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Abstract 

This paper presents a locally deployed Natural Language Processing (NLP) system designed to perform 

secure document summarization and context-aware question answering. The proposed framework 

addresses critical concerns related to data privacy by eliminating dependence on external APIs or cloud-

based services. By leveraging advanced Large Language Models (LLMs), vector databases, and modern 

NLP tools such as LangChain, Hugging Face, Qdrant, and Streamlit, the system enables users to interact 

intelligently with unstructured documents in a fully offline environment. The architecture facilitates 

efficient document parsing, semantic embedding, and retrieval-augmented generation (RAG), 

empowering users to generate concise summaries and retrieve precise information through natural 

language queries. This solution is particularly well-suited for privacy-sensitive domains such as 

healthcare, law, finance, and research, where local data control and confidentiality are essential. The 

framework not only enhances document comprehension but also promotes efficient information retrieval 

and workflow automation. 
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1. Introduction 

In the digital age, the proliferation of information has posed challenges in efficiently extracting meaningful 

and relevant data. With the exponential growth of online content, users often struggle to locate specific 

information or grasp the core ideas of lengthy documents. This has spurred the development of advanced 

Natural Language Processing (NLP) technologies to bridge this gap. Large Language Models (LLMs) and 

NLP frameworks such as LangChain and HuggingFace have revolutionized how we process and 

comprehend textual data. These technologies enable powerful tools for tasks like summarization, 

contextual understanding, and query-based information retrieval. By integrating such cutting-edge 
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advancements, it becomes possible to address challenges in navigating complex documents and providing 

precise, actionable insights [1] [2].The ability to efficiently summarize and interact with documents has 

transformative potential across domains such as education, business, healthcare, and research. Tools 

capable of summarizing URLs, PDFs, and articles not only save time but also enhance decision-making 

by distilling critical information. Additionally, functionalities like "Chat with PDF" empower users to 

engage interactively with documents, enabling deeper exploration and clarity on specific queries. By 

leveraging LLMs, NLP, and vector databases, these technologies enhance the accessibility and usability 

of vast data repositories. They promote informed decision-making, ensure clarity in communication, and 

democratize access to knowledge, paving the way for more effective workflows and enriched user 

experiences [3] [4].Key applications of these tools span across various sectors, providing significant value 

in diverse fields. In education, they assist students and professionals in quickly digesting extensive study 

materials, making learning more efficient. In corporate workflows, these tools streamline the review 

process of lengthy reports, contracts, and legal documents, saving time and improving decision-making. 

In healthcare, they simplify complex medical research papers, enabling practitioners and patients to access 

key information more easily. Media and journalism benefit by extracting concise summaries from news 

articles, interviews, and other content, allowing journalists to stay updated with minimal effort. 

Additionally, these tools can enhance productivity in sectors like law, finance, and research, where time-

sensitive document review is crucial. By enabling faster comprehension of detailed content, they 

contribute to improved workflow and decision-making. They can also be applied to personal use, aiding 

individuals in quickly understanding long-form content[5] [6]. 

2. The integration of advanced NLP technologies and LLM frameworks like LangChain and 

HuggingFace offers numerous advantages. These tools enable efficient summarization of lengthy 

documents, saving time and reducing cognitive load for users. They enhance contextual understanding, 

ensuring that extracted insights are accurate and relevant. Query-based information retrieval capabilities 

allow users to interact with content conversationally, improving accessibility and engagement. 

Furthermore, these technologies support seamless navigation of complex datasets, delivering precise and 

actionable insights that enhance productivity and decision-making across various domains. By automating 

information extraction, they address the challenges of information overload and streamline workflows 

effectively[7].Current NLP systems and large language models (LLMs) face several challenges despite 

their advancements. They often struggle with maintaining semantic coherence and contextual 

understanding, especially in domain-specific or nuanced texts. Handling very long documents is 

problematic due to input size constraints, leading to potential loss of critical information. Additionally, 

the absence of standardized evaluation metrics complicates the assessment of summarization quality. 

These systems also reflect biases from training data, lack true reasoning capabilities, and require 

significant computational resources, limiting accessibility. Privacy concerns further arise when processing 

sensitive documents, highlighting the need for more secure and efficient solutions[8]. 

3. The authors proposed an algorithm for automatic text summarization that combines extractive and 

abstractive methods to improve accuracy and reduce redundancy, supporting multilingual summarization 

in English, Hindi, and Marathi. The approach uses NLP tools, including WordNet, to identify action words 

and employs algorithms involving Jaccard similarity, mean functions, and shingling for clustering and 

selecting relevant text segments. The method efficiently generates summaries with good coverage, 

avoiding redundancy, and supports multiple languages. The study concludes that this system enhances 

summarization accuracy, leveraging NLP and WordNet to create concise and meaningful summaries with 
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reduced delays [9], [10].The authors developed an extractive summarization model for newspaper articles 

in Kannada and English, using ontology and word scoring techniques. They implemented AutoSum, a tool 

that calculates keyword and sentence scores based on lexicons, word frequency, and sentence position. 

The approach combines statistical methods like term frequency with a customized XML-based Kannada 

lexical database for effective summarization. Machine-generated summaries aligned with human-

generated ones by up to 80% in Kannada and 70% in English, with better results for longer summaries. 

AutoSum proved efficient for summarizing text in both languages. Future work includes expanding lexical 

databases and supporting more languages[11].The authors proposed HIBERT, a hierarchical bidirectional 

transformer model pre-trained for extractive document summarization, achieving state-of-the-art 

performance on the CNN/DailyMail and New York Times datasets. HIBERT uses hierarchical 

transformers to encode sentence- and document-level representations, pre-trained with a masked sentence 

prediction task on unlabeled documents and fine-tuned on summarization datasets to predict important 

sentences. The model outperformed previous methods, showing a 1.25 ROUGE improvement on 

CNN/DailyMail and 2.0 on NYT50, with fewer parameters compared to BERT. This hierarchical 

approach effectively captured relationships across sentences and documents, enhancing summarization 

quality and offering potential for broader hierarchical text-processing applications like document QA. 

4. The authors developed a system to generate extractive summaries of legal documents using NLP 

and ML techniques, simplifying lengthy legal texts for quick comprehension. The process involved 

preprocessing steps like tokenization, text cleaning, and stop-word removal, followed by semantic 

vectorization of sentences using the Law2Vec embedding model. A similarity matrix was computed using 

cosine similarity, and sentences were ranked using the PageRank algorithm. The study demonstrated that 

the system effectively captures legal terminology, generating concise summaries that save time while 

preserving essential information. The authors concluded that the proposed system enhances legal 

document understanding and suggested future work on extending it to abstractive summarization for 

improved conciseness[12]. 

5. Huan Yee Koh et al. conducted an empirical survey on long document summarization, analyzing 

baseline and state-of-the-art systems using benchmarks like arXiv. They reviewed various methods, 

categorizing systems into supervised, unsupervised, neural, and hybrid approaches, with innovations such 

as discourse-aware and transformer-based architectures. The study found that models like Pegasus and 

Longformer achieve high performance but struggle with very long documents and maintaining semantic 

coherence. The authors concluded that advancements are required in handling discourse structures and 

developing hybrid approaches to overcome the limitations of current summarization systems[13].The 

authors proposed HIBERT, a hierarchical bidirectional transformer model pre-trained for extractive 

document summarization, achieving state-of-the-art performance on the CNN/DailyMail and New York 

Times datasets. HIBERT uses hierarchical transformers to encode sentence- and document-level 

representations, pre-trained with a masked sentence prediction task on unlabeled documents and fine-

tuned on summarization datasets to predict important sentences. The model outperformed previous 

methods, showing a 1.25 ROUGE improvement on CNN/DailyMail and 2.0 on NYT50, with fewer 

parameters compared to BERT. This hierarchical approach effectively captured relationships across 

sentences and documents, enhancing summarization quality and offering potential for broader hierarchical 

text-processing applications like document QA[14]. 
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2. Methodology 

Natural Language Processing (NLP) is a field of artificial intelligence focused on enabling 

machines to understand, interpret, and generate human language. It plays a crucial role in applications like 

text summarization, translation, sentiment analysis, and question answering. Leveraging NLP, web 

applications can process large volumes of text data to extract meaningful insights. Modern frameworks 

such as Lang Chain facilitate building NLP pipelines that connect Large Language Models (LLMs) with 

external data sources, while Hugging Face provides access to pre-trained models for various language 

tasks. Tools like Qdrant offer vector storage for efficient semantic search, and Ollama aids in managing 

LLMs locally. Streamlit integrates these components into interactive web applications, enabling real-time 

summarization of PDFs and other text content, showcasing the power of NLP in enhancing information 

processing. The framework of the system is to develop a web application that summarizes the pdf using 

the Streamlit, Langchain, and NLPs in which the architecture of the model can be seen in figure 1. 

2.1 Architecture: 

This diagram represents the architecture of a retrieval-augmented generation (RAG) system, which 

combines a retriever and a large language model (LLM) to generate informed responses by leveraging 

external knowledge sources such as vector databases. 

 

Figure 1: Architecture of the Model 

 

The process outlined in the handwritten notes represents an advanced pipeline for handling 

unstructured PDF documents, converting them into vector embeddings, storing them efficiently, and 

using them for intelligent semantic search with a Large Language Model (LLM). Below is a step-by-

step process: 

I. PDF Upload:  

 The process starts with uploading a PDF file. This step is performed through a web-based 

interface. This step ensures that the file is accessible for further processing. 
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II. PDF Parsing: 

 Once the PDF is uploaded, it undergoes parsing using UnstructuredPDFLoader. This tool ex-

tracts text from the PDF, breaking it down into a structured format. At this stage, text is also 

chunked into smaller pieces to facilitate embedding and efficient retrieval. 

III. Text Embedding: 

 Once the text is extracted and chunked, it is converted into numerical representations called 

embeddings. Embeddings are high-dimensional vectors that capture the semantic meaning of 

words, sentences, or entire documents. 

 Embedding Models: The process typically uses a model is Hugging Face transformers to gen-

erate these embeddings. These models ensure that semantically similar sentences are mapped 

closer in vector space. Each chunk of text is passed through the embedding model. The model 

outputs a fixed-size vector representation of the chunk. These vectors capture meaning rather 

than just word similarity. 

IV. Storage in a Vector Database: 

 The generated embeddings are stored in a vector database (Vector DB). A vector database is 

optimized for storing and retrieving high-dimensional vectors, making it suitable for semantic 

search. 

V. Query Processing and Vector Retrieval: 

 When a user submits a query, it is also converted into an embedding (a vector representation) 

and compared against the stored vectors in the vector database. The database retrieves the most 

relevant text chunks based on their similarity to the query. 

VI. Semantic Search and Query Expansion: 

 The retrieved chunks, which contain semantically relevant information, are combined with the 

query. This step ensures that related content is retrieved and passed to the next stage, improving 

the response quality. 

VII. LLM Processing and Response Generation: 

 The query, along with the related chunks, is fed into a large language model (LLM). The LLM 

processes the information, understands the context, and generates a relevant output or response 

for the user. 

This process creates an efficient AI-powered document search and question-answering system. By 

leveraging PDF parsing, embeddings, vector databases, semantic search, and LLMs, it provides decent 

accurate, context-aware responses to user queries. This workflow can be applied in legal document 

search, research paper retrieval, customer support automation, and enterprise knowledge management. 
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2.2 Proposed Block Diagram: 

 
 

Figure 2: Proposed Block Diagram 

 

The proposed system architecture is designed to facilitate secure, efficient, and interactive document 

analysis by leveraging locally deployed NLP components and large language models (LLMs). The flow 

begins at the User Interface (UI), where users can upload documents, submit queries, or interact with the 

system via a chatbot. This interface can be developed using lightweight frameworks like Streamlit for web 

applications or integrated into more complex front-end platforms for desktop or mobile access. 

Once input is received, it is routed through a Preprocessing and Embedding Layer, where queries or 

document content are tokenized and transformed into vector representations using models such as BERT, 

SBERT, or Hugging Face’s transformer models. These embeddings preserve the semantic meaning of the 

text and are essential for similarity-based retrieval. 

The embeddings are stored in a Vector Database, such as Qdrant, which is optimized for high-dimensional 

data storage and fast similarity search. When a user asks a question, the system generates an embedding 

for the query and searches the vector database to find the most contextually relevant document segments. 

The retrieved segments are then passed to a Large Language Model (LLM)—such as LLaMA, GPT, or 

Falcon—which performs Retrieval-Augmented Generation (RAG) to synthesize accurate, context-aware 

responses. This ensures that the model produces outputs grounded in the uploaded documents, improving 

relevance and precision. 

This modular architecture allows for secure, offline deployment while offering a scalable and intelligent 

solution for document summarization and interactive question answering, particularly suited to domains 

with strict data confidentiality requirements. 

 

3.  Results and Discussions 

The Application Interface is a user-friendly platform designed for managing and interacting with docu-

ments efficiently. It is built using an open-source stack that includes Llama 3.2, BGE Embeddings, and 

Qdrant running within a Docker container. The interface allows users to easily upload PDF documents, 
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generate concise summaries, and interact with the document content using an intelligent chatbot. With a 

clean and organized layout, it offers seamless navigation and enhances the document management expe-

rience by combining document processing with AI-driven insights. 

 

Figure 3: Interface of the Application 

The Application interface is designed to provide a seamless and interactive document analysis experience 

by integrating Llama 3.2 RAG for efficient document querying. The interface consists of three primary 

sections: Upload Document, where users can drag and drop or browse PDF files (up to 200MB); Create 

Embeddings, which generates embeddings from the document content to facilitate semantic search; and 

Chat with Document, which allows users to interact with the document through a conversational interface. 

 
Figure 4: Uploading the pdf 
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The Document Upload section of the application interface allows users to easily upload PDF files by 

either dragging and dropping the file or using the Browse files button to select a document manually. The 

interface supports PDF files with a size limit of 200MB per file. Once the file is successfully uploaded, a 

confirmation message stating "File Uploaded Successfully!" is displayed, along with details such as the 

filename and the file size in bytes. This intuitive and user-friendly interface ensures a smooth document 

upload process, paving the way for subsequent embedding creation and interactive document querying. 

 
Figure 5: Creating the Embeddings 

 

The Qdrant Collections Interface provides a user-friendly platform to manage and monitor vector-

based databases efficiently. It is widely used in applications such as semantic search, recommendation 

systems, and document retrieval by storing and querying high-dimensional vector embeddings. The 

interface allows users to view the status and configuration of collections, ensuring smooth handling of 

vector data. It displays important details such as the collection name, status, number of points, segments, 

and shards. Additionally, the vector configuration specifies the distance metric used for similarity 

calculations, which in this case is Cosine similarity with a vector size of 384 dimensions. Users can also 

perform actions like uploading snapshots, managing collections, and monitoring performance, making 

Qdrant an ideal choice for scalable vector database management. 

 

Figure 6: Qdrant Collections Interface 

https://www.ijsat.org/


 

International Journal on Science and Technology (IJSAT) 

E-ISSN: 2229-7677   ●   Website: www.ijsat.org   ●   Email: editor@ijsat.org 

 

IJSAT25024275 Volume 16, Issue 2, April-June 2025 9 

 

The embedding generation process transforms textual content from uploaded PDF documents into 

high-dimensional vector representations, enabling efficient retrieval of relevant information. By capturing 

semantic relationships within the text, embeddings allow the system to perform similarity-based searches, 

ensuring that user queries retrieve the most contextually relevant document segments. This process is a 

crucial component of the Retrieval-Augmented Generation (RAG) framework, as it bridges the gap 

between static document storage and dynamic, AI-driven interaction. Once embeddings are created, they 

serve as the foundation for intelligent querying, allowing Llama 3.2 to generate coherent and contextually 

appropriate responses based on retrieved document fragments. 

 

 
                                            Figure 7: Q/A Chatbot for Question-Answering 

 

The embedding generation process in application stores vector representations in Qdrant, a high-

performance vector database designed for efficient similarity search. Once embeddings are created from 

the uploaded document, they are indexed in Qdrant, enabling fast and accurate retrieval of relevant text 

segments based on user queries. This database ensures scalable and optimized storage, allowing the 

chatbot to efficiently process large documents and provide precise, context-aware responses in real-time. 

Once the PDF is uploaded, the question-answering chatbot is initialized and a question from the user about 

the PDF is asked. 

The prompt given by user is: 

PROMPT 1: From the given pdf file “NEWS ARTICLE.pdf” summarize all the information that you 

know in about 200 words. (shown in figure 8) 

 

3. Result 

The study investigated independent strategies for accurate text summarization, exploring both extractive 

and abstractive methods. It highlighted the importance of natural language processing (NLP) techniques 

and modern approaches such as Google's PEGASUS model in efficiently managing vast amounts of 

information. 

The PEGASUS model was analysed in detail, showcasing its architecture and sequence-to-sequence 

learning approach. The results demonstrated the model's ability to generate accurate and human-like 

summaries across various dimensions. The study concluded that these summarization methods are crucial 

for preserving the original meaning while condensing it into concise yet comprehensive summaries. 
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Extractive text summarization involves selecting specific phrases or sentences from the original text, 

whereas abstractive summarization generates new text based on the input. The PEGASUS model falls 

under the category of abstractive summarization, utilizing NLP techniques to understand the context and 

generate human-like summaries. 

The study's findings suggest that these independent strategies for accurate text summarization can be 

effective in managing vast amounts of information online. 

 

 
          

Figure 8: Results for prompt1 

 

4. Conclusions 

The proposed locally deployed NLP system successfully addresses the growing demand for secure, 

intelligent document processing in privacy-sensitive environments. By eliminating reliance on external 

APIs and cloud-based services, the framework ensures complete data confidentiality while delivering 

advanced capabilities for document summarization and question answering. The integration of large 

language models, vector databases, and semantic search techniques enables users to interact with 

unstructured documents in a meaningful and efficient manner. This system demonstrates that it is possible 

to achieve high-performance natural language understanding without compromising data security. Its 

modular design and use of open-source tools like LangChain, Hugging Face, Qdrant, and Streamlit make 

it flexible, scalable, and suitable for deployment across a variety of domains including law, healthcare, 

education, and enterprise knowledge management. The approach not only enhances document 

comprehension but also streamlines workflows by automating information retrieval and reducing manual 

effort. Future work may include expanding language support, improving summarization accuracy for 

domain-specific content, and incorporating reinforcement learning to enhance response quality over time. 

Overall, the system sets a strong foundation for privacy-preserving AI applications in document 

intelligence. 
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