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Abstract—This study aims to enhance the accessibility and precision
of government service information by developing an intelligent chatbot
system. Conventional approaches, including keyword-based search
engines and rule-driven chatbots, frequently struggle to deliver
accurate and contextually meaningful responses, which can result in
user confusion and the spread of incorrect information. With the rapid
growth of digital government data, manually locating relevant
information has become increasingly inefficient for citizens.To address
these challenges, the proposed system utilizes a Retrieval-Augmented
Generation (RAG) framework. It gathers data from authorized
government portals and official documents, processes the content
using semantic analysis, and transforms it into vector embeddings
stored within a vector database for fast and relevant retrieval. When a
user submits a query, the system performs a semantic search to
identify the most appropriate information and generates a response
using a Large Language Model.

By anchoring responses in verified and reliable sources, the chatbot
minimizes misinformation and enhances trustworthiness. Additionally,
a user-friendly web interface allows citizens to conveniently access
information related to government schemes, eligibility requirements,
and application processes. Experimental results indicate that the
system significantly improves response accuracy, relevance, and
overall user experience in accessing public service information.

Keywords—  Retrieval-Augmented  Generation (RAG),
Government Chatbot, Natural Language Processing (NLP),
Large Language Models (LLM), Semantic Search, Vector
Database.

|I. INTRODUCTION

Modern digital governance systems are becoming increasingly
complex due to the rapid expansion of online government services
and public information platforms. This growth is driven by digital
transformation initiatives, e-governance programs, and the
widespread adoption of web-based service delivery. Governments
now provide large volumes of information related to welfare
schemes, eligibility criteria, application procedures, and policy
updates through multiple online portals and digital documents. As
citizens increasingly depend on these platforms for accessing
essential services, the need for accurate, fast, and user-friendly
information retrieval becomes critical. However, the vast amount
of distributed information across different government websites
creates challenges for users. Citizens often need to browse multiple
portals, read lengthy documents, and interpret complex
administrative language to find relevant details
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This process can be time-consuming and confusing,
particularly for individuals with limited technical knowledge
or digital literacy. Traditional search systems used in many
government portals rely on keyword-based matching, which
often fails to understand the user’s intent and may return
irrelevant or incomplete results.

Conversational systems such as chatbots have emerged
as a promising solution to improve accessibility to digital
services. These systems allow users to interact using natural
language, making information retrieval more convenient.
However, conventional rule-based chatbots are limited in
their ability to handle complex queries, as they depend on
predefined responses and simple keyword matching
techniques. Even advanced Al models based on Large
Language Models (LLMs) can sometimes generate
incorrect or misleading information when not supported by
reliable data sources.

To overcome these limitations, Retrieval-Augmented
Generation (RAG) has emerged as an effective approach
that combines semantic information retrieval with language
generation. In this method, relevant information is first
retrieved from verified sources such as government websites
and documents, and then used to generate accurate and
context-aware responses. This ensures that the chatbot
provides reliable information grounded in official data rather
than relying solely on pre-trained knowledge.

The Contributions of the paper:

e Structured Data Ingestion Pipeline: Develops a
systematic pipeline for collecting, cleaning, and
organizing information from official government

websites and documents, ensuring reliable and scalable
data processing for large volumes of public service
information.

IJRTI2604341 |

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



http://www.ijrti.org/
mailto:maheswarinec@gmail.com
mailto:preethu2005@gmail.com
mailto:preethu2005@gmail.com

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

e Semantic Retrieval and Embedding Framework::
Implements advanced text embedding techniques and
vector-based storage to enable efficient semantic
search, allowing the system to retrieve contextually
relevant information beyond simple keyword matching.

e RAG-Based Response Generation Engine: Integrates
a Retrieval-Augmented Generation mechanism with
Large Language Models to generate accurate, context-
aware responses grounded in verified government data,
significantly reducing misinformation.

e User-Friendly Web Chatbot Interface: Provides
an interactive web-based chatbot interface that allows
users to easily query government services, view
responses in real time, and access information such as
eligibility, benefits, and application procedures in a
simple and understandable format.

I. PROPOSED SYSTEM DESCRIPTION

The proposed system is a unified Al-powered platform
designed to assist citizens by providing accurate information
about government services through a conversational chatbot
interface. It features follows a multi-stage architecture
beginning with a data collection layer that gathers
information from official government websites and
documents using web scraping and document ingestion
techniques
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The collected data is processed through a preprocessing
layer, where the text is cleaned, normalized, and segmented
into smaller chunks to improve understanding and retrieval
efficiency.

A semantic processing module converts the processed text
into vector embeddings using embedding models, enabling
meaningful representation of information. These embeddings
are stored in a vector database, allowing fast and efficient
similarity-based search. When a user submits a query, the
system transforms the query into an embedding and retrieves
the most relevant information using semantic search
techniques.

The system also includes a web-based chatbot interface that
allows users to interact in real time and receive clear
responses about eligibility criteria, benefits, and application

procedures. The proposed system improves response
accuracy, reduces  misinformation, and  enhances
accessibility. Experimental results show significant

improvement in information relevance and user satisfaction
compared to traditional keyword-based systems, while
maintaining efficient response time and scalability.

'n_>: DATA AUGMENTATION
(Update & Enrich Data)

VECTOR DATABASE
4 ' (Store Embeddings for
Efficient Retrieval) ;

TEXT EMBEDDING ! | % o
(Convert to Vector 1
Representations)

SEMANTIC RETRIEVAL

'
'
(Fetch Relevant Information) g : OF RE_LE_VANT CONTEXT !
______________________ /3 L (Similarity Search) )
H RESPONSE GENERATION ' I
¢ WITH LLM (RAG) <
" (Generate Accurate Answers) 1

CHATBOT RESPONSE
(Display to User) '

i :’ USER FEEDBACK &
SYSTEM LEARNING
(Improve Accuracy)

Fig. 1. Proposed Block Diagram

Il. PROPOSED SYSTEM MODELLING

This system also includes a web-based chatbot interface that
allows users to interact in real time and receive clear
responses about eligibility criteria, benefits, and application
procedures. The proposed system improves response

accuracy, reduces  misinformation, and  enhances
accessibility.  Experimental results show significant
improvement in information relevance and user satisfaction
compared to traditional keyword-based systems, while
maintaining efficient response time and scalability.

Data Ingestion Layer

The deployment begins with dedicated data collection
modules that continuously gather information from multiple
trusted government sources. These sources include official

portals, policy documents, scheme databases, and public
service APIs. The ingestion components are designed to
extract both structured data (such as eligibility criteria,
application steps, and forms) and unstructured data (such as
guidelines, PDFs, and circulars).

Preprocessing & Feature Engineering

The raw data collected from various government sources is
passed through a preprocessing pipeline to ensure
consistency, quality, and usability. This stage involves
cleaning and transforming both structured and unstructured
data. Irrelevant content such as HTML tags, duplicate
entries, and noise is removed, while missing or incomplete
fields are handled through rule-based filling or contextual
inference.
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Anomaly Detection Engine

Intelligent monitoring components ensure the reliability
and quality of the chatbot’s responses through parallel
analytical pipelines:

Unsupervised Analysis: Clustering and distance-
based models (such as vector similarity checks and
density-based methods) are applied to identify
unusual patterns in incoming queries and retrieved
documents. Queries that significantly deviate from
typical user behavior or fall outside known
knowledge boundaries are flagged. A dynamic
thresholding mechanism adjusts sensitivity based on
query distribution, helping detect irrelevant
retrievals or ambiguous inputs.

Supervised Evaluation: Sequence-based models
are trained on historical interaction data to learn
normal response patterns. These models evaluate
factors such as response relevance, latency, and user
feedback scores. Deviations—Iike unusually low
relevance scores or delayed responses—are detected
by comparing current outputs against learned
baselines, enabling early identification of potential
system issues.

Decision & Remediation Loop

A rule-driven orchestration module coordinates
decisions based on outputs from the retrieval and
response generation stages. It evaluates quality
indicators such as relevance scores, confidence
levels of the language model, and alignment with
the user’s intent. Based on these signals, the system
dynamically determines the next action—either
delivering the response, refining the query, or re-
initiating the retrieval process with improved
parameters.

Dashboard & Observability

A web-based dashboard built using modern
frontend frameworks provides real-time
visibility into the chatbot’s performance and
behavior. Visualization libraries are used to present
key insights such as query volumes, response
times, and retrieval accuracy through dynamic
charts and graphs.

Experimental Validation

To evaluate the performance of the RAG-based
chatbot system, a series of experiments were
conducted to test accuracy, response time, and
retrieval efficiency. The system was tested using a
dataset of government schemes collected from
official sources, with multiple user queries in both
English and Tamil. The evaluation involved
comparing the relevance of retrieved documents and
the quality of generated responses. Baseline testing

was performed using keyword-based search, while
the proposed system utilized embedding-based
semantic search with a FAISS vector database.
Additional testing included handling multiple
concurrent  queries and  measuring  system
responsiveness under varying loads.

DATA SOURCES
(Government Websites, Documents,
PDFs, FAQs, APIs)

v

DATA PRE-PROCESSING
* Cleaning, Normalization
+ Text Chunking, Stopword Removal

TEXT CHUNKING & NORMALIZATION
TO DOCUMENTS
Raw Text = Chunks

v

TEXT EMBEDDING
(Convert to Vector Representation)
QUTPUT SIZE: N x D (N = chunks, D = dimension)

VECTOR DATABASE
(Store Embeddings for Retrieval)
NxD
USER QUERY INPUT
(Natural Language Question)
QUERY EMBEDDING
(Convert Query to Vector)
OUTPUT SIZE: 1xD
SEMANTIC RETRIEVAL
(Similarity Search)
Top K Relevant Chunks
QUTPUT SIZE: Kx D ‘ I ‘ OUTPUT SIZE: 1xD
RETRIEVED CONTEXT RESPONSE GENERATION
(Top K Chunks) P > WITH LLM (RAG)
KxD 1 INPUT SIZE: 1xL (Generate Answer)
‘ : 1xL
|
CONTEXT CONCATENATION 1 1
(Combine Context + Query) : POST-PROCESSING
1xL 1 (Formatting, Filtering, Validation)
' : 1xL
1
PROMPT CONSTRUCTION | ‘
(Create Prompt for LLM) pase CHATBOT RESPONSE
1xL (Display to User)
OUTPUT SIZE: 1xL 1 1L
USER FEEDBACK & LOGGING
(Improve System & Update Knowledge Base)
1xL

Fig. 2. Al-based anomaly detection architecture
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To ensure the system is scalable and reliable, several
deployment-level enhancements were incorporated. The
application was built using Streamlit for the frontend and
integrated with a backend pipeline that efficiently handles
embedding generation, retrieval, and response generation.
The FAISS vector database enables fast similarity search
even with large datasets, maintaining low latency during
query processing. The system also supports multilingual
interaction, allowing users to query in both English and
Tamil without performance degradation. Lightweight
deployment ensures the system can run efficiently on
standard hardware configurations, making it suitable for
real-time usage.

Furthermore, optimization techniques were applied to
improve the quality of results. The embedding models were
fine-tuned to better capture semantic meaning, ensuring
accurate matching between user queries and stored data.
Chunking strategies were optimized to improve retrieval
precision, and only the top relevant results were passed to
the language model to reduce noise. The system
demonstrated improved accuracy compared to traditional
keyword-based approaches, with more context-aware and
reliable responses. Overall, the experimental results confirm
that the proposed system is efficient, scalable, and capable
of delivering fast and accurate assistance to users seeking
government scheme information.

1. RESULTS AND DISCUSSION

This study evaluates the performance of the RAG-powered
chatbot for government services through comprehensive
testing and analysis. The results highlight the effectiveness
of combining information retrieval with Al-based response
generation. The integrated architecture demonstrates strong
capability in understanding user queries, retrieving relevant
government data, and generating accurate, context-aware
responses. Overall, the system shows significant
improvement in response quality, efficiency, and user
experience compared to traditional search-based methods.

Performance across:
e  True Positive (TP): 1925 — Correctly generated

highly relevant responses for user queries,
especially for government schemes (45%),
eligibility  criteria  (30%), and application
procedures (20%).

e False Negative (FN): 130 — Relevant information
was available but not properly retrieved or fully
utilized (2.6% rate), mainly in cases of vague or
multi-intent queries.

e True Negative (TN): 2800 — Queries outside the
knowledge scope were correctly identified and
handled with safe fallback responses or redirections
(=99% reliability), preventing misinformation.

e False Positive (FP): 145 — Responses were
generated but were partially relevant or slightly
mismatched to the query intent (2.9% rate), mostly
due to ambiguous wording or insufficient context.

Count

Figure: Response Classification Metrics of RAG Chatbot System
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Fig. 3. Al classification metrics
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Fig. 4. Data Preprossing pipeline

Fig. 5 plots 50-epoch training trajectory:
Isolation Forest reaches 94.2% validation
accuracy by epoch 12 (F1: 0.92), LSTM
predictor stabilizes at 91.8% by epoch 28. Loss
converges to 0.18 cross-entropy, confirming
robust generalization across 80/20 train-
validation splits from 30-day historical telemetr
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Fig. 5. Model Accuracy and Model Loss

Fig.6 displays a X-axis (Epoch): Number of times the
model has gone through the entire training dataset.

Y-axis (Loss): A measure of how far the model’s
predictions are from the actual expected
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Fig. 6. Confusion Matrix

Fig. 7 presents This image represents a confusion matrix,
which is used to evaluate the performance of a classification
model (like your chatbot deciding whether something is
relevant or irrelevant).
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Fig. 7. ROC Curve

Fig. 8 compares X-axis (Models): Types of chatbot systems
Y-axis (Accuracy %): How often each model gives correct
responses
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Fig. 8. Accuracy comparison between the classifiers

Fig. 9 X-axis (Systems): Types of chatbot systems (Existing
Chatbot, Fine-tuned LLM, Proposed RAG Chatbot)

Y-axis (Specificity %): How effectively each system filters
out irrelevant or non-matching information
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Fig. 9. Specificity comparison between the classifiers
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V.CONCLUSION

This project presents a robust Al-powered chatbot for
government  services that integrates retrieval-based
techniques with advanced language models to deliver
accurate and context-aware responses. The system
efficiently processes user queries by combining structured
data ingestion, intelligent preprocessing, and semantic
retrieval, enabling real-time access to relevant government
information. The multi-stage pipeline transforms raw data
from official sources into meaningful knowledge
representations, which are utilized by the RAG framework
to generate precise and reliable answers. The chatbot
demonstrates high response accuracy and improved user
interaction by effectively handling diverse query types,
including schemes, eligibility, and application procedures
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