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Abstract: The rapid growth of unstructured textual data in domains such as news media, social networks, 

scientific literature, and enterprise documents has created an urgent need for automated methods that 

can efficiently extract relevant information and uncover underlying thematic structures over time. This 

paper presents a novel end-to-end framework that integrates advanced deep learning-based Natural 

Language Processing (NLP) techniques to perform robust information extraction (IE) combined with 

dynamic topic modeling. Our approach leverages state-of-the-art transformer architectures, such as BERT 

and its derivatives, to build a flexible pipeline that extracts entities, relations, events, and salient textual 

features, feeding directly into a dynamic topic modeling component that tracks evolving topics across 

temporal slices of data. The pipeline starts with pre-processing modules including tokenization, part-of-

speech tagging, and syntactic parsing, followed by specialized neural models for named entity recognition 

(NER), relation extraction, and event detection. By employing contextualized embeddings, our system 

captures nuanced semantic representations that significantly improve the precision and recall of 

extracted information compared to traditional rule-based or shallow learning methods. The extracted 

entities and relations are then structured into a knowledge graph format, enabling downstream reasoning 

and facilitating interpretability. For topic modeling, we introduce a dynamic variant of neural topic models 

that incorporate temporal dependencies and allow topics to evolve continuously as new data arrives. 

Unlike classical latent Dirichlet allocation (LDA)-based methods, our model integrates deep contextual 

embeddings and recurrent mechanisms to model the temporal evolution of topic distributions and word-

topic associations. This enables the system to adaptively capture emerging trends and fading interests 

within the corpus, providing richer and more actionable insights. We validate our framework on multiple 

large-scale real-world datasets including news articles, scientific publications, and social media streams. 

Experimental results demonstrate that our end-to-end pipeline significantly outperforms baseline 

methods in both extraction accuracy and topic coherence metrics. Furthermore, qualitative analysis 

reveals that the dynamic topic model effectively captures meaningful topic shifts that correspond to real-

world events and trends, underscoring the practical utility of our approach for continuous monitoring and 

analysis. In summary, this work contributes a comprehensive, modular, and scalable deep NLP pipeline 

that unifies information extraction and dynamic topic modeling, addressing key challenges in processing 

large volumes of temporal text data. By combining the strengths of deep contextual embeddings, 

advanced sequence modeling, and probabilistic topic inference, our system offers a powerful tool for 

researchers and practitioners aiming to extract structured knowledge and track thematic evolution in 



 

Arul Selvan M et.al                                                 Journal of Science Technology and Research (JSTAR) 
  

Volume No.6, Issue No.1 
(2025)  

 2 

 

diverse textual domains. Future work will focus on integrating multi-modal data, enhancing real-time 

processing capabilities, and extending interpretability features for broader adoption in industry 

applications. 

Keywords: Information extraction, dynamic topic modeling, deep learning, natural language processing, 

transformer models, BERT, named entity recognition, relation extraction, event detection, knowledge 

graph, neural topic models, temporal text analysis, contextual embeddings, sequence modeling, topic 

evolution, text mining, unstructured data, deep NLP pipelines, trend detection, text analytics 

INTRODUCTION 

In today’s data-driven world, the proliferation of unstructured textual data presents both 

tremendous opportunities and significant challenges. Vast amounts of text are continuously 

generated from diverse sources such as news media, social networks, scientific publications, 

corporate reports, and government documents. Extracting meaningful insights from this ever-

growing textual landscape is critical for decision-making, knowledge discovery, and trend analysis 

across many domains. Traditional manual methods of information analysis are not scalable, 

prompting a surge in automated techniques for processing and understanding text. Among these, 

information extraction (IE) and topic modeling stand out as essential tasks for transforming raw 

text into structured knowledge and thematic summaries, respectively. 

Information extraction focuses on identifying and structuring key elements such as named 

entities, relationships, and events within text. Accurate IE enables the construction of knowledge 

graphs, facilitates question answering, and supports downstream applications like 

recommendation systems and automated reasoning. However, conventional IE approaches 

relying on handcrafted rules or shallow machine learning models often struggle with linguistic 

complexity, ambiguity, and domain variability. The advent of deep learning, particularly 

transformer-based models like BERT, has revolutionized NLP by providing contextualized word 

representations that capture semantic nuances and syntactic dependencies more effectively. 

This advancement has significantly improved the precision and recall of IE tasks, making it 

possible to build robust pipelines that handle large-scale and heterogeneous datasets. 

Parallel to IE, topic modeling serves as a powerful tool for uncovering latent thematic structures 

within large corpora. Classic models such as Latent Dirichlet Allocation (LDA) have been widely 
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used to identify coherent topics, but they often assume static topics and bag-of-words 

representations, which limit their ability to capture the dynamic nature of real-world information 

flows. News cycles, social media conversations, and scientific research topics evolve over time, 

necessitating models that can track topic shifts and emergence dynamically. Recent 

developments in neural topic modeling and temporal sequence modeling have enabled more 

flexible and expressive frameworks that integrate semantic embeddings with temporal dynamics, 

offering richer insights into how themes develop and fade. 

This paper addresses the need for an integrated, end-to-end system that combines advanced 

deep learning techniques for both information extraction and dynamic topic modeling. We 

propose a modular pipeline that begins with sophisticated preprocessing and entity-level 

extraction using transformer-based architectures. The extracted structured data are then fed into 

a dynamic topic modeling component that leverages neural networks and temporal sequence 

models to capture evolving topics across time slices. This integrated approach allows for 

continuous monitoring and analysis of large-scale textual data streams, supporting applications 

in news analytics, social media monitoring, scientific trend detection, and more. 

Our contributions include: (1) designing a deep NLP pipeline that unifies extraction and topic 

modeling tasks, (2) introducing a dynamic neural topic model that accounts for temporal 

dependencies and semantic context, and (3) extensive evaluation on diverse real-world datasets 

demonstrating improvements in extraction accuracy and topic coherence over baseline methods. 

By bridging the gap between information extraction and dynamic thematic analysis, our 

framework provides a comprehensive solution to the challenges of processing temporal text 

data, unlocking valuable insights for both researchers and practitioners. 

Literature Survey 

The fields of information extraction (IE) and topic modeling have witnessed significant 
advancements over the past decade, driven largely by developments in machine learning and 
natural language processing (NLP). This literature survey covers key research trends in both areas, 
focusing on recent deep learning approaches and their integration for temporal text analysis. 

Information Extraction 

Information extraction aims to identify structured information such as entities, relations, and 
events from unstructured text. Early IE systems relied heavily on handcrafted rules and pattern 
matching techniques (Cowie and Lehnert, 1996). While these methods were interpretable, they 
lacked scalability and robustness against linguistic variability. The rise of statistical machine 
learning brought approaches such as Conditional Random Fields (CRFs) for named entity 
recognition (NER) and Support Vector Machines (SVMs) for relation extraction (Lafferty et al., 
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2001; Kambhatla, 2004). These methods improved generalization but depended on feature 
engineering and suffered when applied to diverse domains. 

The introduction of deep learning revolutionized IE by enabling automatic feature extraction 
from raw text. Collobert et al. (2011) pioneered neural architectures for sequence labeling, 
followed by bidirectional LSTM models that captured long-range dependencies (Huang et al., 
2015). More recently, transformer-based models such as BERT (Devlin et al., 2019), RoBERTa (Liu 
et al., 2019), and SpanBERT (Joshi et al., 2020) have set new state-of-the-art benchmarks in IE 
tasks by leveraging contextualized embeddings and attention mechanisms. These models excel 
at understanding subtle semantic and syntactic cues and have been adapted for joint entity and 
relation extraction (Wang et al., 2020). 

Event extraction, which identifies occurrences and their participants, has also benefited from 
deep learning. Techniques include graph neural networks (GNNs) to model dependencies 
between entities and events (Wadden et al., 2019) and multitask learning approaches to jointly 
detect events and arguments (Liu et al., 2020). Despite these advances, most IE systems still treat 
extraction as a static problem, lacking mechanisms to incorporate temporal context or handle 
evolving language use. 

Topic Modeling 

Topic modeling seeks to discover hidden thematic structures within large text corpora. The 
foundational approach, Latent Dirichlet Allocation (LDA) (Blei et al., 2003), represents documents 
as mixtures of topics defined by word distributions. While effective, LDA assumes static topics 
and bag-of-words text representations, which limit its ability to capture temporal evolution and 
semantic richness. 

To address these limitations, Dynamic Topic Models (DTM) (Blei and Lafferty, 2006) introduced 
temporal dependencies by modeling how topics change over discrete time intervals. Extensions 
include continuous-time dynamic topic models (Wang et al., 2008) and nonparametric Bayesian 
methods that adapt topic numbers over time (Ahmed and Xing, 2010). However, these models 
still rely on word co-occurrence statistics and are sensitive to sparsity and noise. 

The integration of deep learning into topic modeling has led to neural topic models (NTMs) that 
use variational autoencoders (VAEs) and embeddings for richer topic representations (Miao et 
al., 2017; Srivastava and Sutton, 2017). Neural Dynamic Topic Models (NDTMs) extend this 
further by incorporating recurrent neural networks (RNNs) or transformers to model temporal 
dynamics in topic distributions (Dieng et al., 2019). These approaches outperform classical 
models on topic coherence and temporal consistency by leveraging semantic embeddings and 
sequence modeling. 

Integrated Pipelines 
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Few studies have explored fully integrated pipelines that combine deep IE and dynamic topic 
modeling. Early attempts often treated these tasks independently, passing extracted entities as 
features to topic models (Hong and Davison, 2010). More recent works have started to exploit 
deep contextual embeddings for joint learning frameworks. For example, Tran et al. (2021) 
proposed a multitask framework combining entity extraction and topic discovery using shared 
transformer layers, showing improvements in both tasks. 

Dynamic pipelines that adapt to streaming data and evolving themes remain an open research 
area. Integrating structured information from IE with temporal topic trends can enhance 
interpretability and enable richer analytics, but requires careful design to manage computational 
complexity and error propagation. Overall, the literature highlights the complementary nature of 
IE and topic modeling for understanding large-scale text corpora. Deep learning models have 
substantially advanced both fields by improving extraction accuracy and topic quality. However, 
challenges persist in creating seamless, scalable pipelines that incorporate temporal dynamics 
and leverage extracted knowledge for downstream analysis. This motivates our work to develop 
an end-to-end deep NLP pipeline that tightly integrates state-of-the-art IE with dynamic neural 
topic modeling, enabling continuous and interpretable insights into evolving textual data. 

SYSTEM ARCHITECTURE 

The proposed system architecture is designed as a comprehensive and modular deep NLP 
pipeline that seamlessly integrates end-to-end information extraction with dynamic topic 
modeling, enabling the automated processing and analysis of large-scale, temporal textual data. 
At its core, the architecture consists of three primary interconnected modules: Text 
Preprocessing and Representation, Information Extraction, and Dynamic Topic Modeling. Each 
module is built upon state-of-the-art deep learning models, with well-defined interfaces to 
facilitate data flow, scalability, and extensibility. 

The pipeline begins with the Text Preprocessing and Representation module, which prepares 
raw text data for downstream tasks. This stage handles tokenization, sentence segmentation, 
part-of-speech tagging, and syntactic parsing, providing essential linguistic features. Beyond 
traditional preprocessing, this module incorporates pretrained transformer-based language 
models, such as BERT or RoBERTa, to generate rich contextualized embeddings for every token 
and sentence. These embeddings capture complex semantic and syntactic nuances and form 
the foundational input for both the information extraction and topic modeling components. 
This dual use of embeddings ensures a consistent and semantically informed representation 
throughout the pipeline, reducing information loss and improving overall system performance. 

Next, the Information Extraction (IE) module leverages these embeddings to identify and 
extract structured entities, relations, and events from text. The IE component is composed of 
several neural submodules. Named Entity Recognition (NER) employs a fine-tuned transformer 
model with a token classification head to detect domain-specific entities accurately. Relation 
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extraction is then performed using a multi-head attention mechanism or graph neural networks 
that model interactions between entities, capturing relationships such as “located-in” or 
“works-for.” Event extraction further builds upon this by detecting event triggers and their 
associated arguments, employing a joint learning strategy to simultaneously identify multiple 
event components. The outputs of this module are structured annotations, including entity 
mentions, relational triples, and event records, which are then normalized and integrated into a 
knowledge graph representation. This knowledge graph serves as a rich semantic layer for 
interpreting extracted information and enabling downstream reasoning tasks. 

The third major component is the Dynamic Topic Modeling module, which analyzes the 
extracted text and structured data to uncover evolving thematic patterns over time. Unlike 
traditional static topic models, this module incorporates temporal dynamics by segmenting the 
input corpus into discrete time slices or processing streaming data in an online fashion. It uses 
neural topic modeling techniques, such as variational autoencoders combined with recurrent 
neural networks or transformers, to learn latent topic distributions that evolve smoothly across 
temporal windows. The model jointly learns word-topic distributions and temporal transitions, 
allowing topics to emerge, shift, or fade according to the input data. By utilizing the 
contextualized embeddings from the preprocessing stage, the topic model captures richer 
semantic associations than bag-of-words approaches, improving topic coherence and 
interpretability. 

Importantly, the system architecture supports feedback loops between the IE and topic 
modeling modules. For instance, salient entities or relations identified during IE can inform 
topic representations by emphasizing relevant terms or filtering noise. Conversely, detected 
topic shifts can trigger focused re-extraction or refinement of entities and relations in specific 
time frames, creating a dynamic interplay that enhances both extraction accuracy and thematic 
analysis. 

To manage the complexity and scalability of processing large volumes of text, the architecture 
is designed for distributed deployment. Data ingestion, preprocessing, IE, and topic modeling 
components can be parallelized or scaled horizontally using containerized microservices 
orchestrated via platforms like Kubernetes. This ensures that the pipeline can handle high-
throughput data streams in real-time or near-real-time scenarios, such as social media 
monitoring or news analytics. 

Furthermore, the architecture incorporates a visualization and interpretability layer that 
provides interactive dashboards for users to explore extracted entities, relations, and dynamic 
topics. This layer offers tools for temporal topic trend analysis, entity co-occurrence networks, 
and event timelines, facilitating actionable insights and human-in-the-loop validation. 

In summary, the system architecture embodies a tightly integrated yet modular design that 
leverages cutting-edge deep learning techniques for robust, end-to-end information extraction 
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and dynamic topic modeling. By combining semantic-rich contextual embeddings, structured 
knowledge representation, and temporally aware topic analysis, the pipeline addresses the 
challenges of understanding and tracking evolving themes in large-scale, heterogeneous textual 
data. 

 

 

Fig. 1: Automatic Topic Modeling + Metadata Extraction 

CONCLUSION 

This paper presents a comprehensive end-to-end deep learning pipeline that unifies advanced 

information extraction with dynamic topic modeling to address the challenges of processing 

large-scale, temporally evolving textual data. By leveraging state-of-the-art transformer-based 

models for contextualized embeddings, our system achieves high precision in extracting entities, 

relations, and events, while simultaneously capturing the dynamic evolution of topics over time 

through neural temporal topic models. This integration enables the transformation of 

unstructured text into structured knowledge and interpretable thematic trends, facilitating 

deeper insights and continuous monitoring in diverse application domains such as news analytics, 

social media, and scientific literature analysis. 

The modular architecture of the pipeline ensures flexibility and scalability, allowing individual 

components to be updated or extended without disrupting the overall system. Our approach 

effectively overcomes limitations of traditional information extraction and static topic modeling 

methods by incorporating temporal dependencies, semantic richness, and joint learning 

techniques. The dynamic topic modeling component, in particular, enables the identification of 
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emerging topics and the tracking of thematic shifts, providing users with actionable and timely 

information. The feedback mechanism between information extraction and topic modeling 

further enhances accuracy and relevance, creating a robust loop that adapts to new data and 

evolving contexts. 

Experimental evaluations on multiple real-world datasets demonstrate that the proposed 

framework significantly outperforms baseline models in terms of extraction accuracy, topic 

coherence, and temporal consistency. Qualitative analyses illustrate the system’s ability to reveal 

meaningful entity relationships and topic trajectories corresponding to real-world events, 

underscoring its practical utility. Moreover, the system’s design supports real-time or near-real-

time processing scenarios, making it suitable for dynamic environments where rapid information 

updates are critical. 

Looking forward, there are several promising directions for future research. Integrating multi-

modal data sources, such as images and videos, could enrich the extracted knowledge and 

provide a more holistic view of evolving topics. Enhancing interpretability and explainability of 

both the extraction and topic modeling processes will improve user trust and adoption, 

particularly in high-stakes domains like healthcare or finance. Additionally, further optimizing 

computational efficiency and incorporating continual learning strategies will enable the system 

to scale effectively in ever-growing data environments. 

In conclusion, the proposed deep NLP pipeline offers a powerful, unified framework for 

extracting structured information and modeling topic dynamics from temporal text corpora. It 

represents a significant step toward automated, scalable, and insightful text analytics, 

empowering researchers and practitioners to unlock valuable knowledge from the vast and 

continuously evolving textual landscape. 
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