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Abstract - This paper presents NexAI, a fully local Retrieval-Augmented Generation (RAG) system designed for secure 
and efficient document querying. Traditional keyword-based search systems lack contextual understanding, while standalone 
large language models often generate unverified responses. NexAI addresses these limitations by integrating semantic retrieval 
with local language model inference. 
The system processes textual documents, converts them into embeddings, and stores them in a vector database for efficient 
similarity-based retrieval. User queries are transformed into embeddings and matched against stored data to retrieve relevant 
context, which is then used by a locally deployed language model to generate accurate responses. 
Unlike cloud-based AI systems, NexAI operates entirely offline, ensuring complete data privacy, reduced latency, and cost 
efficiency. Experimental results demonstrate improved accuracy and contextual relevance compared to traditional search 
methods. 

The system is modular and scalable, allowing future extensions such as multimodal data processing and hybrid deployment. 
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1. INTRODUCTION 
 

In the modern digital era, the rapid growth of unstructured data has created significant challenges in efficient information 
retrieval and knowledge extraction. Documents such as reports, PDFs, research papers, and textual records are generated 
at an unprecedented scale across domains including education, healthcare, finance, and enterprise systems. Extracting 
meaningful insights from such data using traditional techniques has become increasingly difficult. 
Conventional information retrieval systems primarily rely on keyword-based search methods such as TF-IDF and Boolean 
search. While these methods are computationally efficient, they fail to capture the semantic meaning and contextual 
relationships within text. As a result, users often receive irrelevant or incomplete results, especially when queries are 
complex or expressed in natural language. 
 

Recent advancements in Artificial Intelligence, particularly in Natural Language Processing (NLP), have led to the 
development of large language models (LLMs) capable of understanding and generating human-like text. These models can 
process context and provide coherent responses; however, they suffer from a major limitation: lack of grounding in external 
or user-specific data. This often leads to hallucination, where the model generates plausible but incorrect or unverifiable 
information. 
 

To address these limitations, Retrieval-Augmented Generation (RAG) has emerged as a hybrid approach that combines 
information retrieval with generative models. In a RAG system, relevant information is retrieved from a document corpus 
and used as context for response generation. This significantly improves accuracy and reduces hallucination by grounding 
outputs in real data. 
 

Despite these advantages, most existing RAG implementations rely heavily on cloud-based infrastructures, including 
external APIs and remote vector databases. While effective, such systems introduce several critical challenges. Data 
privacy becomes a major concern, as sensitive information must be transmitted to third-party servers. Additionally, 
dependency on internet connectivity results in increased latency and reduced reliability in offline environments. 
Furthermore, cloud-based solutionsoften involve recurring costs, making them less accessible for long-term or 
large-scale usage. 
 
To overcome these challenges, this paper proposes NexAI, a fully local Retrieval-Augmented Generation system designed 
for secure and efficient document querying. NexAI integrates semantic retrieval using vector embeddings with local large 
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language model inference to generate context-aware responses. The system processes user-provided documents, converts 
them into embeddings, and stores them in a vector database (ChromaDB) for efficient similarity- based retrieval. User 
queries are similarly embedded and matched against stored data to retrieve relevant context, which is then used by a 
locally deployed language model via Ollama for response generation 
 
The key contribution of NexAI lies in its ability to operate entirely in a local environment, ensuring complete data privacy, 
reduced latency, and independence from cloud-based services. The modular architecture of the system enables flexibility 
and scalability, allowing easy integration of additional components and future enhancements. 
The remainder of this paper is organized as follows: Section II describes the methodology and system design, Section III 
presents the results and performance evaluation, Section IV concludes the paper, and Section V discusses future scope 
andenhancements. 
 

II. METHODOLOGY 
 
 

 
 

Fig no.1 working of Rag system 
 

The NexAI system is designed as a fully local Retrieval-Augmented Generation (RAG) framework that integrates document 
processing, semantic retrieval, and response generation. The methodology follows a structured pipeline consisting of 
document ingestion, embedding generation, similarity-based retrieval, and context-aware response generation. 
 

The overall workflow is divided into two major phases: Document Processing Phase and Query Processing Phase. 
 

 

 
Fig no.2 Basic pipeline of Rag 

A. Document Processing Phase 
The document processing phase prepares input data for efficient retrieval and analysis. 

1) Document Ingestion 
The system accepts user-provided documents in formats such as text files and PDFs. These documents are loaded and 

converted into raw textual content for further processing. 
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2) Text Preprocessing 

The extracted text is cleaned and normalized by removing unwanted characters, redundant spaces, and formatting 
inconsistencies. This step ensures uniformity and improves embedding quality. 

3) Text Chunking 

Large documents are divided into smaller segments (chunks) to improve retrieval efficiency. Chunking reduces 
computational complexity and ensures that relevant information is not lost during retrieval. Overlapping chunk strategies 
can be applied to preserve contextual continuity. 

4) Embedding Generation 

Each text chunk is transformed into a high- dimensional vector representation using embedding models. These 
embeddings capture the semantic meaning of the text and enable similarity-based search. 

5) Vector Storage 

The generated embeddings are stored in a vector database (ChromaDB). Each embedding is indexed along with its 
corresponding text chunk, enabling efficient retrieval during query processing. 

B. Query Processing Phase 

The query processing phase handles user interaction and generates responses. 

1) Query Input 

The user submits a query in natural language through the interface. 

2) Query Preprocessing 

The query is cleaned and normalized using similar preprocessing techniques applied to documents. 

3) Query Embedding 

The processed query is converted into a vector embedding using the same embedding model to ensure compatibility with 
stored document embeddings. 

4) Similarity-Based Retrieval 

The system performs similarity search by comparing the query embedding with stored embeddings using metrics such as 
cosine similarity. The most relevant document chunks are retrieved based on similarity scores. 

5) Context Aggregation 

The retrieved document segments are combined to form a contextual input for the language model. This ensures that the 
response is grounded in relevant data. 

6) Response Generation 

The aggregated context and user query are passed to a locally deployed language model via Ollama. The model generates 
a context-aware and coherent response based on the retrieved information. 

C. Algorithmic Workflow 

The overall process can be summarized as follows: 

1. Load and preprocess input documents 
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2. Split documents into chunks 

3. Generate embeddings for each chunk 

4. Store embeddings in vector database 

5. Accept user query 

6. Convert query into embedding 

7. Perform similarity search 

8. Retrieve relevant document chunks 

9. Generate response using local LLM 

10. Display output to the user 

D. System Characteristics 

The proposed methodology ensures: 

 Semantic Retrieval: Enables context-aware search instead of keyword matching 

 Reduced Hallucination: Grounds responses in retrieved document data 

 Local Execution: Ensures data privacy and eliminates cloud dependency 

 Low Latency: Improves response time by avoiding network communication 

E. Discussion 

The integration of retrieval and generation provides a robust framework for document-based question answering. By 
leveraging vector embeddings and local inference, the system achieves a balance between accuracy, efficiency, and privacy. 
The modular design further allows flexibility in replacing or upgrading components such as embedding models and 
language models. 

III. RESULTS 

 

Fig no-3 Response of prosed system 

The performance of NexAI was evaluated using document-based, contextual, and out-of-scope queries, focusing on 
accuracy, relevance, response time, and efficiency in a fully local environment. 
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A.ExperimentalSetup: 

The system was implemented on a local machine (multi-core CPU, ≥8GB RAM) using a Python environment, with Ollama 
for language modeling and ChromaDB for semantic retrieval. The dataset included multiple text and PDF documents with 
domain-specific queries of varying complexity. 

B.EvaluationMetrics: 

Performance was measured using Accuracy, Contextual Relevance, Response Time, and Robustness for out-of-scope queries. 

C.ExperimentalResults: 

NexAI showed high accuracy in document-based queries by retrieving relevant content using embeddings. For compqueries, 
it effectively combined multiple document chunksto generate meaningful responses. In out-of-scope cases, the system 
avoided hallucination by limiting responses. Local execution ensured consistently low response time due to the absence of 
network latency. 

D. QuantitativeAnalysis: 

Accuracy and contextual relevance were high, response time was low, and hallucination was minimal, demonstrating the 
effectiveness of combining retrieval with generation. 

E. ComparativeAnalysis: 

Compared to traditional keyword search and standalone LLMs, NexAI achieved higher accuracy and semantic 
understanding, reduced hallucination, improved data privacy, and maintained low latency. 

F. Observations: 

Semantic search improved retrieval quality, chunking enhanced precision, local deployment reduced latency, and 
grounding responses minimized hallucination. 

G. Limitations: 

Performance depends on hardware, large datasets increase memory usage, and complex queries may require multiple 
retrieval iterations. 

H. Discussion: 

The results confirm that integrating retrieval and generation provides a reliable solution for document-based querying. 
NexAI improves trustworthiness by grounding responses in actual data and performs well in privacy-focused, offline 
environments, though scalability for large datasets remains a future challenge. 

IV. CONCLUSION 

This paper presents NexAI, a fully local RAG system for intelligent and privacy-focused document querying. It combines 
semantic retrieval with local language models to generate accurate, context-aware responses. The system reduces 
hallucinations by grounding outputs in retrieved data using vector databases like ChromaDB. 

Local deployment via Ollama ensures data privacy and low-latency performance without cloud dependency. Overall, NexAI 
is a secure, cost-effective, and efficient solution for document-based question answering. 

V. FUTURE SCOPE 

NexAI currently focuses on text-based document querying using a local RAG framework with strong accuracy and
 privacy. Future enhancements include multimodal support (image, audio, video) using OCR 
and speech-to-text technologies. 

Adopting advanced and fine-tuned language models can improve response quality and domain-specific accuracy. Scalability can 
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be improved through hybrid architectures combining local and cloud processing. Further optimizations and UI 
enhancements will makeNexAI more efficient, user-friendly, and adaptable for real-world applications. 
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