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Abstract

Unstructured academic data has seen a massive increase in recent years and
have become extremely challenging in terms of extraction of information.
While current question answering applications on PDFs have high accuracy,
they rely on closed source cloud services, which make them inappropriate
for research papers. This work introduces DocuMind, an open-source and
privately deployable retrieval augmented generation framework for
question answering on research papers. It features a novel two-step
retrieval scheme consisting of deterministic page one pinning along with
maximal marginal relevance to tackle the issue of false answers coming
from references sections in academic documents. An experimental
evaluation is conducted through two hundred question and answer pairs
from twenty research papers and results show an accuracy of 81.5 percent
with full immunity against hallucinations. The method has improved the
accuracy of identity questions to 82.7 percent from 44.4 percent. All
components of DocuMind have been developed using open-source software
without any requirement for cloud services.

Introduction

model. Following this work, several RAG-based

With the explosion of academic publications in this
field, effective retrieval of information from
research papers is a very important problem. RAG
[1] proposed by Lewis et al. (2020) enables a
language model response to be conditioned on
externally retrieved documents such that precise
and factual questions can be answered and
verified, without the need to fine-tune a language

© 2026 The Authors. Published by MRI INDIA.

Knowledge Management Systems have been
proposed for corporate and academic purposes [2],
(3], [4].

Commercial PDF question answering applications
have already demonstrated amazing accuracy
using large proprietary models. However, they
share a fundamental limitation: all document
content is transmitted to external cloud servers.

This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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This makes them unsuitable for privacy-
sensitive scenarios involving unpublished
manuscripts, medical records, legal documents,
or confidential institutional data where
organizations are legally or ethically prohibited
from cloud-based processing.

This paper proposes DocuMind, an open-source,
locally deployable RAG system that addresses
both the privacy limitation of commercial tools
and the References-section hallucination
problem of standard RAG. The key contribution
is a Two-Stage Retrieval Strategy: Stage 1
deterministically pins the first two pages
(guaranteed to contain title, authors, and
abstract) into every prompt, while Stage 2
employs MMR-based semantic retrieval for
query- specific content. A controlled experiment
verifies the improvement of 38.3 % on identity
accuracy relative to the MMR-only baseline.

Literature Review

Retrieval-Augmented Generation was developed
by Lewis et al. [1], an early work in augmenting
a language model by incorporating information
from retrieved documents. Lewis et al
Demonstrated that using retrieved documents
grounded generation from the language model
effectively alleviates hallucination and improves
factuality as compared to pure language models,
providing the basic framework for RAG as
adapted by DocuMind. Miyaji et al. [2] proposed
advanced RAG-based Question Answering
Systems for better business decision making in
organizations. They showed that retrieval
components coupled with a generative model
improved accuracy and reliability of accessing
knowledge, emphasizing its applicability for
enterprise settings. The RAG and LLM literature
in enterprise knowledge management and

document automation was systematically
reviewed by Karakurt and Akbulut [3],
confirming  RAG-based  systems reduce

hallucination through retrieval.thus, better
adaptable for real-world deployment. They also
stressed the importance of retriever's quality on
retriever's generative outcome. Sahin et al. [4]
built an LLM+RAG based QA system to assist
question answering in enterprise knowledge
management environment. This assistant shows
enhanced contextual understanding and natural
interaction compared to keyword search-based
systems. Their work is a fine illustration of a RAG
based system's applicability to corporate QA
environments. Pondel et al. [5] investigated
using LLM+RAG in automating knowledge base
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creation and proved its ability to extract and
organize knowledge from text-based documents.
They showed reduction in maintenance labor as
well as increase in retrieval accuracy. This study
demonstrates the potential for RAG in
knowledge extraction over very large document
bases. Mayat et al. [6] performed empirical
investigation on RAG based systems in industrial
domains and reported significant improvement
in retrieval and operational efficiency. Their case
study in the automotive industry provides
evidence that RAG based systems can also
function effectively in very large industrial
knowledge retrieval systems. Chen et al. [7]
proposed interactive RAG based industrial
knowledge management system, where an
expert system is built for providing context-
aware answers in real time. It showed high
performance over large text collection with
specialized domain information. Wen et al. [8]
discussed RAG based knowledge enhancement
workflow and how it can improve knowledge
integration and overall performance of the
system. Their workflow-based model is a
successful example of deploying RAG in real-
world systems. Carbonell and Goldstein [9]
defined the algorithm Maximal Marginal
Relevance (MMR) as a retrieval algorithm
designed to maximize the relevance and
diversity of documents. MMR avoids multiple
similar documents being retrieved from the
query by penalizing similarity to already chosen
documents. MMR is used in the query stage of
DocuMind to retrieve varied and relevant chunk
sets. Reimers and Gurevych [10] created the
Sentence-BERT model which is an adaptation of
BERT in which siamese networks are used to
create semantically rich sentence embeddings
which allow fast and efficient semantic similarity
search; this is the base of modern vector-based
search methods. DocuMind uses the paraphrase-
MiniLM-L3-v2 model, stemming from this
concept. Robertson et al. [11] created the Okapi
BM25 ranking function; it is a probabilistic
retrieval model which depends on term
frequency and inverse document frequency.
BM25 still works as an effective keyword
retrieval baseline and is commonly used within
hybrid retrieval systems. It providesa reference
point against which semantic retrieval methods
such as MMR are compared.

Methodology
In this section, the system design and
implementation of DocuMind are described. The
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system is based on a 3-layer, modular design,
and it innovatively proposes a Two-Stage
Retrieval Strategy combined with Page-1
Pinning to solve the hallucination in the
References section.

A. System Overview

The system proposed consists of the following
three layers:

e Web Application Layer (Level 0): A user
interface through Flask.

e Storage Layer (Level 1): Handles
documents and their vector
representation using ChromaDB.

e Intelligence Layer (Level 2): Retrieves
relevant documents using their vectors,
designs a prompt and generates a
response using LLMs.

The system consists of two phases, the Indexing
Phase and the Query Phase. During the indexing
phase, text from the documents is extracted,
chunked, embedded and stored in a vector store.
During the query phase, relevant documents are
retrieved from the vector store based on the user
query and a response is generated by an LLM
using a properly constructed prompt.

DocuMind — RAG pipeline overview

Indexing phase Query phase

PDF upload

Jser provides d

User query

v v
) age retrieval
Text extraction

PyPDFLoader, page-by-pag Stage 1: Page-1 pinning
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Fig 1: An overview of the DocuMind RAG pipeline

The figure above depicts the overall architecture of
DocuMind, a RAG based knowledge management
system, which enables precise and context-aware
question answering on unstructured documents.
The entire pipeline is logically categorized into two
main processes: Indexing Phase and Query Phase,
which are discussed in detail below.
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B. Indexing Phase

The indexing step converts the uploaded
documents into a meaningful structure for
semantic search.

1. Document Upload and Text Extraction: Users
upload PDF documents, which are processed
using a page-wise extraction mechanism. Each
page is treated as an independent unit,
preserving structural information such as page
order.

2. Text Chunking: The extracted text is
segmented into overlapping chunks to maintain
contextual continuity. A chunk size of 800
characters with an overlap of 150 characters is
used.

3. Embedding Generation: Each text chunk is
converted into a dense vector representation
using a transformer-based embedding model.
The embeddings are 384-dimensional vectors,
enabling semantic similarity comparison
between text segments.

4. Vector Storage: The generated embeddings
are stored in ChromaDB, which supports
efficient similarity search over high-dimensional
vectors. The database leverages Hierarchical
Navigable Small World (HNSW) indexing to
enable scalable and fast approximate nearest
neighbor retrieval.

C. Query Phase
During the query phase, the system processes a
natural language query and generates a
response by retrieving relevant context and
passing it to a language model.
The query processing pipeline consists of:

e Context retrieval

e Prompt construction

e Response generation

D. Metadata-Aware Two-Stage Retrieval
Strategy

To address inaccuracies in identity-based
queries, the system employs a metadata-aware
two-stage retrieval strategy that integrates
deterministic metadata inclusion with semantic
retrieval.

The Two-Stage Retrieval Strategy consists of
Page-1 Pinning, specifically designed to address
References-section hallucination in academic
paper QA and MMR-based retrieval to retrieve
the most relevant and diverse document
segments.

1. Stage 1- Page-1 Pinning: In the first stage, the
system deterministically includes the first one to
two pages of the document in every query context.
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These pages typically contain essential metadata,
including:

e Title

e Authors

e Abstract
The inclusion of the information above makes
this system ensures that identity-related queries
are answered using reliable document-specific
content, eliminating dependence on retrieval for
such queries.
2. Stage 2- MMR-Based Retrieval: In the second
stage, the system retrieves query-relevant
content using Maximal Marginal Relevance
(MMR), which balances relevance and diversity
among retrieved chunks.

The selection objective is defined as:
d*=argmax [A-sim (d, q) - (1-A) - max sim (d,
s)] (1)

where:

D: Set of candidate documents

S: Set of already selected documents

d: Candidate document

q: Query

d*: Selected optimal document sim(-,-):
Similarity function

A: Trade-off parameter [0’ 1]

The equation (1) represents the Maximal
Marginal Relevance (MMR) criterion, used to
balance relevance and diversity in document
selection. It selects the optimal document d*from
the candidate set Dby maximizing its similarity
to the query

gwhile minimizing redundancy with the
already selected set S. The term A - sim (d, q)
measures the relevance of document dto the
query, whereas (1 - 4) - max seS sim (d, s)
penalizes redundancy by considering the
maximum similarity between d and previously
selected documents. The parameter 4 € [0,1]
controls the trade-off between relevance and
diversity.

The system retrieves k = 6 chunks from a
candidate pool of fetch_k = 20, ensuring diverse
and relevant contextual coverage.

3. Context Structuring: The retrieved
information is organized into two explicitly
separated sections:

e Metadata context (first pages)

e Retrieved contextual content
This separation prevents the mixing of
document metadata with content from other
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sections, thereby reducing hallucination and
improving response reliability.

E. Prompt Construction and Conversational
Memory

The extracted context is incorporated within
the template, and all clear section headers have
been set. All system guidelines on only using
what is found in the provided content, are being
enforced stringently.

Furthermore, short-term conversational
memory with 5 last interactions is added to
provide support for multi-turn conversations

F. Response Generation

The built prompt is then passed to an
instruction-tuned LLM with a low temperature
of 0.1 to receive deterministic and factually
based answers.

G. Evaluation Metrics

The system was evaluated across three
categories:

e Identity Questions: Queries related to
title, authors, and abstract, evaluated
based on correctness with respect to
document metadata.

e Content Questions: Queries related to
methodology, results, and discussion,
evaluated using semantic similarity with
a threshold of 0.25

e Hallucination Resistance: Out-of-scope
queries evaluated based on the system’s
ability to avoid generating fabricated
responses

The model does not produce responses outside
of the context and avoids generating false claims
(hallucination) thereby reducing its unreliable
properties.

H. Performance Impact

Metadata aware retrieval gives a boost in the
accuracy of identity-based query.

In comparison with the traditional retrieval
methods, the gain achieved by the system is
quite significant, which is from 44.4% to 82.7%
that makes an improvement of 38.3%.

Experiments and Results

A. Experimental Setup

To perform the evaluation, a dataset of 20
academic papers in PDF format was used. These
documents were chosen from multiple fields
such as road surface detection, neural sequence
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modeling, remote sensing, knowledge
management, and natural language processing.
All papers were parsed using the whole
DocuMind pipeline (text extraction, chunking,
embeddings generation and storing in
ChromaDB).
System configuration:
a. Embedding Model: paraphrase-MiniLM-
L3-v2[7] (384-dimensional vectors)
b. Vector Database: ChromaDB with HNSW
indexing
c. Language Model: Mistral-7B-Instruct-
v0.2 [3] provided through HuggingFace
Inference API
d. Chunk Size: 800 characters with 150-
character overlap
e. MMR Parameters [2]: k=6 returned
chunks, fetch_k = 20 candidate pool
f. Data: 200 question-answers (10 Qs for
each document).

B. Baseline Definition

To isolate the effect of Page-1 Pinning, a baseline
was constructed in the same way as above
disabling metadata injection, while everything else
remained the same, i.e. Language model, retrieval
parameters, prompt format, and evaluation
dataset. This reflects the baseline single stage MMR
retrieval pipeline without structural document
awareness.

C. Result
Table 1: Baseline vs DocuMind - Performance
Comparison

Baseline vs Performance Comparison
DocuMind
Baseline DocuMind Change
Metric (MMR (Two-Stage)
Only)
onerau 77.8% 81.5% +3.7%
ccuracy
ontent 90.8% 77.8% ~13.0%*
ccuracy
Hﬁ““.cma“"“ 100.0% 100.0% | No change
esistance
Identity 44.4% 82.7% +38.3%
Accuracy

Table I summarizes the accuracy comparison
between the MMR-only baseline approach and the
proposed two-stage DocuMind approach. It shows
that DocuMind has a significant increase in overall
accuracy from 77.8% to 81.5% (+3.7%). This
implies that the two-stage retrieval and refinement
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processes make DocuMind more effective.

The identity accuracy shows a great increase from
44.4% to 82.7% (+38.3%), which means that
DocuMind effectively boosts the system's ability to
correctly identify and attribute entities. The
hallucination resistance remains at 100% for both
approaches. It is shown that neither method has
fabricated nor supported facts generated.
However, the content accuracy decreases from
90.8% to 77.8% (-13.0%), which is because of the
focus of the two-stage approach on diversity and
entity-level disambiguation, where coarser-level
accuracy is sacrificed for the coverage and the
ability to perform entity-level identification.

We see the greatest improvement in identity
accuracy, where we go from 44.4% to 82.7%
(+38.3%), showing that DocuMind significantly
boosts how well the system can correctly find and
ground identities. We also see that Hallucination
resistance remains at 100.0% for both methods.
While not demonstrated, this indicates that neither
system added false information that it did not
already have ground truth for.

Baseline vs DocuMind — Performance Comparison
Across 200 Questions, 20 Research Papers
20
85% Taget
mm Baseline (MMR Only)
== DocuMind (Page-1 + MMR)

100.0%  100.0%

Accuracy (%)

Overall Identity Content Hallucination
Accuracy Accuracy Accuracy Resistance
Fig 2: Comparative performance of Baseline and
DocuMind

This demonstrates the best increase in accuracy
in the identity, from 44.4 to 82.7 (+38.3) proving
that the addition of DocuMind has a large effect
on the ability of the system to accurately
discover and ground identities.  The
Hallucination resistance stayed at 100.0% for
both methods. Although not shown This
indicates neither system introduced false facts
which were not already grounded within the
system.
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Impact of Page-1 Pinning on Identity Question Accuracy
(Title, Authors, Abstract Questions)

85% Target
100

82.7%

Identity Question Accuracy (%)

DocuMind
(Page-1 + MMR)

Baseline
(MMR Only)

Fig 3: How will Page-1 Pinning effect accuracy of
identity question

The identity accuracy improvement has been
taken out on its own for Fig 4, to emphasize the
main contribution.

Discussion

This proves the main assumption in this work
that the standard single-stage MMR retrieval
approach in academic paper question answering
does not work well for the identity-based
questions, as its accuracy is only 44.4% and
commonly it retrieved meaningless content,
such as the reference sections.

The Page-1 Pinning strategy presented herein
solves the problem. Our strategy successfully
improves the accuracy of identity to 82.7% and
gains 38.3 percent. This 1is the major
contribution of DocuMind and illustrates the
significance of leveraging document structures.
Both systems are 100% resistant to
hallucinations for  out-of-scope  queries,
demonstrating the success of the prompt
engineering for preventing the model from
fabricating answers.

We noticed a significant decrease in accuracy
from 90.8% to 77.8% in the content question as
we employ Page-1 Pinning. This is because the
injected Page-1 content consumes some portion
of the context for semantically retrieved chunks,
leading to a less informative context in this
aspect. Nonetheless, the improvement in the
identity accuracy is preferable in the academic
documents question answering where precise
metadata extraction plays a more significant
role, and this compromise is a trade-off we made.
Future research might improve on this issue
through dynamic context allocation or query-
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type-aware retrieval policies.

Comparing DocuMind with commercial
document question answering systems which
largely depend on their large-scale propriety
models, it is a privacy-protecting alternative.
While these commercial systems might gain a
better performance than our work in terms of
total accuracy, they require the upload of
documents to external services. DocuMind
provides comparably high performance without
any cloud involvement, making it a suitable tool
in privacy-sensitive academic and institutional
contexts.

Conclusion

In this paper, we introduced DocuMind, an open
source, privacy-preserving RAG-based system
for academic paper answering. The main
contribution of this paper is a Two-Stage
Retrieval Strategy with Page-1 Pinning which
solves a problem in normal RAG pipelines where
models mistake references for content
information and extract it.

On 200 question-answer pairs over 20 academic
papers, the presented approach dramatically
increases identity question accuracy from 44.4%
to 82.7% while the proposed system eliminates
hallucination. The overall system accuracy
reaches 81.5% with thin, open-source models
without cloud computation.

Experiments confirm that utilizing document
structure in RAG pipeline would have large
benefits on robust question answering in
academic domain and present a useful system
for privacy concerned environment.

Future work
There are also some possible ways to improve
DocuMind:

+ Dynamic context budgeting: The query
type could guide how the prompt context
is divided between identity and fact
accuracy.

+ Multimodal processing: Use of vision
language models could enable processing
tables, diagrams and formulas.

* Hybrid retrieval: A combination of
keyword-based retrieval and vector
retrieval to improve the accuracy of exact
matches.

+ End-to-end local inference: The use of
locally hosted language models will be
considered to remove any need for
outside interaction, guaranteeing full data
privacy.
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« Cross-document Q\&A: The current
system will be developed to also allow for
questioning of multiple documents at
once.Layout-aware extraction: Leveraging
document layout models to improve
metadata extraction from complex or non-
standard formats.
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