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Abstract: The exponential growth of unstructured textual data across diverse domains has created an 

urgent need for efficient methods to extract meaningful information without relying on extensive labeled 

datasets. Unsupervised topic discovery and text extraction have emerged as critical tasks for summarizing, 

organizing, and understanding large-scale text corpora. Recent advances in generative artificial 

intelligence (AI) and embedding-based representation learning have transformed these tasks, enabling 

more accurate, scalable, and interpretable outcomes. This paper presents a comprehensive overview of 

the integration of generative AI models with embedding techniques to achieve unsupervised topic 

discovery and text extraction, highlighting the methodological innovations and practical implications. 

Traditional topic modeling approaches, such as Latent Dirichlet Allocation (LDA) and Non-negative Matrix 

Factorization (NMF), rely on probabilistic frameworks that often require assumptions about the number 

of topics or specific data distributions. These methods may struggle with the semantic richness and 

contextual complexity of modern textual datasets. In contrast, embedding techniques, which represent 

words, sentences, or documents as dense vector representations in continuous latent spaces, capture 

nuanced semantic and syntactic relationships. Techniques like Word2Vec, GloVe, and more recently 

contextualized embeddings from transformer-based models (e.g., BERT, GPT) have demonstrated 

superior capability in encoding textual context, thereby enhancing downstream unsupervised learning 

tasks. Generative AI models, especially those based on transformer architectures, have further expanded 

the potential for unsupervised text analysis. Their ability to generate coherent, context-aware text 

representations and perform conditional generation enables innovative approaches for topic discovery. 

For example, generative models can be fine-tuned to produce topic-relevant summaries or simulate latent 

topic distributions without explicit supervision. When combined with embeddings, these models facilitate 

a two-step process: first, representing the textual corpus in a high-dimensional semantic space; second, 

clustering or extracting salient themes and key phrases based on distance metrics or similarity scores. This 

integration leads to several practical advances. Embedding-based clustering methods (e.g., K-means, 

hierarchical clustering, or density-based algorithms) applied to generative AI-derived representations 

allow flexible discovery of topics that better reflect semantic coherence and human interpretability. 

Additionally, generative models can assist in extracting representative sentences or keywords that 

encapsulate the essence of discovered topics, enhancing interpretability and downstream usability. Such 

systems are particularly valuable in domains like social media analysis, customer feedback mining, 

scientific literature review, and legal document summarization, where labeled data is scarce or 

unavailable. Furthermore, recent developments in self-supervised learning and contrastive learning 

paradigms have improved embedding quality, making unsupervised topic discovery more robust to noise 
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and domain shifts. Combining these with generative pretraining yields models capable of capturing both 

local and global semantic patterns, which are critical for coherent topic formation and extraction. In 

conclusion, the synergy between generative AI and embedding techniques marks a significant 

advancement in unsupervised topic discovery and text extraction. This paradigm enables more adaptable, 

scalable, and semantically rich analysis of vast unstructured text data. Future research directions include 

improving interpretability through explainable AI techniques, integrating multimodal data sources, and 

developing domain-adaptive models to further enhance the applicability and accuracy of unsupervised 

text mining frameworks. 

Keywords: Unsupervised learning, topic discovery, text extraction, generative AI, embedding techniques, 

transformer models, natural language processing, semantic embeddings, clustering, latent topic 

modeling, self-supervised learning, contrastive learning, text summarization, document clustering, vector 
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INTRODUCTION 

In today’s data-driven world, the volume of unstructured textual information generated daily—

from social media posts, customer reviews, news articles, scientific publications, to legal 

documents—has grown exponentially. Extracting meaningful insights from this vast amount of 

text is essential for decision-making, knowledge discovery, and efficient information retrieval. 

However, the lack of labeled data and the high cost of manual annotation pose significant 

challenges to traditional supervised learning approaches. This situation has spurred the 

development of unsupervised methods for topic discovery and text extraction, which aim to 

identify hidden thematic structures and extract salient content without requiring prior 

annotations. 

Topic discovery refers to the process of uncovering latent themes or subjects within a large 

corpus, providing a high-level understanding of the text. Text extraction involves selecting key 

sentences, phrases, or keywords that succinctly summarize or represent these topics. Together, 

these tasks facilitate summarization, indexing, and exploration of textual data, enabling users to 

navigate complex datasets efficiently. Historically, unsupervised topic modeling techniques such 

as Latent Dirichlet Allocation (LDA) and Non-negative Matrix Factorization (NMF) have been 

widely used. These probabilistic models rely on word co-occurrence patterns and assume specific 
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generative processes. While effective in some contexts, these approaches often struggle to 

capture deep semantic relationships and context-dependent meanings, limiting their 

applicability for complex or noisy datasets. 

The advent of deep learning and particularly the rise of transformer-based models have 

revolutionized natural language processing (NLP). Embedding techniques, which encode words, 

sentences, or entire documents as dense vectors in continuous semantic spaces, provide a 

powerful way to capture rich linguistic patterns and contextual nuances. Early word embedding 

methods like Word2Vec and GloVe represented static meanings of words but were limited in 

handling polysemy and context variation. More recent contextual embeddings generated by 

models such as BERT, RoBERTa, and GPT dynamically adapt word representations based on their 

usage, significantly improving the semantic understanding of text. 

Generative AI models based on transformers have not only advanced language understanding 

but also enabled the generation of coherent and contextually relevant text. These models can be 

leveraged for unsupervised topic discovery by generating topic-related summaries or simulating 

latent thematic distributions without requiring labeled inputs. When combined with embedding-

based similarity measures and clustering algorithms, generative AI facilitates the identification of 

semantically coherent topics and extraction of representative content, enhancing interpretability 

and utility. 

This combination of generative AI and embedding techniques addresses several limitations of 

traditional methods. Embedding-based clustering allows flexible topic granularity and adapts 

better to diverse datasets. Generative models can highlight key sentences or phrases that 

encapsulate topics, improving human interpretability. Additionally, self-supervised learning 

paradigms and contrastive learning techniques further enhance the robustness and 

generalizability of embeddings, making them more resilient to noise and domain shifts. 

In this context, unsupervised topic discovery and text extraction using generative AI and 

embedding techniques have become indispensable tools in various applications, including social 

media analysis, customer feedback mining, academic research, and legal analytics. This 

introduction sets the stage for a detailed exploration of these methodologies, their integration, 

and the advances they bring to unsupervised text mining. 

Literature Survey 

Unsupervised topic discovery and text extraction have been extensively studied in natural 
language processing, evolving significantly over the past decades. Early efforts primarily focused 
on statistical models such as Latent Dirichlet Allocation (LDA) [Blei et al., 2003], which became a 
foundational method for uncovering latent topics by modeling documents as mixtures of topics 
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and topics as distributions over words. LDA’s probabilistic framework enabled interpretability 
and scalability but assumed a bag-of-words representation, ignoring word order and deep 
contextual information. Non-negative Matrix Factorization (NMF) [Lee and Seung, 1999] also 
gained popularity for topic modeling by decomposing term-document matrices, offering a linear 
algebraic perspective, but it too faced limitations in capturing semantic richness. 

With the emergence of neural networks and representation learning, embedding techniques 
revolutionized textual analysis. Word2Vec [Mikolov et al., 2013] introduced dense word 
embeddings that preserved semantic relationships, enabling words with similar meanings to 
have nearby vector representations. GloVe [Pennington et al., 2014] further improved 
embeddings by incorporating global co-occurrence statistics. However, both methods generated 
static embeddings, failing to account for polysemy or context variance. 

The introduction of transformer-based models marked a paradigm shift. BERT (Bidirectional 
Encoder Representations from Transformers) [Devlin et al., 2019] leveraged masked language 
modeling and deep bidirectional context, producing dynamic embeddings sensitive to word 
usage. This development enhanced downstream NLP tasks, including unsupervised topic 
discovery. RoBERTa [Liu et al., 2019] and other transformer variants refined pretraining 
techniques, boosting embedding quality. Studies such as [Grootendorst, 2020] introduced 
BERTopic, a framework combining BERT embeddings with clustering algorithms to discover 
interpretable topics without supervision, illustrating the power of embedding-driven 
approaches. 

Generative AI models, particularly large-scale autoregressive models like GPT series [Radford et 
al., 2018; Brown et al., 2020], expanded capabilities beyond static representations by generating 
coherent and contextually relevant text. These models have been adapted for unsupervised 
tasks, using techniques such as zero-shot and few-shot learning to simulate topic-related content 
or generate summaries that reveal thematic structures. Research by [Reimers and Gurevych, 
2019] demonstrated the effectiveness of sentence embeddings for clustering and semantic 
search, while recent efforts explore leveraging generative models for extractive summarization 
[Liu and Lapata, 2019] and keyphrase extraction [Zhang et al., 2020]. 

The synergy between generative AI and embedding techniques has been further enriched by 
advancements in self-supervised and contrastive learning. Models like SimCSE [Gao et al., 2021] 
and SupCon [Khosla et al., 2020] optimize embeddings by contrasting positive and negative pairs, 
enhancing semantic discrimination even without labels. This improvement translates directly into 
better clustering and topic extraction performance, addressing challenges related to noisy data 
and domain adaptation. 

Despite these advancements, challenges remain. Topic coherence and interpretability still 
depend on clustering algorithms and post-processing steps. High computational costs and the 
need for large-scale pretrained models can limit accessibility. Moreover, generative models 
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occasionally produce plausible but incorrect information, requiring careful validation in critical 
domains. 

Recent surveys [Allahyari et al., 2017; Blei, 2012] and benchmarks underscore the ongoing 
research in balancing model complexity, interpretability, and scalability. Hybrid approaches that 
combine statistical methods with neural embeddings and generative models continue to emerge, 
indicating a trend towards more robust, adaptable frameworks. 

In summary, the literature highlights a trajectory from probabilistic topic models to embedding-
driven and generative AI-based unsupervised methods, reflecting broader shifts in NLP towards 
deeper contextual understanding and more flexible, data-efficient solutions. The integration of 
these technologies offers promising avenues for advancing unsupervised topic discovery and text 
extraction, with ongoing research focused on overcoming current limitations and expanding 
practical applications. 

SYSTEM ARCHITECTURE 

The system architecture for unsupervised topic discovery and text extraction leveraging 
generative AI and embedding techniques is designed to efficiently process large volumes of 
unstructured text data, identify coherent topics, and extract representative content without 
requiring labeled data. The architecture integrates multiple components, including data 
ingestion, preprocessing, embedding generation, generative modeling, clustering, and output 
generation, orchestrated to maximize semantic understanding and interpretability. The following 
sections detail each component and their interactions within the overall pipeline. 

 Data Ingestion and Storage 

The system begins with the ingestion of raw textual data, which can come from diverse sources 
such as social media feeds, news articles, research papers, customer reviews, or internal 
enterprise documents. This component handles data extraction, transformation, and loading 
(ETL) to ensure consistent and clean input for downstream processing. Data is stored in a scalable 
storage layer, such as distributed file systems or cloud object storage, to accommodate 
potentially large corpora and enable parallel processing. 

Text Preprocessing 

Raw textual data often contains noise, inconsistencies, and irrelevant information. The 
preprocessing module performs several key tasks: 

Tokenization: Splitting text into tokens (words, phrases, or subwords). 

Normalization: Lowercasing, removing punctuation, and handling special characters. 
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Stop-word removal: Eliminating common words that do not contribute to semantic meaning. 

Lemmatization/Stemming: Reducing words to their root forms to unify variants. 

Noise filtering: Removing irrelevant metadata, advertisements, or HTML tags. 

These steps help standardize the input and reduce dimensionality, improving the quality of 
embeddings and subsequent topic discovery. 

Embedding Generation 

The core of the system is the embedding generation layer, which transforms processed text into 
dense vector representations capturing semantic and syntactic nuances. This module leverages 
pretrained transformer-based models such as BERT, RoBERTa, or GPT variants. Embeddings can 
be generated at multiple granularities: 

Word embeddings: Capture individual word semantics but may lack context. 

Sentence embeddings: Represent entire sentences or paragraphs, offering richer context. 

Document embeddings: Aggregate multiple sentences or entire documents for global 
understanding. 

Contextualized embeddings dynamically adjust representations based on usage, enabling the 
system to distinguish between polysemous words and complex sentence structures. Depending 
on the application, the system may also fine-tune these pretrained models on domain-specific 
corpora to improve relevance. 

Generative AI Module 

This module incorporates generative transformer models that can produce coherent textual 
content based on learned patterns. Generative AI serves several functions in the architecture: 

Topic summarization: Generating concise summaries of candidate topics identified through 
embeddings. 

Keyword/phrase generation: Proposing representative phrases or key terms that encapsulate 
topics. 

Topic refinement: Iteratively improving topic coherence by generating sample documents or 
sentences under hypothesized topics. 
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By simulating plausible thematic content, the generative AI assists in enhancing the 
interpretability and semantic richness of discovered topics. This module operates without 
supervision, relying on pretrained knowledge and contextual embeddings. 

Clustering and Topic Discovery 

Once embeddings are obtained, the system applies clustering algorithms to group semantically 
similar documents or sentences into topics. Common clustering techniques include: 

K-means clustering: Partitioning data into a predefined number of clusters. 

Hierarchical clustering: Building a tree of clusters to explore topic granularity. 

Density-based clustering (DBSCAN): Identifying clusters based on data density, useful for noisy 
datasets. 

Distance or similarity metrics, such as cosine similarity, guide the clustering process in the high-
dimensional embedding space. The system can automatically estimate the optimal number of 
topics using heuristics or validation metrics like silhouette scores. 

Topic Representation and Text Extraction 

After clustering, the system extracts representative textual elements for each topic to aid 
interpretation and usability: 

Representative keywords: High-frequency or high-weighted terms within clusters. 

Key sentences or excerpts: Selected via similarity scoring or using generative AI to produce topic 
summaries. 

Topic labels: Generated automatically by analyzing dominant keywords or using generative 
models to propose descriptive labels. 

These outputs provide users with clear, concise views of the discovered topics and their core 
content. 

User Interface and Visualization 

The final layer of the architecture is a user-facing interface that presents the topics and extracted 
text in an accessible manner. Visualization tools such as interactive topic maps, word clouds, or 
cluster dendrograms help users explore relationships between topics and drill down into detailed 
textual content. Additionally, the interface supports search and filtering functionalities to refine 
results based on user interests. 
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Feedback Loop and Model Updating 

To enhance performance over time, the system may incorporate a feedback loop where user 
interactions and corrections are logged to refine embeddings, generative models, or clustering 
parameters. This iterative learning process ensures adaptability to evolving datasets and user 
needs. This system architecture integrates the strengths of embedding techniques and 
generative AI models within an unsupervised learning framework to achieve scalable, 
interpretable topic discovery and text extraction. It balances preprocessing rigor, semantic 
representation, generative capabilities, and clustering robustness to deliver high-quality insights 
from large unstructured textual corpora. By modularizing components and leveraging pretrained 
models, the system ensures flexibility and extensibility for diverse applications and domains. 

 

 

Fig. 1: Exploring AI-driven approaches for unstructured document analysis and future horizons  

CONCLUSION 

The integration of generative AI and embedding techniques marks a significant advancement in 

the field of unsupervised topic discovery and text extraction. Traditional topic modeling methods, 

while foundational, often fall short in capturing the rich semantic context and complex language 

patterns found in modern textual datasets. By leveraging deep contextual embeddings generated 

by transformer-based models such as BERT and GPT, the system can encode nuanced semantic 

relationships, enabling more accurate and meaningful topic detection. 
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Generative AI further complements this by producing coherent summaries and representative 

content that enhance the interpretability and usability of discovered topics. This synergy allows 

for flexible clustering and extraction processes that do not rely on labeled data, making it highly 

applicable to domains where annotated datasets are scarce or costly to obtain. Additionally, 

advances in self-supervised and contrastive learning have improved the robustness and 

adaptability of embeddings, addressing issues related to noise and domain shifts. 

The proposed system architecture demonstrates how these components can be orchestrated 

effectively—from data ingestion and preprocessing to embedding generation, generative 

modeling, clustering, and user-friendly visualization. Such an architecture supports scalable and 

interpretable analysis of large unstructured corpora, enabling users to gain actionable insights 

efficiently. 

Despite these advances, challenges remain, including computational resource demands, topic 

coherence evaluation, and ensuring factual accuracy in generative outputs. Future research 

directions include enhancing model interpretability through explainable AI techniques, 

integrating multimodal data sources, and developing domain-adaptive models to increase 

applicability. 

Overall, unsupervised topic discovery and text extraction powered by generative AI and 

embedding methods represent a promising frontier in natural language processing, offering 

scalable, adaptable, and semantically rich solutions for unlocking insights from vast amounts of 

textual data. 
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