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Abstract—Traditional research methods often involve analyz-
ing large volumes of documents using manual and fragmented
tools, leading to inefficiency and increased effort. This paper
presents Querify, an Al-powered research assistant that leverages
Retrieval-Augmented Generation (RAG) to enable intelligent
document analysis. The proposed system integrates semantic
retrieval with generative models, as introduced by Lewis et al.
[1], to improve response accuracy and contextual relevance.

Unlike standalone language models such as those discussed
by Brown et al. [2], Querify incorporates external document
knowledge to reduce hallucinations and enhance reliability. The
system utilizes LangChain [3] for efficient pipeline orchestration
and integrates advanced multimodal capabilities inspired by
Gemini models [4]. For scalable data management, MongoDB
[5] is used for structured storage, while ChromaDB [6] enables
efficient vector-based semantic search.

Querify supports multi-modal document processing, allowing
users to upload and analyze PDFs, images, and structured
datasets through a conversational interface. The approach is
grounded in established natural language processing principles
outlined by Jurafsky and Martin [7]. Experimental results
demonstrate that the proposed system improves accuracy, re-
sponse relevance, and research efficiency compared to traditional
search methods.

Overall, Querify provides a unified platform for intelligent
knowledge discovery, combining modern Al techniques with
scalable system design to enhance the research workflow.

Index Terms—Retrieval-Augmented Generation, Al Research
Assistant, Semantic Search, Natural Language Processing, Large
Language Models, Document Analysis, Multi-Modal Processing,
Vector Embeddings, Conversational Al.

|I. INTRODUCTION

The exponential growth of digital information has signifi-
cantly changed the research landscape. Researchers, students,
and professionals must analyze large volumes of textual data
including research papers, reports, technical documentation,
and datasets. Managing such information efficiently has be-
come a critical challenge.

Traditional research workflows typically involve reading
multiple documents, manually extracting relevant information,
and organizing notes across different platforms. This process
is time-consuming and prone to human error. Furthermore,

conventional keyword-based search systems fail to capture
semantic relationships between documents, limiting their ef-
fectiveness in knowledge discovery.

Recent advancements in Artificial Intelligence (Al) and
Natural Language Processing (NLP) have introduced new pos-
sibilities for automating information retrieval and document
analysis. Large Language Models (LLMSs) have demonstrated
strong capabilities in understanding natural language queries
and generating meaningful responses. However, standalone
language models often suffer from limitations such as hal-
lucinations and lack of access to external knowledge sources.

Retrieval-Augmented Generation (RAG) has emerged as an
effective technique to address these challenges. RAG com-
bines semantic document retrieval with generative Al models,
allowing systems to produce responses grounded in external
knowledge bases. By retrieving relevant information before
generating answers, RAG systems provide more accurate and
reliable results.

This research introduces Querify, an Al-powered research
assistant designed to simplify document analysis and knowl-
edge discovery. The system integrates document processing,
semantic retrieval, and conversational Al within a single
platform. Users can upload documents, perform contextual
searches, and receive Al-generated responses with citations.

The primary objective of this work is to develop a scalable
research assistant capable of improving research efficiency and
accessibility of information.

Il. PROBLEM STATEMENT

Despite the availability of digital libraries and academic
search engines, researchers still face challenges in efficiently
extracting knowledge from large collections of documents.
Traditional search engines rely primarily on keyword match-
ing, which often fails to capture contextual meaning within
documents.

Furthermore, researchers frequently need to analyze multi-
ple file formats such as research papers, datasets, and scanned
documents. Existing systems rarely provide unified support

JRTI2604106 |

International Journal for Research Trends and Innovation (www.ijrti.org)



http://www.ijrti.org/
mailto:cseprojectt18@gmail.com

© 2026 IJRTI | Volume 11, Issue 4 April 2026 | ISSN: 2456-3315

for multi-modal document processing combined with conver-
sational query interfaces.

Another major challenge is the reliability of Al-generated
responses. Standalone language models can produce halluci-
nated information when they do not have access to relevant
external knowledge sources.

Therefore, there is a need for an intelligent research assis-
tant that can integrate document processing, semantic search,
and conversational Al while grounding responses in reliable
document sources.

The proposed Querify system aims to address these lim-
itations by integrating Retrieval-Augmented Generation with
multi-modal document understanding to improve the efficiency
and accuracy of research workflows.

I1l. RELATED WORK

Several studies have explored the application of Artificial
Intelligence in knowledge retrieval and document analysis.
Traditional information retrieval systems rely on keyword
matching techniques, which often fail to capture contextual
meaning within documents.

Transformer-based language models such as BERT and GPT
have significantly improved natural language understanding
and generation capabilities. These models enable tasks such
as summarization, question answering, and conversational
interfaces.

Recent research has introduced Retrieval-Augmented Gen-
eration systems that integrate vector-based search with genera-
tive models. This approach enhances the accuracy of responses
by incorporating relevant document context during generation.

Various Al-based research tools have been developed to
assist researchers in managing academic content. These sys-

tems offer features such as document summarization, citation
extraction, and semantic search. However, many existing tools
lack multi-modal document processing and interactive conver-
sational capabilities.

Querify extends existing solutions by integrating docu-
ment understanding, semantic retrieval, and conversational Al
within a unified architecture.

IV. SYSTEM ARCHITECTURE

The Querify system follows a modular architecture con-
sisting of four primary layers: frontend interface, backend
services, document processing modules, and vector-based
knowledge retrieval.

A. Frontend Layer

The frontend is developed using Next.js, React, and Type-
Script. It provides a responsive user interface for document
upload, chat interaction, and conversation management. Tail-
wind CSS and Shadcn Ul components ensure a modern and
accessible design.

B. Backend Layer

The backend is implemented using FastAPI. It handles API
requests, document processing tasks, Al model communica-
tion, and conversation management.

C. Database Layer

MongoDB is used for storing user data,
authentication information, and conversation
history. ChromaDB is used as a vector database
for storing document embeddings used in
semantic retrieval.

D. Al Integration

The system integrates Gemini language models
to gener- ate responses based on user queries and
retrieved document context.
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Fig. 1. Overall System Architecture of Querify

E. RAG Pipeline Architecture

The Retrieval-Augmented Generation process used in Quer-
ify involves several stages that work together to deliver precise
answers.

Initially, the uploaded documents are analyzed and trans-
formed into organized textual information. This information is
split into smaller parts to preserve the logical and meaningful
connections within each section.

For each part of the text, vector embeddings are created
using specific embedding models. These embeddings capture
the meaning of the text in a complex numerical format.

All these embeddings are saved in the ChromaDB vector
database. When a user asks a question, the system creates an
embedding for the query and searches for the most similar
embeddings in the database.

The most relevant text segments are then selected and given
to the language model. The Gemini model uses both the query
and the selected text segments to create a response.

This method greatly enhances the dependability of the
answers by ensuring that the responses are based on the actual
content of the documents.

V. SYSTEM WORKFLOW

The overall workflow of the Querify system begins with
document ingestion followed by preprocessing and semantic
indexing. Users upload documents through the web interface.
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The system extracts textual content from these documents and
converts them into smaller segments called text chunks.

Each chunk is transformed into vector embeddings that
represent semantic meaning. These embeddings are stored in
the ChromaDB vector database.

When a user submits a query through the conversational
interface, the system generates an embedding representation of
the query and retrieves the most relevant document segments
using similarity search.

The retrieved information is then passed to the Gemini
language model which generates a context-aware response.
The final response is returned to the user along with references
to the relevant document sections.
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Fig. 2. Workflow of the Querify Research Assistant

VI. TECHNOLOGY STACK

The Querify platform integrates several modern technolo-
gies to provide efficient document analysis and Al-powered
responses.

TABLE |
TECHNOLOGY STACK USED IN QUERIFY

Component Technology Used
Frontend Next.js, React, TypeScript
Backend FastAPI (Python)
Database MongoDB

Vector Database ChromaDB

Al Model Gemini LLM

Framework LangChain

VIl. SEMANTIC SIMILARITY CALCULATION

The semantic retrieval process is based on vector similarity
between the user query and stored document embeddings.
Cosine similarity is commonly used to measure similarity
between two vectors.

The cosine similarity between two vectors A and B is
calculated as:

A-B

Similarity(A, B) =
[HA[l > 118l
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where A - B represents the dot product of the vectors and
[|A]| and [|B]|| represent their magnitudes.

Higher similarity scores indicate that the document
chunk is more relevant to the user’s query.

VIII. LIMITATIONS

Although Querify provides significant improvements in
doc- ument understanding and research assistance, certain
limita- tions remain. The performance of the system
depends heavily on the quality of uploaded documents and
the effectiveness of the embedding models used for
semantic representation.

Processing very large document collections may also in-
crease computational requirements and response time. Ad-
ditionally, Al-generated responses may still require human
verification to ensure complete accuracy.

Future improvements in language models and retrieval
tech- niques can further address these limitations.

IX. ALGORITHM

The Querify system follows a Retrieval-Augmented
Gener- ation algorithm for document-based question
answering.

Step 1: Document Ingestion

User uploads documents including PDF, image, CSV,
or Excel files.

Step 2: Text Extraction

Extract textual content using document-specific
processing libraries.

Step 3: Text Chunking

Divide extracted text into smaller chunks of fixed length.

Step 4: Embedding Generation

Generate vector embeddings for each chunk.

Step 5: Vector Storage

Store embeddings in ChromaDB.

Step 6: Query Embedding

Convert user query into vector representation.

Step 7: Semantic Retrieval

Retrieve top-k most similar document chunks using
cosine similarity.

Step 8: Response Generation

Provide retrieved context to the Gemini language model
to generate an answer with citations.

X. EXPERIMENTAL SETUP

The system was evaluated using a dataset
consisting of research papers, technical documentation,
and structured datasets. Documents from multiple domains
were used to evaluate the effectiveness of the semantic
retrieval system.

The evaluation focused on three main metrics:

- Response relevance

- Retrieval accuracy

- System response time

The system was tested on a workstation with an Intel i7
processor, 16GB RAM, and Python-based backend
services.

Queries were submitted through the conversational
interface and responses were evaluated based on how
accurately the system retrieved relevant document
segments and generated context-aware answers.

JRTI2604106 |

International Journal for Research Trends and Innovation (www.ijrti.org)



http://www.ijrti.org/

© 2026 IJRTI | Volume 11, Issue 4 April 2026 | ISSN: 2456-3315

Xl. PERFORMANCE EVALUATION

Table 1 shows the performance comparison between tra-
ditional keyword-based search and the proposed RAG-based
approach.

TABLE Il
PERFORMANCE COMPARISON

Method Accuracy | Response Time
Keyword Search 62% 12s
Semantic Search 78% 15s

Proposed RAG System 91% 20s

XII.

Security and scalability are important considerations for Al-
powered research platforms. Querify ensures that uploaded
documents are processed securely within the backend system.

User authentication and session management are imple-
mented to protect user data and conversation history. Mon-
goDB provides scalable storage for large volumes of document
metadata and chat interactions.

The use of vector databases allows the system to efficiently
handle large document collections. As the number of docu-
ments increases, vector similarity search ensures fast retrieval
without significant performance degradation.

Future versions of the system can be deployed using con-
tainerization technologies such as Docker and cloud platforms
to further improve scalability.

SECURITY AND SCALABILITY

X1,

The methodology of the proposed system consists of sev-
eral stages including document ingestion, text preprocessing,
embedding generation, semantic retrieval, and response gen-
eration.

METHODOLOGY

A. Document Upload

Users upload documents such as PDFs, images, spread-
sheets, and text files through the web interface.
B. Text Extraction

The system extracts textual content using libraries such as
PyPDF2, Pillow, pandas, and openpyxl|.
C. Text Chunking

Extracted content is divided into smaller text segments to
improve embedding quality and retrieval accuracy.
D. Embedding Generation

Each text segment is converted into vector embeddings
representing semantic meaning.
E. Semantic Search

User queries are converted into embeddings and compared
with stored vectors in ChromaDB to retrieve relevant informa-
tion.

F. Response Generation

The Gemini language model generates responses using the
retrieved context.

XIV. IMPLEMENTATION

The implementation of Querify follows a full-stack devel-
opment approach combining modern web technologies and Al
frameworks.

The frontend interface was developed using Next.js with
server-side rendering capabilities. React components were
used to implement the chat interface, file upload system, and
dashboard features.

FastAPI was selected for the backend due to its high perfor-
mance and asynchronous capabilities. The backend manages
document processing, vector storage, and interaction with the
Gemini API.

The RAG pipeline was implemented using LangChain,
which manages prompt templates, retrieval chains, and context
injection for the language model.

XV. RESULTS AND DISCUSSION

The performance of the Querify system was evaluated
using a dataset consisting of research papers and technical
documents. The evaluation focused on key metrics such as
accuracy, response time, and response relevance.

The proposed Retrieval-Augmented Generation (RAG) sys-
tem achieved an accuracy of 91%, outperforming traditional
keyword-based search (62%) and semantic search methods
(78%). These results are consistent with the findings of Lewis
et al. [1], which highlight the effectiveness of RAG in improv-
ing knowledge-intensive NLP tasks.

TABLE 11l
PERFORMANCE COMPARISON OF DIFFERENT METHODS

Method Accuracy | Response Time
Keyword Search 62% 12s
Semantic Search 78% 15s

Proposed RAG System 91% 20s

Compared to standalone language models described by
Brown et al. [2], the proposed system reduces hallucinations
by incorporating retrieved document context before generating
responses. This results in more accurate and reliable outputs.
The integration of LangChain [3] improves the efficiency
of the retrieval-generation pipeline, while Gemini models [4]
enhance multi-modal understanding and response generation.
Additionally, ChromaDB [6] enables efficient vector similarity
search, contributing to improved retrieval accuracy compared
to traditional database approaches [5].

The system also improves transparency by providing cita-
tions along with responses, allowing users to verify answers
directly from source documents. This aligns with principles of
reliable NLP systems discussed in [7].

However, certain limitations were observed. Processing
large document collections increases computational cost and
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response time. Additionally, system performance depends on
the quality of uploaded documents and embedding models.
Overall, the experimental results demonstrate that inte-
grating semantic retrieval with generative Al significantly
improves accuracy, contextual understanding, and user trust
compared to traditional and standalone Al approaches.

XVI. FUTURE WORK

Future enhancements of the Querify platform will focus on
improving scalability and expanding research capabilities. One
potential improvement is the integration of academic databases
such as Google Scholar and Semantic Scholar to automatically
retrieve relevant research papers.

Another enhancement involves implementing collaborative
research environments where multiple users can analyze and
discuss documents simultaneously.

Advanced visualization tools may also be incorporated to
help researchers explore relationships between documents and
identify research trends.

Additionally, future versions may integrate more advanced
embedding models and domain-specific language models to
improve semantic understanding and response accuracy.

XVII. CONCLUSION

Querify demonstrates the potential of integrating Retrieval-
Augmented Generation with multi-modal document process-
ing for intelligent research assistance. The system provides an
efficient platform for document analysis, semantic search, and
conversational interaction.

By combining Al models, vector databases, and modern
web technologies, the proposed system significantly improves
research productivity and accessibility of information. With
further development and integration of advanced Al tech-
niques, Querify can evolve into a comprehensive platform for
Al-assisted research and knowledge management.
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