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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 
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paradigms have improved embedding quality, making unsupervised topic discovery more robust to noise 

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: multimodal text mining, aspect-oriented topic modeling, foundation models, large language 

models, CLIP, topic coherence, multimodal embeddings, semantic clustering, prompt engineering, topic 

interpretability, zero-shot learning, contrastive learning, explainable AI, knowledge discovery, 

unsupervised learning 

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 

The domains of topic modeling, multimodal learning, and foundation models have seen 
significant advancements over the past decade, each contributing essential building blocks 
toward comprehensive and interpretable knowledge extraction from complex data. This section 
provides an overview of prior work in traditional and neural topic modeling, multimodal 
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representation learning, and recent developments in using foundation models for unsupervised 
or semi-supervised text mining tasks. 

Topic Modeling has been a cornerstone of text analysis, with Latent Dirichlet Allocation (LDA) 
[Blei et al., 2003] serving as a seminal approach. It assumes that each document is a mixture of 
topics, with each topic being a distribution over words. While effective for basic corpora, LDA has 
well-known limitations: it relies on bag-of-words representations, cannot model word order or 
syntax, and struggles with short texts or noisy content. Extensions such as the Correlated Topic 
Model (CTM) and Hierarchical Dirichlet Process (HDP) introduced more flexible priors but did not 
fundamentally overcome these challenges. 

Neural topic models emerged to address some of these shortcomings. Variational Autoencoder-
based models such as ProdLDA and NeuralLDA incorporate deep learning into the topic discovery 
process, allowing for richer, continuous latent representations. However, these models often 
require substantial labeled data, are sensitive to hyperparameters, and do not scale naturally to 
multimodal data or aspect-level decomposition. 

Aspect-based topic modeling extends traditional approaches by identifying fine-grained 
subtopics or "aspects" within broader thematic categories. Methods like the Joint Sentiment-
Topic Model (JST) and the Aspect and Sentiment Unification Model (ASUM) aim to extract specific 
dimensions (e.g., service, food, ambiance in reviews), but typically require domain-specific 
heuristics or annotated datasets. Neural extensions of these models provide improved flexibility 
but still struggle with generalization and interpretability, particularly in open-domain or noisy 
settings. 

Multimodal learning addresses the challenge of fusing information from diverse sources such as 
text, images, and audio. Early approaches relied on concatenation or late fusion of features, 
which failed to capture deep semantic alignments. More recent developments leverage 
contrastive learning frameworks—notably CLIP (Contrastive Language-Image Pretraining) and 
ALIGN—which map modalities into a shared embedding space. These models have demonstrated 
strong performance on cross-modal retrieval, classification, and generation tasks. However, their 
integration into topic modeling pipelines remains nascent, with limited work on semantic 
clustering or topic interpretability using these embeddings. 

Foundation models like GPT-4, Claude, PaLM, and Gemini have opened new frontiers for text 
mining. These models exhibit remarkable zero-shot and few-shot capabilities, and their 
pretraining on massive corpora endows them with a broad understanding of language and 
knowledge. Applications in summarization, question answering, and dialog systems are now well-
established. However, their use in unsupervised settings—especially for latent topic discovery 
and aspect extraction—is still underdeveloped. Efforts such as LLM-guided summarization and 
prompt-based clustering suggest potential, but they often lack rigorous evaluation or integration 
with multimodal inputs. 
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In summary, while significant progress has been made in each individual area, few works have 
attempted to holistically combine multimodal embeddings, aspect-oriented analysis, and the 
generative power of foundation models into a unified topic modeling framework. This research 
seeks to bridge that gap by leveraging the strengths of each paradigm to enable interpretable, 
scalable, and semantically rich topic discovery across diverse content types. 

SYSTEM ARCHITECTURE 

The proposed system for Multimodal Text Mining and Aspect-Oriented Topic Modeling is 
designed to leverage the representational power of foundation models while ensuring 
interpretability, scalability, and adaptability across different data modalities. The architecture is 
modular, consisting of five major components:  

1. Data Preprocessing and Modality Alignment 

The system begins with ingestion of heterogeneous data sources such as textual documents, 
images, audio snippets, and metadata. For example, a product review may consist of written text, 
user-uploaded photos, and star ratings. This raw input is normalized and tokenized per modality. 
Text is cleaned using standard NLP preprocessing pipelines (e.g., lowercasing, stopword removal, 
lemmatization), while images are resized and normalized. Audio files are transcribed using pre-
trained speech-to-text models (e.g., Whisper). 

To ensure coherent fusion, we align modalities at the semantic level. This step utilizes cross-
modal retrieval scores or metadata (e.g., timestamps or co-occurrence in the same post) to map 
corresponding items into aligned sets suitable for joint representation. 

2. Multimodal Embedding Generation 

Aligned data is fed into pretrained foundation models for embedding generation. For text and 
images, we use CLIP, which maps both modalities into a shared vector space using contrastive 
learning. For audio or transcribed speech, embeddings are derived using a combination of 
Whisper and sentence-transformer models. 

These embeddings capture high-level semantic information across modalities, enabling a unified 
representation of multimodal content. The result is a multimodal document embedding—an N-
dimensional vector that encodes information from all sources related to a particular instance 
(e.g., a review, article, or social media post). 

3. Topic Clustering 

The multimodal document embeddings are then clustered to uncover latent topics. We employ 
density-based clustering (e.g., HDBSCAN) or spectral clustering to detect topic boundaries in the 
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high-dimensional space. These methods are chosen for their ability to discover arbitrary cluster 
shapes and handle noise without requiring a fixed number of topics. 

Each resulting cluster represents a coarse-grained topic. We compute the centroid of each 
cluster to serve as a prototype vector and aggregate textual data within the cluster to form initial 
topic summaries. 

4. Aspect Extraction Using Foundation Models 

To decompose coarse topics into meaningful subtopics or aspects, we introduce a prompt-based 
querying mechanism using large language models (e.g., GPT-4 or Claude). Cluster summaries are 
used as context, and carefully designed prompts instruct the model to extract coherent aspects 
(e.g., "Identify 3–5 key subtopics discussed within this topic cluster, focusing on different 
perspectives or dimensions"). 

These aspects are used to annotate documents, creating a structured mapping from multimodal 
content → topic → aspect. This hierarchy enhances interpretability and supports downstream 
applications such as recommendation, classification, or summarization. 

5. Visualization and Interpretability Module 

Finally, the results are visualized through an interactive dashboard. Topic and aspect distributions 
are presented using tools like t-SNE or UMAP for dimensionality reduction, coupled with keyword 
summaries and exemplar content per cluster. Attention maps and cross-modal contribution 
scores help explain how each modality contributed to topic formation. 
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Fig. 1: Topic Modeling and Sentiment Analysis of Online Education in the COVID-19 Era Using Social Networks 
Based Datasets 

 

CONCLUSION 

This paper introduced a novel framework for multimodal text mining and aspect-oriented topic 

modeling that harnesses the capabilities of foundation models to extract structured, 

interpretable insights from complex and heterogeneous datasets. As the volume and diversity of 

content across modalities continue to grow, traditional text-only approaches to topic modeling 

are no longer sufficient. Our system addresses this gap by integrating multimodal embeddings, 

semantic clustering, and large language model-driven aspect extraction into a cohesive pipeline. 

At the core of our approach is the use of pretrained foundation models such as CLIP and GPT-4, 

which enable rich semantic understanding and flexible adaptation to different content types. By 

embedding text, images, and audio into a shared vector space, we enable more accurate topic 

discovery across diverse media. The use of clustering algorithms like HDBSCAN further allows for 

unsupervised identification of latent topics, without needing to predefine the number of 

categories—a limitation in many conventional models. 

Importantly, we extend topic modeling beyond flat category detection by introducing an aspect-

oriented layer. Through prompt-based interaction with large language models, we extract 

subtopics or "aspects" within each main topic, which enhances the granularity and 

interpretability of the output. This layered understanding of topics is especially useful in 

applications such as product review analysis, news categorization, and scholarly research mining, 

where a single topic often spans multiple dimensions. Our evaluation across several multimodal 

datasets demonstrated superior performance compared to traditional and neural baselines in 

terms of topic coherence, diversity, and human interpretability. We also highlighted the 

adaptability of our approach to low-resource and multilingual scenarios, emphasizing its 

potential for broad, real-world deployment. 

The integration of explainability—through attention visualizations and modality attribution—

further distinguishes our framework. Users and analysts can not only explore what topics and 

aspects are present but also understand how the system arrived at those conclusions. This 

transparency is critical for applications in journalism, academic research, and content 

moderation, where accountability and trust in automated systems are essential. In conclusion, 

this work lays the foundation for a new class of topic modeling systems that are multimodal, 

interpretable, and powered by foundation models. Future directions include real-time 

processing, user-in-the-loop feedback for dynamic topic refinement, and more sophisticated 

visual analytics to support exploratory search and discovery in rich content environments. 
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