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ABSTRACT

The need for intelligent systems that can extract pertinent information from multiple documents has in-
creased due to the rapid growth of digital textual data. Conventional transformer-based language models
perform well in natural language comprehension; however, they are constrained by hallucination issues
and limited context windows. This study proposes a Retrieval-Augmented Transformer framework for
question answering and multi-document summarization. The system integrates document chunking, trans-
former-based response generation, similarity-based retrieval using FAISS, and dense vector embeddings.
By retrieving only relevant contextual information before generation, the model improves factual ground-
ing and scalability. Experimental results demonstrate improved response accuracy and reduced generation
of irrelevant content compared to standalone transformer models.
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INTRODUCTION

The rapid advancement of large language models(LLMs) has ushered in an new era of artificial intelli-
gence, enabling unprecedented capabilities in natural language Understanding, generation, and interaction.
These models, exemplified by architectures such as OpenAl,s, GPT, Google’sPalLM, and Meta’s LLaMA,
leverages vast amounts of textual data and billions of parameters to produce human-like text across a
diverse array of applications. LLM’s are fundamentally constrained by limitations in knowledge retrieval
and efficient adapation to dynamic information Models such as large language models are capable of un-
derstanding context, generating text, and performing reasoning tasks. Despite these advancements, han-
dling multiple long documents remains a major challenge.

When a user provides a question related to multiple documents, traditional transformer models attempt to
process the entire content within their limited token window. Retrieval-Augmented Generation (RAG)
provides an effective alternative. Instead of processing all documents at once, the system first retrieves
only the most relevant content segments and then generates responses based on retrieved evidence. This
hybrid approach combines the strengths of information retrieval systems and generative language models.
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LITERATURE REVIEW

1. CALLAGHAN, Martin (2025) [1] A Synthesising Summaries: A novel Retrieval- Aug-
mented Generation- based pipeline for Multi- document Summarisation. And This thesis addresses this
challenge by developing and evaluating  novel approaches to multi-
document summarisation (MDS) of scientific papers, with a focus on hybrid and deep learning tech-
niques leveraging both extractive and abstractive methods. The research explores the application of
state-of-the-art large language models (LLMs) . Relevance to the Proposed Project is that a enhance Of
the work proves that involves fine-tuning embedding models, optimising chunking strategies, and
developing a RAG pipeline that integrates retrieval mechanisms with generative LLMs. Results

demonstrate a models in significant improvements in summary quality, coherence, and factual
accuracy compared to baseline methods. The fine-tuned Gemma models, coupled with RAG tech-
niques, show promise in handling the complexities of scientific text.

2.James Garza(2024) [2] A Evaluation and Development of Innovative NLP Techniques for Eval-
uation and Development of Innovative NLP Techniques for Query- Focused Summarization Using
Retrieval Augmented Query- Focused Summarization Using Retrieval Augmented
Generation (RAG) The relevance to the Proposed Project is the focus of this literature review is on the
application of Natural Language Processing(NLP) techniques for a in the summarizing educational con-
tent. Given the exponential growth of digital educational resources, there is an increasing need to
manage and interpret vast amounts of text-based materials effectively. NLP-driven summarization tools
provide an opportunity to address this challenge by making educational content more accessible.

3.Soham Roy Nisharg Nargund Suneeta Mohanty Prasant Kumar Pattnaik(2024) [3] Conversational Text
Extraction with Large Language Models Using Retrieval-Augmented Systems.The proposed system gives
competitive ROUGE values as compared to existing state of-the-art techniques for text extraction and sum-
marization.

4 Retrieval-Augmented Generation Approach: Document Question Answering using Large Language
Model explored by = Muludi, Kurnia, Fitria, Kaira Milani, Triloka, Joko, Sutedi (2024) Vol 15, Issue
3,p776 [4] The proposed dataset and Stanford Question Answering Dataset (SQuAD) are used for perfor-
mance testing. The study contributes theoretically by advancing methodologies and knowledge represen-
tation, supporting benchmarking in research communities. Results highlight RAG's superiority: achieving
a precision of 0.74 in Recall-Oriented Understudy for Gisting Evaluation (ROUGE) testing.

5.A Retrieve then Reason framework for long-context question answering uayang Li, Pat Verga, Priyanka
Sen, Bowen Yang, Vijay Viswanathan, Patrick Lewis, Taro Watanabe, Yixuan Su(2024) [4 ] he ability for
large language models (LLMs) to reason over long contexts is critical in many downstream tasks, e.g.,
document analysis, multi-hop tool use, agents with long history, etc. Relevance to the Proposed
Project is that the challenge of long-context reasoning in large language models (LLMs) by intro-
ducing ALR2, a retrieve-then-reason approach that aligns LLMs with both retrieval and reasoning objec-
tives.

LIMITATIONS

In transformer-based architectures formulti-document summarization and question answering, several critical
challengesarise. First, the context limitation problem restricts models from processing very long texts due to
fixed token limits, preventing them from capturing complete information across large document sets. Second,
the hallucination issue leads generative models to produce responses that are not fully grounded in the source
documents, reducing reliability and factual accuracy. Third, the scalability challenge emerges when handling ex-
tensive document collections, as computational complexity and memory requirements increase significantly.
Finally, redundant information overload occurs when entire documents are fed into the model, introducing ir-
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relevant or repetitive content that degrades generation quality. Together, these issues highlight the need for effi-
cient retrieval mechanisms and controlled context selection in advanced transformer-based frameworks. InTradi-
tional summarization systems use either extractive or abstractive.

PROPOSED SYSTEM

The proposed system introduces a Retrieval-Augmented Transformer(RAG) framework that integrates se-
mantic retrieval with transformer-based generation to improve multi-document summarization and ques-
tion answering accuracy. Unlike traditional systems that rely solely on generative models, the proposed
approach retrieves relevant documents chunks before generating responses. This reduces hallucination and
improves factual consistency. It ensures that responses are grounded in real document evidence rather than
relying only on pretrained knowledge.

METHODOLOGY

This begins with requirement analysis, where the limitations of traditional of transformer based summa-
rization and question answering systems examined. Existing standalone language models often generate
responses without grounding them in external documents, leading to hallucination and factual inconsist-
encies. To overcome these issues, a retrieval-augmented architecture is selected as the foundational design
principle. This architecture integrates semantic retrieval with transformer-based generation to ensure that
outputs are supported by relevant document context.

The system development process is divided into two main phases: document indexing and query pro-
cessing. In the document indexing phase, PDF,PPTX.,.txt, documents are collected and preprocessed.The
generated vectors are indexed and stored in a vector database using FAISS, which enables efficient simi-
larity search over large document collections. This indexing mechanism ensures scalability and fast
retrieval performance even when the dataset size increases.

In the query processing phase, the user submits a natural language question through the system interface.
The query is converted into an embedding using the same embedding model applied during indexing.

ALGORITHMS

Algorithms for Retrieval Augmented Generation Model:
The proposed Retrieval-Augmented Generation (RAG) model follows a structured pipeline to ensure ac-
curate multi-docment summarization and question answering. The algorithm consists of five major steps:
data collection, preprocessing, embedding and indexing, retrieval, and response generation.

Step 1: Data Collection

. Collect multi-document datasets in PDF or text format
. Load documents into the system for processing.
. Ensure documents are relevant to the target domain (academics papers, reports, technical files etc).

Step 2: Data Pre-Processing

. Extract raw text from PDF documents.

+  Remove unwanted symbols, formatting noise, and special character.
. Normalize text (lowercasing, whitespace correction).

«  Segment documents into smaller chunks to handle token limitations.

Step 3: Embedding Generation and Indexing

«  Convert each text chunk into a semantic vector using transformer-based embedding models.
«  Store generated embeddings in a vector database using FAISS.

«  Build a similarity index for fast nearest-neighbor search.

Step 4: Query Processing and Context Retrieval
. Accept user query through the interface.
. Convert the query into an embedding using the same embedding model.
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«  Perform similarity search in the vector database.
«  Retrieve top-k most relevant chunks based on similarity score.
«  Aggregate retrieved chunks to construct contextual information.

Step 5: Response Generation
+  Pass the prompt to a transformer-based language model

SYSTEM DESIGN

The system is designed to follows a Retrieval Augmented Generation for integrating document, prepro-
cessing, semantic embedding, vector indexing and transformer-based generation. Documents are first con-
verted into structured text, chunked, embedded into vector representation, and stored in a FAISS-based
vector database. During query processing, the system retrieves semantically relevant chunks using simi-
larity search and constructs a contextual prompt for the LLM. This design ensures accurate, scalable, and
efficient multi-document summarization and question answering.

Key Components:

1. User Interface Module

Accepts user queries and displays generated responses and it provides interaction layer between user and
system. It capture user question and forward query to backend and displays formatted output. It takes input
in natural language query.

2. Document Preprocessing Module

Extracts readable text from PDF document. It parse the PDF document and text is extracted using unstruc-
tured parsing techniques and metadata may also be captured like title, page number, section. It is used for
transforms raw documents into machine-readable structured text.

3. Text Chunking Module

Splits long documents into smaller text segment(chunks).Large Language Models have token limitations
and improve retrieval accuracy and it enables semantic indexing. The text is divided into fixed size or
semantic chunks. Overlapping windows may be used to maintain context continuity. The output is list of
text into chunks.

4. Embedding Generation Module
Converts text chunks into high-dimensional vector representations. Transformer based embedding models.
It captures semantic meaning of text. Enables similarity comparison between query and document chunks.

5.Vector Database(FAISS)

Stores vector embeddings and enables fats similarity search. The responsbilites are index embeddings,
perform nearest neighbor search,retrieve top-k relevant chunks. It efficient large-scale vector indexing,
High speed retrieval, scalable Architecture.

6.Retrieval Module
The Finds relevant document chunks based on user query and convert user query into embeddings, com-
pare query embedding  with stored vectors, relevant content passage
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Fig: System Architecture

. Provides interaction between user and system .

. Extract readable text from PDF documents.

. Splits long documents into smaller text and convert.

. Finds relevant documents and construct final prompt for the LLM.
RESULTS

For summarization tasks, the RAG model produced structured and comprehensive summaries that cap-
tured key points across multiple documents. The summaries preserved logical flow and minimized
redundancy. In contrast, baseline models sometimes omitted critical cross- document relationships. The
ability of the RAG models to synthesis retrieved chunks resulted in more complete and informative sum-
maries. In question answering scenario, the system achieved higher precision and recall because responses
were generated strictly from the retrieves context.

Overall, the output results confirms that the RAG architecture enhances factual consistency, contextual
Grounding, and multi document reasoning capabilities.

Model |Accu- |Precision|Recall |Pro-

rac (%) (%) |cessing
(%gl Time(ms)
BERT 88.4 87.8 | 86.5 28

15 90.2 89.5 [88.7 35
LLaMA | 92.1 91.3 ]90.8 42

Trans- 89.7 88.6 | 87.9 38
form Er

96.5 95.8 | 96.1 |
Proposed 40
RAG
model

Table 1:Performance comparison of Proposed RAG model with Existing model
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The experimental evaluation of the proposed Retrieval- Augmented Generation (RAG) model demonstrates
significant performs improvement over traditional transformer-based and keyword-retrieval models. The
system was evaluated accuracy, precision,recall, and processing time as key performance metrics. Com-
parative analysis shows that the proposed RAG model achieved an accuracy of 96.5%, precision of 95.8%,
and recall of 96.1%, outperforming standalone models such as BERT, T5, and LLaMA.

Multi-Document RAG Chatbot

® Smart Search & Filtering

. ™

Fig: Qstlonswering

Fig: Summarise

CONCLUSION

The system can be enhanced for real-time experimental results validate that combining semantic retrieval
with transformer based generation produces more accurate and context aware outputs. Future work can
focus on optimizing the retrieval mechanism by incorporating adaptive top-k selection strategies, where
the number of retrieved document chunks dynamically adjusts based on query complexity. This would
improve contextual coverage while minimizing unnecessary.
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