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ABSTRACT: Effective communication between government institutions and citizens is essential for transparency, 

accessibility, and efficient public service delivery. However, citizens often face difficulties in accessing accurate and 

up-to-date information due to scattered data sources, complex procedures, and limited digital literacy. To address these 

challenges, this project proposes the development of a Retrieval-Augmented Generation (RAG) powered chatbot for 

government services. 

 

The system integrates a Large Language Model (LLM) with a vector database that retrieves relevant information from 

official government websites and verified documents. Instead of relying solely on pre-trained knowledge, the chatbot 

dynamically retrieves accurate and context-specific information before generating responses. This approach 

significantly reduces misinformation and improves reliability. 

 

The proposed system enhances citizen access to government schemes, policies, eligibility criteria, application 

procedures, and grievance mechanisms. By providing real-time, conversational, and user-friendly responses, the 

chatbot improves public engagement and supports digital governance initiatives. 

 

KEYWORDS: RAG, Large Language Model, Government Services, Vector Database, NLP, Chatbot, Digital 

Governance  

 

I. INTRODUCTION 

 

In the era of digital transformation, governments are increasingly adopting AI-driven technologies to improve public 

service delivery. Citizens frequently seek information regarding government schemes, subsidies, documents, tax 

policies, welfare programs, and public services. However, navigating official portals can be time-consuming and 

confusing. 

 

Traditional chatbots are rule-based or depend only on pre-trained models, which may produce outdated or incorrect 

information. Moreover, government policies frequently change, requiring systems that can dynamically access updated 

information. 

 

Retrieval-Augmented Generation (RAG) combines information retrieval techniques with generative AI models. Instead 

of answering purely from memory, the system retrieves relevant content from trusted sources and then generates a 

response based on that content. This ensures higher accuracy, transparency, and contextual relevance. 

 

The main objective of this project is to design and implement a reliable, scalable, and intelligent RAG-based chatbot 

that assists citizens in accessing government services efficiently 
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II. LITERATURE REVIEW 

 

     The rapid advancement of Natural Language Processing (NLP) and Large Language Models (LLMs) has 

significantly improved the development of intelligent chatbot systems. Early chatbot systems were primarily rule-

based, relying on predefined scripts and keyword matching techniques. Although these systems were useful for 

answering basic queries, they lacked flexibility and struggled to handle complex or dynamic information. 

 

     The introduction of transformer-based models such as BERT and GPT-3 marked a major breakthrough in NLP. 

These models demonstrated strong capabilities in understanding context and generating human-like responses. 

However, standalone LLMs often suffer from hallucination problems and may provide outdated or incorrect 

information, especially in domains where information frequently changes, such as government services. 

 

     To address these limitations, the Retrieval-Augmented Generation (RAG) framework was introduced by researchers 

at Facebook AI Research. RAG combines information retrieval mechanisms with generative models, enabling systems 

to fetch relevant documents before generating responses. This approach improves factual accuracy and reduces 

misinformation. 

 

Recent studies on semantic search and dense retrieval techniques, including Sentence-BERT embeddings and vector 

databases like FAISS, have further enhanced document retrieval performance. Additionally, research in AI governance 

highlights the importance of reliable and transparent AI systems in public service applications. These developments 

collectively support the feasibility of building a RAG-powered chatbot for government services. 

 

III. EXISTING SYSTEM 

 

Currently, most government portals rely on traditional information dissemination methods such as static websites, 

FAQs, and helpline centers. Some departments use rule-based chatbots that operate using predefined question–answer 

pairs. 

 

Limitations of Existing Systems: 

Rule-Based Chatbots 

Limited to predefined queries 

Cannot understand complex or rephrased questions 

Difficult to update frequently 

Standalone LLM Chatbots 

May generate hallucinated or incorrect information 

Lack real-time access to updated government data 

Not grounded in verified official sources 

Manual Website Navigation 

            Time-consuming for citizens 

            Information scattered across multiple pages 

            Difficult for users with limited digital literacy 

            Due to these limitations, citizens often experience 

             confusion, misinformation, and delays in 

             accessing government services. 

 

IV. PROPOSED SYSTEM 

 

4.1 Data Collection                                                                               

       Official government websites, policy documents, public 

       service   portals, FAQs, and scheme-related documents 

        are collected. Only verified and authentic sources are 

        used to ensure reliability. 

       The data includes: 

        Government schemes and eligibility criteria 
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        Application procedures 

        Required documents 

        Deadlines and notifications 

        Contactanzgrievancedetails 

 

4.2. Data   Preprocessing 

      The data was preprocessing is formed to enhance Image quality and improve defect visibility. Images are converted 

to grayscale to reduce computational complexity while retaining important details. Noise removal techniques such as 

gaussian and median filtering are applied to eliminate distortions. Edge detection and morphological operations 

highlight defect boundaries and surface irregularities. 

 

4.3 Embedding and Vector Database 

Each text chunk is converted into vector embeddings using embedding models (e.g., Sentence Transformers, OpenAI 

embeddings, etc.). 

These embeddings are stored in a vector database such as: 

FAISS 

Pinecone 

Chroma 

The vector database enables semantic search, allowing the system to retrieve contextually relevant information instead 

of keyword-based matching. 

 

4.4 Model Development (RAG Architecture) 

The RAG system consists of two main components: 

Retriever 

Searches the vector database 

Retrieves top relevant document chunks 

Generator (LLM) 

Receives the retrieved documents 

Generates accurate, context-aware responses 

When a user asks a question: 

The query is converted into embeddings. 

Relevant documents are retrieved from the vector database. 

The LLM generates a final response using the retrieved information. 

This architecture ensures updated and trustworthy responses. 

 

4.5 Proposed Model Architecture 

The proposed RAG-based chatbot architecture includes: 

User Interface (Web/App interface) 

Query Processing Module 

Embedding Model 

Vector Database 

Large Language Model (LLM) 

Response Generation Module 

This hybrid architecture improves: 

Accuracy 

Context-awareness 

Transparency 

Scalability 

 

V. METHODOLOGY 

 

5.1 Data Ingestion and Knowledge Source Preparation 

Data ingestion is the first step in building the RAG-powered chatbot. In this phase, information is collected from 

authentic and verified government sources such as official websites, policy documents, service portals, notifications, 
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and frequently asked questions (FAQs). These sources ensure the reliability and correctness of the information 

provided to citizens. 

 

The collected data is converted into machine-readable text formats. Non-informative elements such as advertisements, 

navigation menus, and redundant content are removed. The cleaned data is organized according to departments, 

services, and scheme categories. This structured knowledge base forms the foundation for effective information 

retrieval and accurate response generation. 

 

 
 

5.2 Text Processing and Document Chunking 

Once the data is ingested, it undergoes text processing to improve retrieval performance. The documents are cleaned 

through normalization techniques such as removing special characters, stop words, and unnecessary formatting. 

Tokenization is applied to break text into meaningful units. 

 

Large documents are divided into smaller, manageable chunks to ensure that relevant information can be retrieved 

efficiently. Chunking helps the system locate precise information rather than retrieving entire documents. Each chunk is 

associated with metadata such as source URL, department name, and update date, which assists in ranking and filtering 

relevant content during retrieval. 

 

 
 

5.3 Embedding Generation and Vector Storage 

In this stage, the processed text chunks are converted into numerical vector representations known as embeddings. 

These embeddings capture the semantic meaning of the text, allowing the system to understand context rather than 
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relying on keyword matching. Pre-trained embedding models are used to generate high-dimensional vectors for each 

text chunk. 

 

The generated embeddings are stored in a vector database such as FAISS, Pinecone, or Chroma. The vector database 

enables fast and efficient similarity search. When a user submits a query, its embedding is compared with stored 

vectors to retrieve the most semantically relevant document chunks. This approach significantly improves retrieval 

accuracy. 

 

 
 

5.4 Retrieval-Augmented Query Processing 

Retrieval-Augmented Query Processing combines information retrieval with natural language generation. When a 

citizen submits a query, the system first converts the query into an embedding. This embedding is used to search the 

vector database and retrieve the most relevant document chunks based on semantic similarity. 

 

The retrieved content is then passed to the Large Language Model as contextual input. The LLM uses this grounded 

information to generate a precise and informative response. This retrieval-augmented approach ensures that responses 

are factual, updated, and aligned with official government information. It also minimizes hallucinations commonly 

associated with standalone language models. 

 

5.5 Query Understanding and Intent Detection 

Query understanding is a critical component of the RAG-powered chatbot. When a citizen submits a query, the system 

analyzes the input using Natural Language Processing (NLP) techniques to identify user intent and key entities. This 

includes understanding whether the query relates to government schemes, eligibility criteria, application procedures, 

deadlines, or grievance services. Intent detection helps the system retrieve the most relevant documents from the vector 

database, ensuring precise and context-aware responses. This process improves user experience by reducing ambiguity 

and irrelevant answers.  

 

5.6 Contextual Document Ranking 

After retrieving multiple relevant document chunks from the vector database, a contextual ranking mechanism is 

applied. The retrieved documents are ranked based on semantic similarity scores, relevance to user intent, and metadata 

such as recency and source reliability. This ensures that the most accurate and updated government information is 

prioritized. Contextual ranking enhances  the effectiveness of the RAG pipeline by providing the LLM with high-

quality, relevant context for response generation.  

 

5.7 Response Generation using LLM 

The Large Language Model (LLM) is responsible for generating the final response presented to the user. The LLM 

receives the ranked documents as contextual input and produces a coherent, user-friendly, and informative answer. 

Since the response is grounded in retrieved government data, the chances of hallucination are significantly reduced. 

The model is fine-tuned to generate concise and clear explanations suitable for citizens with varying levels of digital 

literacy. 

 

5.8 Feedback and Continuous Learning 

To improve system performance over time, a feedback mechanism is incorporated. Users can rate responses or report 
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incorrect information. This feedback is analyzed to refine retrieval strategies, improve document chunking, and 

enhance LLM prompt tuning. Periodic updates to the vector database ensure that newly released government policies 

and schemes are included. Continuous learning helps maintain accuracy and relevance as government information 

evolves.                                                                                                                  

 

VI. RESULTS 

 

The RAG-powered chatbot for government services was evaluated using real-world citizen queries collected across 

multiple government domains such as welfare schemes, public services, documentation procedures, and eligibility 

criteria. The system’s performance was assessed based on accuracy, relevance, response time, and user satisfaction. 

 

6.1 Query Response Accuracy 

     The chatbot demonstrated high accuracy in answering citizen    queries by grounding responses in official 

government documents. Since answers were generated using retrieved content rather than pre-trained knowledge alone, 

the system consistently provided factually correct information. Most    queries related to schemes, application 

processes, and   document requirements were answered accurately with   minimal errors  

 

6.2 Retrieval Effectiveness 

       The vector database successfully retrieved relevant  

        document chunks for a wide range of user queries.  

        Semantic search enabled the system to understand the  

        intent of queries even when users used informal or  

        non-technical language. The top-ranked documents  

        were highly relevant, improving the quality  

        of responses generated by the LLM. This  

        confirms the effectiveness of embedding-based  

        retrieval over keyword-based search. 

 

 
                   

6.3 Response Relevance and Context Awareness 

The chatbot produced context-aware responses by combining retrieved documents with natural language generation. 

Responses were concise, clear, and tailored to user intent. Even complex queries involving multiple conditions—such 

as eligibility and required documents—were handled effectively. The system avoided generic answers and provided 

specific, actionable information. 

 

6.4 Reduction of Hallucination 

One of the major advantages observed was a significant reduction in hallucinated responses. Since the LLM generated 

answers strictly based on retrieved government data, the chances of producing misleading or fabricated information 

were minimized. This makes the chatbot more reliable than traditional LLM-based chatbots, especially for critical 

government-related information. 
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Method Hallucination Reduction 

Perplexity RAG ~90-95% via sourcesreddit 

Standard LLMs 20-50% with tuningpromptfoo 

Prompt Engineering 30-60% improvementaiforlawyers.substack 

 

6.5 Response Time Performance 

The system achieved acceptable response times suitable for real-time interaction. Embedding-based retrieval from the 

vector database was fast and efficient. Even with large datasets, the chatbot responded within a few seconds, ensuring 

smooth user interaction. This performance confirms the scalability of the proposed RAG architecture. 

 

VII. CONCLUSION 

 

This project successfully presented the design and implementation of a Retrieval-Augmented Generation (RAG) 

powered chatbot for government services. The proposed system effectively addresses the limitations of traditional rule-

based and standalone chatbot systems by combining semantic information retrieval with generative AI models. 

 

By retrieving information directly from verified government websites and official documents, the chatbot provides 

accurate, up-to-date, and context-aware responses to citizen queries. The use of a vector database ensures efficient 

semantic search, while the Large Language Model generates clear and user-friendly answers. Experimental evaluation 

and graphical analysis demonstrate improvements in response accuracy, relevance, reduced hallucination, and user 

satisfaction. 

 

Overall, the proposed system enhances citizen access to  government information, improves transparency, and supports 

digital governance initiatives. The architecture is scalable and can be extended to various government departments and 

public   service platforms.                                                  
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