploration, readers
will gain insights into the evolving landscape of topic modeling, enabling them to make informed choices
regarding the selection and application of neural techniques in their text analysis endeavors [2]. Neural topic
modeling is a modern approach to uncovering latent thematic structures within textual data using neural network
architectures. It builds upon traditional topic modeling methods, such as Latent Dirichlet Allocation (LDA), by
leveraging the expressive power of neural networks to capture complex patterns and relationships in text. Here's
an explanation of the principles and key components of neural topic modeling:

Neural Network Architecture: At the heart of neural topic modeling is the use of neural networks, which consist
of layers of interconnected nodes (neurons) that can capture intricate patterns and relationships in data [3].
Common neural network architectures for topic modeling include feed forward neural networks, recurrent neural
networks (RNNs), and transformer-based models like BERT.

Word Embeddings: Neural topic modeling typically starts with word embeddings, such as Word2Vec or GloVe,
which represent words as dense vectors in a continuous space. These word embeddings capture semantic
relationships between words, allowing the model to understand word similarities and differences.
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Document Representation: In neural topic modeling, documents are represented as vectors of word embeddings.
Various techniques, such as averaging word embeddings or using recurrent neural networks (RNNSs) to process
sequences of words, can be employed to obtain document representations.

Topic Distribution Layer: One of the key innovations in neural topic modeling is the introduction of a topic
distribution layer. This layer transforms document representations into probability distributions over topics. Each
topic is represented as a probability distribution, and the model learns to assign topics to documents based on the
content.

Incorporating Context and Coherence: Neural models can capture context and coherence between words and
documents more effectively than traditional techniques. This allows them to generate topics that are contextually
relevant and coherent. Contextual embeddings, which consider the surrounding words, contribute to this ability
to capture context.

Training and Optimization: Neural topic modeling models are trained using large datasets of text. They optimize
their parameters, including word embeddings and topic distributions, to maximize the likelihood of observed
documents. Gradient-based optimization techniques, such as Stochastic Gradient Descent (SGD) or adaptive
optimization algorithms like Adam are commonly used for training.

Scalability and Efficiency: Neural models are known for their scalability and ability to handle large text
corpora efficiently. They can be trained on massive datasets and can process text in real-time, making them
suitable for applications with extensive text data.

Interpretability: Interpreting topics from neural topic modeling can be more challenging than traditional methods
like LDA. However, techniques like attention mechanisms and visualization tools can help improve
interpretability.

Variations and Specialized Models: There are numerous variations and specialized models within the domain of
neural topic modeling, each with its unique architectural elements and objectives. Examples include Neural
Variational Inference (NV1), transformer-based models for topic modeling, and deep generative models.

Neural topic modeling represents a powerful advancement in the field of text analysis, offering the ability to
capture intricate topic structures and adapt to the complexities of real-world textual data. These models have found
applications in diverse domains, including information retrieval, content recommendation, and sentiment analysis,
among others. While they require substantial computational resources, their ability to extract nuanced topics and
relationships from text data makes them a valuable tool for researchers and practitioners in natural language
processing and text analysis.

li. Neural Topic Modeling Techniques

In the realm of natural language processing and text analysis, understanding the hidden thematic structures within
large volumes of textual data is of paramount importance. Traditional topic modeling techniques, such as Latent
Dirichlet Allocation (LDA) and Latent Semantic Analysis (LSA) have long been the go-to methaods for this task.
However, the advent of neural networks and deep learning has ushered in a new era of topic modeling,
offering more sophisticated, context-aware, and adaptable approaches [4]. This introduction provides an overview
of neural topic modeling techniques and their significance in modern text analysis.

Traditional topic modeling techniques, while effective, have limitations in capturing complex linguistic
relationships and contextual nuances within text. Neural topic modeling seeks to overcome these limitations by
leveraging the capabilities of neural networks, which excel at learning intricate patterns, contextual information
and semantic associations.

Key Principles of Neural Topic Modeling

Neural Network Architectures: Neural topic modeling employs neural network architectures as its foundation.
These architectures consist of interconnected layers of nodes (neurons) that can learn and represent complex
relationships in data.
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Word Embeddings: Neural models often start with word embeddings, such as Word2Vec or GloVe, to represent
words as continuous vectors in a multi-dimensional space. These embeddings capture semantic similarities
between words.

Document Representation: Documents are represented using vectors of word embeddings, allowing the model
to understand the content and context of each document.

Topic Distribution Layer: A key innovation in neural topic modeling is the introduction of a topic distribution
layer, where documents are transformed into probability distributions over topics. Each topic is represented as
a probability distribution, and the model learns to assign topics to documents based on their content.
Incorporating Context and Coherence: Neural models excel at capturing context and coherence between words
and documents, making them adept at generating topics that are contextually relevant and coherent.

Training and Optimization: Neural topic modeling models are trained on large datasets of text, optimizing their
parameters, including word embeddings and topic distributions, to maximize the likelihood of observed
documents. Gradient-based optimization techniques are commonly used.

Applications of Neural Topic Modeling

Neural topic modeling techniques have found applications across a wide range of domains, including but not
limited to:

Information Retrieval: Enhancing search engines and recommendation systems.
Document Clustering: Grouping similar documents for organization and analysis.
Recommender Systems: Personalizing content recommendations based on user preferences.
Sentiment Analysis: Identifying and tracking sentiments and opinions.

Content Summarization: Generating concise summaries of lengthy documents.

Neural topic modeling techniques represent a significant advancement in the field of text analysis. Their ability
to capture intricate topic structures, adapt to diverse text data, and uncover nuanced relationships makes them a
valuable tool for researchers and practitioners seeking to extract deeper insights from textual information.

In this paper also discussed various neural topic modeling techniques, explore their methodologies and
conduct a comparative analysis to understand their strengths and weaknesses thoroughly.

2.1. Neural Variational Inference (NVI):

Neural Variational Inference (NVI) is a cutting-edge approach to probabilistic modeling and inference that
combines the power of neural networks with the principles of variational inference. This technique is
particularly valuable for uncovering latent structures and patterns within complex data, including textual
data [5]. In this section, we explore the foundations, workings and applications of NVI in the context of topic
modeling and beyond.

Foundations of Neural Variational Inference:

Variational Inference: Variational inference is a probabilistic framework that aims to approximate complex
probability distributions with simpler, parameterized distributions. It formulates the inference problem as an
optimization task and seeks the best approximation to the true, often intractable and posterior distribution.
Neural Networks: Neural networks, known for their ability to capture intricate (complex) patterns in data, serve
as the core building blocks of NVI. These networks consist of layers of interconnected nodes (neurons) that can
model highly non-linear relationships.

How NVI Works

Probabilistic Modeling: NVI begins by formulating a probabilistic model that describes the data generation
process. In the context of topic modeling, this involves defining how documents are generated from topics and
words.

Variational Approximation: NVI introduces a variational distribution (also known as the "approximate
posterior™) that aims to approximate the true, often intractable, posterior distribution over latent variables. This

6176



Tuijin Jishu/Journal of Propulsion Technology
ISSN: 1001-4055
Vol. 44 No. 6 (2023)

variational distribution is parameterized and chosen to be from a tractable family of distributions, such as Gaussian
or multinomial distributions.

Neural Networks as Variational Inference: A crucial innovation in NVI is the use of neural networks to
parameterize the variational distribution. This means that the parameters of the variational distribution are learned
by a neural network, allowing it to capture complex dependencies in the data.

Obijective Function: NVI uses an objective function, typically the Evidence Lower Bound (ELBO), to optimize
the parameters of the variational distribution. The ELBO encourages the approximate posterior to be as close
as possible to the true posterior.

Stochastic Optimization: NVI employs stochastic optimization techniques, such as stochastic gradient descent
(SGD) or its variants, to maximize the ELBO. This involves iteratively updating the parameters of the neural
network to improve the approximation of the posterior distribution.

Applications of NVI

Topic Modeling: In the context of text analysis, NVI can be used for topic modeling tasks. It helps uncover latent
topics in a corpus of documents by learning the posterior distribution over topics and document-topic assignments.
Image Analysis: NVI is not limited to textual data; it has found applications in image analysis such as image
segmentation and object recognition.

Anomaly Detection: NVI is effective in detecting anomalies in various datasets, making it valuable for
applications like fraud detection and network security.

Generative Models: NVI can be used to train generative models, such as Variational Autoencoders (VAES),
which are capable of generating new data samples similar to those in the training set.

Neural Variational Inference stands at the intersection of probabilistic modeling, neural networks and data
analysis. It offers a potent framework for uncovering latent structures within data and its applications span a wide
array of domains [6]. As research in this field continues to evolve, NVI is poised to play a pivotal role in
advancing our understanding of complex data, including textual data in natural language processing tasks.

2.2. Transformer-Based Approaches:

Transformer-based approaches have transformed the landscape of natural language processing (NLP) and topic
modeling. These models, originally designed for machine translation, have become the cornerstone of modern
NLP due to their ability to capture contextual information and relationships within text data. In the context of
topic modeling, transformer-based approaches offer unparalleled advantages [7] [8]. The Transformer
architecture, introduced in the seminal paper "Attention is All You Need" by Vaswani et al., is the core foundation
of these approaches. It relies heavily on self-attention mechanisms to process input sequences, making it highly
capable of capturing dependencies between words and modeling global context.

How Transformer-Based Approaches Work

Self-Attention Mechanism: At the heart of the Transformer architecture is the self-attention mechanism. It allows
each word in a sequence to attend to all other words, with attention weights learned during training. This
enables the model to capture dependencies and relationships between words in a non-linear and contextually aware
manner.

Multi-Head Attention: To enhance the model's ability to capture different types of relationships, transformer-
based approaches employ multi-head attention mechanisms. These mechanisms enable the model to attend to
different parts of the input sequence simultaneously.

Positional Encodings: Transformers do not inherently encode information about the order or position of words
in a sequence. To overcome this limitation, positional encodings are added to the input embeddings, ensuring that
the model understands the sequential nature of the data.

Stacked Layers: Transformers consist of multiple stacked layers, each containing a self-attention sub layer
followed by feed forward neural networks. This layering enables the model to learn hierarchical
representations of the input data.
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Training Objectives: Transformer-based models are trained on large-scale text data using objectives such as
Maximum Likelihood Estimation (MLE) or masked language modeling (MLM). They are pre-trained on massive
datasets and fine-tuned for specific downstream tasks [9].

Applications of Transformer-Based Approaches in Topic Modeling

BERTopic: BERTOopic is an application of the Transformer architecture for topic modeling. It leverages
pre-trained BERT (Bidirectional Encoder Representations from Transformers) embeddings to capture contextual
information within documents and discover latent topics [10].

Top2Vec: Top2Vec is another transformer-based approach that combines the power of BERT embeddings with
document clustering techniques. It automatically identifies topics within a corpus, clusters documents into
topic groups, and provides document representations that maintain context [11].

Semantic Search: Transformers have been employed to create advanced search engines capable of
performing semantic search. These systems can retrieve documents and passages based on the context and
meaning of user queries.

Content Summarization: Transformer-based models can be used for generating content summaries that capture
the most salient information from a set of documents or articles.

Question Answering: In question-answering systems, transformers have demonstrated exceptional performance
by understanding the context and relationships between words in both questions and documents.

2.3 Deep Generative Models

Deep Generative Models represent a class of neural network architectures that merge generative modeling with
deep learning techniques. These models have garnered substantial attention for their ability to generate new data
samples that closely resemble training data. When applied to topic modeling, deep generative models offer a
flexible and powerful framework for discovering latent topics in textual data [12][13]. In this section, we explore
the foundations, workings and applications of deep generative models in the context of topic modeling.

Foundations of Deep Generative Models

Generative Modeling: Deep generative models belong to the family of generative models, which are designed to
learn the underlying data distribution and generate new data samples from it. They are primarily used for tasks
like data synthesis, data denoising, and anomaly detection.

Deep Neural Networks: Deep generative models are built on deep neural networks, which consist of multiple
layers of interconnected nodes (neurons). These networks can model complex, non-linear relationships in data.

How Deep Generative Models Work

Variational Autoencoders (VAEs): VAEs are a prominent class of deep generative models. They consist of two
main components: an encoder network and a decoder network.

Encoder: The encoder network takes input data (e.g., documents) and maps it to a lower-dimensional latent space.
This step involves learning a probability distribution over the latent variables, often modeling them as Gaussian
distributions.

Latent Space: The latent space is a lower-dimensional representation of the input data. It captures the essential
features and patterns in the data.

Decoder: The decoder network takes a point in the latent space and maps it back to the data space. It aims to
generate data samples that closely resemble the original input.

Obijective Function: Deep generative models are trained using an objective function that encourages the model
to generate data samples that match the training data distribution [14]. For VAEs, this objective often includes
two terms: a reconstruction loss (measuring how well the generated data matches the input) and a regularization
term (encouraging the latent space to follow a specific distribution, typically Gaussian).

Sampling from the Latent Space: Once trained, deep generative models enable sampling from the latent space.
Sampling from this space allows the generation of new data samples that capture the underlying structure of
the training data.
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Applications of Deep Generative Models in Topic Modeling

Probabilistic Topic Modeling: Deep generative models can be used to extend traditional topic modeling methods,
such as Latent Dirichlet Allocation (LDA), by incorporating deep generative capabilities. These models provide
more flexibility in modeling complex relationships between topics and documents.

Content Generation: Deep generative models can generate coherent and contextually relevant textual content.
This is valuable for content creation, data augmentation and content summarization tasks.

Anomaly Detection: Deep generative models can identify anomalies in text data by detecting samples that deviate
significantly from the learned data distribution. This is useful for spotting unusual or potentially fraudulent
content.

Fine-Grained Content Recommendation: By understanding the latent structure of documents, deep generative
models can provide fine-grained recommendations, improving user experiences in content recommendation
systems.

Deep generative models bring substantial benefits to topic modeling and text analysis but also pose challenges
[15]. They require large amounts of data for effective training and can be computationally intensive. Additionally,
ensuring interpretability of the latent topics learned by these models remains an ongoing challenge. As deep
generative models continue to advance, they hold the promise of revealing intricate latent topics within textual
data, opening up new horizons in content understanding and generation.

2.4. Comparative table for Neural Variational Inference (NVI), Deep Generative Models and Transformer-

Based Approaches
Aspect Neural Variational | Deep Generative | Transformer-Based
P Inference (NVI) Models Approaches
. Variational Inference + Transformer
Foundation Neural Nets Deep Neural Networks Architecture
Objective Prob_ablllstlc modeling Data generation Contextual_
and inference understanding
Kev Component Encoder-Decoder Variational Auto | Self-Attention
y P architecture encoders Mechanisms
Latent Space Contlnuous:, learned | Continuous, learned None explicitly
representation space
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Training Objective

Evidence Lower Bound
(ELBO)

Reconstruction and
regularized latent space

Maximum  Likelihood
Estimation (MLE),
Masked Language
Modeling (MLM)

Sampling from Latent

Yes Yes No
Space
Applications in  Topic | Probabilistic topic Enhanced LDA variants | BERTopic, Top2Vec
Modeling modeling '

. Limited (often focus on | Effective content | Effective content
Content Generation . . .
posterior samples) generation generation
. L|m|te_d (e O | Effective anomaly | Effective anomaly
Anomaly Detection modeling data . .
oo detection detection
distribution)
Scalability and | Good, depending on | Can be resource- | Efficient for pre-trained
Efficiency model complexity intensive models
Interpretability Moderate, depending on Moderate Moderate, depending on
the model model
Data Requirement Moderate to large datasets gy g | L DA TS
datasets models
Complexity of

Implementation

Moderate to complex

Moderate to complex

Moderate to complex

Common Use Cases

Document clustering,
content recommendation
and uncertainty modeling

Content generation and
anomaly detection

Information  retrieval,
content summarization
and content generation
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Improving Balancing model Enhancin efficienc
Future Directions and | interpretability, scalable | complexity with 9 ency
. - o and interpretability,
Challenges implementations and | efficiency and . - .
. . - multimodal integration
hybrid models interpretability

I11. Conclusion

In the dynamic landscape of topic modeling, three advanced techniques such as Neural Variational Inference
(NVI), Deep Generative Models and Transformer-Based Approaches stand out as formidable tools. These
methodologies bring distinctive strengths and perspectives to the task of unraveling latent topics within
textual data. NVI, by combining probabilistic modeling with neural networks, offers a robust framework for
capturing complex relationships and modeling uncertainty, making it particularly well-suited for applications like
document clustering, content recommendation, and personalized content summarization. However, it faces
challenges in interpretability and resource-intensive training. Deep Generative Models, exemplified by
Variational Autoencoders (VAES), excel in data generation and can represent intricate latent structures in text.
They prove invaluable for probabilistic topic modeling, content generation, fine-grained content recommendations
and anomaly detection. Nonetheless, achieving interpretability and managing computational demands are ongoing
concerns. Transformer-Based Approaches, rooted in contextual awareness, shine in capturing global
dependencies within text data, making them indispensable for tasks like semantic search, content summarization
and fine-grained recommendations.
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