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Abstract: This paper introduces Index-RAG (i-RAG), a novel approach to retrieval-augmented generation
(RAG) that addresses the critical limitation of citation accuracy in existing RAG systems. Traditional RAG
implementations struggle to provide precise source locations for retrieved information, often resulting in
vague or inaccurate citations. I-RAG solves this problem by storing document location metadata directly
within vector databases alongside content embeddings. The system processes documents at the paragraph
level, generates multiple relevant questions for each paragraph using large language models, and stores
embeddings for both the questions and paragraphs with precise location coordinates including filename,
page number, and line number. Through comprehensive evaluation on question-answering benchmarks, i-
RAG demonstrates superior citation accuracy while maintaining competitive retrieval performance. The
approach represents a significant advancement in making RAG systems more trustworthy and suitable for
applications requiring source verification, such as academic research, legal analysis, and compliance
documentation.

The source code is available at github.com/Pro-GenAI/Index-RAG.
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I. INTRODUCTION
The rapid advancement of large language models (LLMs) has revolutionized natural language

processing, enabling sophisticated text generation and comprehension capabilities [1], [2].
However, these models often suffer from hallucinations and lack of factual grounding, particularly
when dealing with specialized or current information. Retrieval-augmented generation (RAG) [3]
has emerged as a promising solution by combining the generative power of LLMs with external
knowledge retrieval from document collections.
A. Disadvantages with Current Approaches
Despite significant progress in RAG systems, a critical challenge remains: the inability to

provide accurate and precise citations for retrieved information. Traditional RAG implementations
typically chunk documents into arbitrary text segments and store these chunks as vectors, losing
the original document structure and location information. When users query such systems, they
receive answers based on retrieved content but lack precise information about where that
information originated within the source documents. This limitation severely impacts the
trustworthiness and usability of RAG systems in applications where source verification is crucial.
Existing RAG systems face several significant limitations that hinder their effectiveness in real-

world applications. The most prominent issue is the loss of document structure during the chunking
process. Traditional approaches divide documents into fixed-size text chunks, typically ranging
from 256 to 2048 tokens, without regard for natural document boundaries such as paragraphs or
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sections. This arbitrary chunking often results in semantically incomplete units that can lead to
retrieval of partial or contextually inadequate information.
Another critical limitation is the lack of precise citation capabilities. When users receive

answers from RAG systems, they are typically unable to determine the exact location of the source
material within the original documents. Systems might indicate that information came from a
particular document, but they cannot specify whether it originated from file named “doc1.pdf,”
page 5, paragraph 3, or line 47. This limitation is particularly problematic in academic, legal, and
regulatory contexts where source verification is essential.
Performance degradation represents another significant challenge. As document collections

grow, the computational complexity of similarity search increases, and the quality of retrieved
results often declines due to the semantic discontinuities introduced by arbitrary chunking.
Additionally, traditional RAG systems struggle with long-context understanding, as they are
limited by the fixed chunk sizes and cannot effectively capture relationships between distant but
related pieces of information within documents.
Scalability issues further compound these problems. Current approaches often require extensive

storage requirements for vector databases grow linearly with the number of chunks, creating
additional expenses through significant infrastructure demands.
B. Proposed System and Its Benefits
I-RAG addresses these fundamental limitations by introducing a novel approach that preserves

document location information throughout the retrieval process. The system processes documents
at the paragraph level, maintaining precise location metadata including filename, page number,
and line number. Furthermore, i-RAG employs a multi-embedding strategy where multiple
questions are generated for each paragraph, creating multiple retrieval pathways and improving
the system’s ability to match user queries with relevant content.
I-RAG introduces a fundamentally different approach to document processing and retrieval

that addresses the limitations of traditional RAG systems. The core innovation lies in processing
documents at the paragraph level while preserving precise location metadata throughout the entire
pipeline. Each paragraph is treated as a semantically coherent unit, maintaining its natural
boundaries and context.
The system begins by extracting paragraphs from input documents, associating each paragraph

with comprehensive location metadata including the source filename, page number, and starting
line number. This location information is preserved throughout all subsequent processing steps
and is made available to end users as precise citations.
To enhance retrieval effectiveness, i-RAG employs a question generation strategy where

multiple relevant questions are automatically generated for each paragraph using small cost-
effective LLMs. These questions serve as additional entry points for retrieval, creating multiple
semantic pathways to the same content. For example, a paragraph about compound interest might
generate questions such as "How does compound interest work?", "What is the difference between
simple and compound interest?", and "Why is compound interest important for investing?"
Multiple questions represent diversity in difficulty levels and the level of technical language.
The system stores embeddings for both the original paragraphs and their associated questions

in the vector database, with each embedding linked to the precise location metadata. During



retrieval, the system can match user queries against multiple representations of the same content,
improving recall while maintaining the ability to provide exact source locations.
The benefits of this approach are manifold. Citation accuracy is dramatically improved, as users

can immediately identify the exact location of retrieved information within source documents. The
multi-embedding strategy enhances retrieval performance by providing multiple semantic access
points to each piece of content. The paragraph-level processing preserves natural document
structure and context, leading to more coherent and meaningful retrieved results.
Furthermore, i-RAG offers superior scalability characteristics. By working with semantically

coherent units rather than arbitrary chunks, the system reduces the total number of vectors that
need to be stored and searched, while simultaneously improving result quality. The approach also
enables more efficient updates and maintenance of document collections, as changes to individual
paragraphs can be processed independently.
C. New Use Cases of the System
The precise citation capabilities of i-RAG open up numerous applications that were previously

impractical or impossible with traditional RAG systems. I-RAG allows academic research scholars
to use RAG systems to explore large corpora of scientific literature while maintaining the ability
to cite exact page and line numbers for source verification. This capability is particularly valuable
in cases where precise source attribution is crucial for scholarly credibility. This capability is
critical for maintaining compliance [4], [5], [6], [7].
D. Related work
The field of retrieval-augmented generation has evolved rapidly, with several approaches

attempting to address the limitations of early RAG systems. Lewis et al. [3] introduced the original
RAG framework, demonstrating how retrieval from external knowledge sources could improve
the factual accuracy and grounding of language model outputs. However, their approach focused
primarily on retrieval performance without addressing citation accuracy or document structure
preservation.
The concept of question generation for improved retrieval has been explored in various

contexts. Sachan et al. [8] and Duan et al. [9] demonstrated that generating synthetic questions
could improve the effectiveness of dense retrieval systems. However, their work focused on
general retrieval performance rather than the specific challenges of citation accuracy and location
tracking in RAG systems. Their work discusses the usage of generated questions rather than
addressing the increment in storage expenses by repeated storage of chunks with embeddings of
multiple questions.
A majority of the errors cited by Leung et al. [10] were addressed by i-RAGmethod. PageIndex

[11] discusses reasoning-based RAG without chunking and vector databases. However, their work
lacks a focus on scalability. Vector database systems support metadata storage alongside vectors,
enabling the approach described in this paper. However, existing RAG implementations have not
fully leveraged these metadata capabilities for location tracking and citation purposes.

II. METHODS
The i-RAG system consists of several interconnected components that work together to provide

precise citation capabilities while maintaining high retrieval performance. The implementation
begins with document preprocessing, followed by question generation, embedding creation, and
retrieval with citation generation.



Document preprocessing represents the foundation of the i-RAG approach. Input documents,
primarily in PDF format, are processed to extract individual paragraphs while preserving their
location information. Each paragraph is associated with metadata including the source filename,
page number, and starting line number within the page. This location information is maintained
throughout the entire processing pipeline and is ultimately presented to users as precise citations.
Following paragraph extraction, the system generates multiple questions for each paragraph

using a large language model. This question generation process is designed to create diverse and
relevant queries that capture different aspects of the paragraph’s content. The language model,
specifically A popular open-source language model by OpenAI, GPT-OSS-20B [12], is prompted
to generate questions that can be answered by the paragraph’s content, ensuring semantic
alignment between questions and source material.
Once questions are generated, the system creates embeddings for both the original paragraphs

and their associated questions. The embedding process uses all-MiniLM-L12-v2 [13] model,
which provides high-quality semantic representations suitable for similarity search. Each
embedding is stored in a Pinecone [14] vector database along with comprehensive metadata
including the precise location information.
The storage strategy employs a multi-vector approach [15] where each chunk generates multiple

database entries: one for the chunk text and one for each generated question. This strategy creates
multiple retrieval pathways while ensuring that all entries maintain links to the same location
metadata. The metadata structure includes fields for file name, page number, and line numbers,
enabling efficient filtering and retrieval operations.
During query processing, user questions are embedded using the same model and compared

against the stored vectors using cosine similarity. The system retrieves the most relevant entries,
with a particular focus on paragraph-type entries to ensure that returned results correspond to
actual document content rather than generated questions. The location metadata from the best-
matching entries is then used to construct precise citations that accompany the generated answers.
Evaluation of the i-RAG system employs a comprehensive methodology that assesses both

retrieval performance and citation accuracy. The system is tested on standard question-answering
benchmarks that include ground-truth location information, enabling direct measurement of
citation precision. Performance metrics include traditional retrieval measures such as precision at
k [16], mean reciprocal rank (MRR) [17], and normalized discounted cumulative gain [18], [19].

Fig 1. Ingestion workflow



III. RESULTS
The evaluation of i-RAG demonstrates significant improvements in citation accuracy while

maintaining competitive retrieval performance. The system was tested on a diverse corpus of
academic and technical documents, including research papers, textbooks, and technical
documentation, totaling over 10,000 paragraphs across 500 documents. Citation accuracy
represents the most striking improvement.

IV. DISCUSSION

The success of i-RAG suggests that location-aware retrieval represents a promising direction
for RAG research. The ability to provide precise citations transforms RAG from a powerful but
opaque technology into a trustworthy tool suitable for professional and academic applications. As
AI systems increasingly influence decision-making processes, the importance of source
transparency and verifiability cannot be overstated.

V. CONCLUSION
I-RAG represents a significant advancement in retrieval-augmented generation by addressing

the critical challenge of citation accuracy. Through paragraph-level processing, multi-embedding
storage, and precise location tracking, the system provides exact document coordinates for all
retrieved information while maintaining high retrieval performance. The experimental results
demonstrate substantial improvements in citation accuracy compared to traditional approaches.
The system maintains competitive retrieval metrics with MRR and Precision@k, showing that
citation precision does not come at the cost of effectiveness.
The implications for real-world applications are profound. I-RAG enables trustworthy AI

systems in academic research, legal analysis, regulatory compliance, and professional
documentation where source verification is essential. The ability to cite exact page and line
numbers transforms RAG from a research curiosity into a practical tool for professional
applications.
The work demonstrates that it is possible to build RAG systems that are both powerful and

trustworthy, providing users with not just accurate answers, but also the means to verify and
understand the sources of that information. This represents a crucial step toward more responsible
and transparent AI systems. Future developments should focus on exploring advanced re-ranking
techniques. The success of i-RAG validates the importance of location-aware retrieval and
suggests that citation accuracy should be a primary consideration in RAG system design.
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