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Abstract

The use of increasingly automated systems for tasks like customer support and
information retrieval is considerably changing industries such as education, healthcare, and e-
commerce. Typical FAQ chatbots often rely on rule-based or keyword-matching algorithms,
which limit their ability to address complex questions, adapt to personalized contexts, and learn
from interactions. This undertaking introduces a novel chatbot for frequently asked questions,
which uses advanced LLMs to tackle these issues. Gemini is an advanced LLM, and the
LangChain allows for advanced context management. This system improves comprehension
of user intent and also generates natural, contextually relevant responses, progressing beyond
static, database-dependent answers. It uses user-specific data, such as interaction history and
preferences, to customize different interactions and generally increase user satisfaction. This
framework directly addresses scalability challenges as well as delivers remarkably smart, user-
centric automation. It does so for contemporary customer support along with information
retrieval applications through thoughtfully combining contextual understanding, in addition to
personalization. This approach illustrates the transition from prescriptive, rule-driven systems

to more comprehensive, learning-oriented driving systems. It enhances the system’s
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effectiveness and user experience while encouraging the growth of advanced, user-friendly

automation help systems.

Keywords: FAQ Chatbot, Large Language Models (LLMs), Contextual Understanding,
Personalization, Information Retrieval, User Interaction History, Automated Systems,

Adaptive Learning.

1. Introduction

As automation keeps reshaping digital communication and customer service, the need
for smart, flexible, and scalable information systems is on the rise. Traditional FAQ chatbots,
which depend largely on rigid rules and fixed response databases, often struggle to tackle
complex user questions, grasp context-specific needs, or learn from past interactions. These
shortcomings highlight the urgent need for more advanced solutions that combine natural
language processing (NLP) and machine learning to provide responses that are both context-

aware and personalized.

This research examines the creation and application of an advanced FAQ chatbot
employing Large Language Models (LLMs) through the Gemini Pro API and the LangChain
framework. This chatbot, infused through Al, dynamically interprets the user's intent and also
integrates those user choices. In place of fixed answers, just as with conventional systems, it
generates more customized responses. Such capabilities let one understand user queries in a

subtle way as well as apply the chatbot across diverse domains.

The model architecture emphasizes multi-modal support and accepts free-text queries,
together with document-based inputs such as PDFs. The chatbot does extend far beyond the
customary keyword-based systems by extracting and then processing content directly from the
user-uploaded files. Furthermore, voice-based features include many speech recognition
capabilities, improving usability since these support hands-free interaction. The system

becomes more inclusive and more accessible due to this enhancement.

To ensure a smooth and efficient deployment, Flask, which is a lightweight web
framework well-suited for its integration into enterprise environments, is used to develop the
backend. The chatbot supports real-time session tracking as well as interaction history of the
session. Since it maintains conversational context, coherent responses are delivered.

Empirically evaluating the system shows that it effectively and accurately answers, is aware of
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context, while also satisfying each of the users and responding in a highly effective way.
For dealing with scalability challenges, the Flask backend is engineered to support concurrent

requests using asynchronous programming and proper session management.

The chatbot can train itself from user participation, improve responses, and meet a wide
range of needs, making it suitable for a multitude of fields, including education, healthcare,
and e-commerce. This research attempts to rethink FAQ automation and, with it, strives to
create a seamless integration of advanced Al technologies with real-world applications,

enhancing efficiency and user satisfaction.

2. Related Work

An automatic response system for frequently asked questions is integrated within the
design and implementation of an FAQ chatbot. The chatbot is built using a Rule-NLP Hybrid
approach and implemented with Java Applets. User queries are recognized, and automated
responses are fetched from a database through pattern matching [1]. It emphasizes the growing
importance of QA systems and LLMs for NLP and discusses rule-based, pattern-match, and
deep learning approaches. It points towards progress in open-source models such as Zephyr
and Llama-3, the application of RAG to enhance precision, and the necessity for simple,
resource-conserving chatbot development tools [2]. This Al-powered FAQ chatbot utilizes
both text and voice for user self-service. It autonomously learns from human-agent interactions
to improve responses over time. The chatbot increases user satisfaction by allowing a switch
to a human agent when necessary [3]. Google Gemini processes text, images, audio, and videos
to create personalized learning experiences, smart tutoring systems, and interactive content that
boost the learner's engagement, Integrated apprehensively, it can revolutionize Al-based
education in the world. However, it faced problems with very advanced visuals, ethical
conundrums regarding Al content, and outdated pre-trained data [4]. The technology used
within the framework enables document summarization and question-answering through
OpenAl's GPT and LangChain integrations within Streamlit. Users can get important
information from lengthy documents with ease. The research explores its design, execution,
and real-world use cases [5]. Personalization is enhanced on several fronts, such as in
recommender systems, conversational Al, and automated decision making with the help of
large language models (LLMSs). These models change systems from static information filtering

to dynamic and proactive interactions, where users are actively involved, preferences are
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interpreted, and tools are used to provide a more precise answer. The research addresses the
issues of adapting LLMs for personalization, which include privacy, fairness, and a lack of
sufficient explainable components [6]. It canvases LLM evaluation practice across what,
where, and how to measure capabilities in tasks such as NLP, reasoning, and ethics. It captures
present challenges, achievements, and the imperative for better, multi-faceted evaluation
frameworks with the use of open-source materials. [7]. A university chatbot based on simple
ML and NLP with similarity measures to contrast student questions has been reported for
enhancing support, but is limited by data size and no deep models [8]. The study explores a
Natural Language Interfaces (e.g., Al chatbots) that is used to enhance user experience through
straightforward, efficient interactions, but are at the mercy of user readiness, infrastructure, and
ethical planning [9]. It talks about ML and NLP-based chatbot systems for queries related to
agriculture with improved info access, but also referring to some problems like real-time data
lags, language limitations, and digital accessibility issues [10]. This work investigates LLM-
driven chatbots for viewing car PDF manuals, comparing three: Doc ChatBot, Ask Your PDF,
and a QA model developed in-house. "Ask Your PDF" worked best, although issues such as
document size sensitivity and poor visual interpretation still exist [11]. It introduces Retrieval-
Augmented Generation (RAG), which combines a pre-trained seq2seq model with dense vector
retrieval to enhance knowledge-intensive NLP tasks. RAG provides higher factual accuracy,
dynamic knowledge update, and more diverse outputs than conventional parametric models
[12]. This article covers Al and NLP technologies to enhance customer service using models
such as BERT and GPT. It covers theoretical foundations, frameworks such as RASA, ethical
issues such as bias, and trends such as multimodal Al, emotional computing, and quantum NLP
[13]. It discusses LLMs' basic functioning as statistical pattern-based next-token predictors, not
actual understanding. It warns against projecting human concepts such as "belief" or
"knowledge" onto LLMs, calling for accurate language to prevent misrepresenting their
strengths and weaknesses [14]. It discusses the use of ChatGPT and generative chatbots for
FAQ systems, including chatbot taxonomies, approaches, evaluation metrics, and ethical
issues. It emphasizes the customization capabilities of ChatGPT, its applications in real-world
scenarios, limitations, and proposes directions for future research to improve chatbot

transparency, effectiveness, and user-oriented design [15].

Journal of Atrtificial Intelligence and Capsule Networks, March 2025, VVolume 7, Issue 1 81



Intelligent FAQ Chatbot: A User-Centric Approach using Large Language Models

3. Proposed Work

The main challenge in developing an effective FAQ chatbot lies in improving the
understanding of user intent and providing personalized, context-aware responses. Traditional
rule-based systems struggle with complex queries and lack adaptability. This study explores
the use of advanced LLMs like Gemini, combined with LangChain, to enhance intent
recognition and provide dynamic, customized responses. By utilizing user-specific data such
as interaction history, the chatbot can provide more personalized and efficient solutions,

overcoming the limitations of conventional systems.

The proposed LLM-based chatbot improves comprehension of intent by using large
language models and LangChain, enabling it to comprehend the queries' semantic meaning
beyond merely matching keywords. It makes use of context memory and user history tracking
for the handling of queries that are complex or ambiguous with a high level of accuracy, unlike
models that are customary. The chatbot maintains the conversational flow, thus improving

personalization.

Users may communicate with the system through text messages, voice prompts, or even
PDF documents. The query processing is done using Gemini, LangChain, and PyPDF2. There
is also a chat history module that saves only the text queries and responses to provide context
for ongoing conversations. Text interactions with the chatbot are enhanced by the ability to
copy and share the content.

3.1 Chatbot Interface

This interface has been designed to improve the efficiency of navigating queries and
resolving them using multiple input methods. Chatbot interactions can be conducted through:

« Text Input: This section allows users to type in their questions manually and receive
instant feedback in the form of chatbot replies.

« Voice Input: This feature allows users to speak their queries, which are subsequently

converted to text and processed.

* PDF Upload: The chatbot is able to answer questions regarding the provided

document’s content by extracting relevant information from uploaded PDF files.

» History Button: Used to see previous text queries and responses.
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Let U represent the set of user-defined input modalities:
U= {Ty Ve, Fp} 1)
Where:
 T,represents text input,
» V,represents voice-to-text processing,
* FE,represents PDF-based queries,

3.2 Data Preprocessing

To ensure the accuracy and relevance of the chatbot's responses, user inputs are pre-

processed through PyPDF2 and speech-to-text processing.
For PDFs

Text extraction is done through PyPDF2, eliminating unnecessary elements such as
special characters and extra formatting spaces. Subsequently, content modification ensures
analysis consistency, and the text is divided into meaningful chunks for better target response

relevance.
Let F be the uploaded file. Text extraction from F is performed:
Taw = Extract(F) 2)

Cleaning operations remove unnecessary elements N (special characters, extra spaces):
Tclean = Traw \ N (3)

For Voice Input

Queries that are spoken are analysed through speech-to-text processing for further

examination. Speech-to-text conversion transforms V;into:
T, = STT(V,) (4)
3.3 Query Analysis and Context Understanding

As soon as the chatbot processes the input, it analyses user queries with LangChain and

Gemini in order to:
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» Determine the most important topics and entities that are present in the text that was

provided.

* Pull relevant information from the uploaded PDF file (if any) or from the internal
database of the chatbot. Understand the user's intentions to respond appropriately in the

given context.

To interpret user intent, the chatbot applies semantic embeddings using Gemini Al and

LangChain. Let D be the document corpus and s the set of extracted sentences:

D = {s,53, ..., Sp} (5)

Each sentence s; is transformed into a vector representation v; Gemini Al embeddings:

v; = Gemini Embed(s;), € RY, (6)

To retrieve the most relevant text passage for a given user query g, the cosine similarity

is computed:

cos(v;, q) = Iziil.lttlll (7)

where q is the query vector generated by LangChain’s embedding model.

The most relevant passage Ris selected as:

Rf = argmax cos(v;, q) (8)
S

This ensures the chatbot understands context, retrieves relevant information, and

provides accurate, context-aware responses.

To balance general knowledge from within the LLM, dynamic retrieval is used through
the system rather than a static FAQ database. A broad degree of understanding that stems from
its diverse pretraining is commonly provided by Gemini Pro, while user-uploaded PDFs supply
domain-specific knowledge. LangChain processes this domain-specific knowledge into vector
embeddings, and cosine similarity matches user queries with these embeddings. Relevant
sections are then used as context for Gemini Pro. This enables it to generate accurate,
personalized responses thoroughly grounded in both the document content and its general

knowledge base.
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3.4 Response Generation using Gemini API

The Gemini APl is utilized during the chatbot interaction for generating answers. The

process involves the following steps:

Information from the PDF is pulled and processed, or information from the chatbot

knowledge base is retrieved.

Information Retrieval (Rf):R; = arg max cos(v;, q)
Si

Response Generation (G,): G , = LLM(R, q) 9)
Explanation Augmentation (E):E = context(q, Ry) (10)
3.5 Chat History and Storage

The chatbot saves conversations and interactions comprising only text queries and

replies.
The chat history module retains only text-based interactions:

H = {QliRlﬂ QZJRZJ "'QnﬂRn} (11)

This ensures continuity and context-aware conversations when users revisit their

queries.
3.6 Copy and Share Options

Copy option that allows users to store responses with a single click. Share option that allows

users to export answers received from the chatbot without any restrictions.

C, = Copy,S, = Share(G,) (12)
where C,., S,-denote the copy and share operations, respectively.
3.7 Flow of the Application

The FAQ Chatbot supports multiple interaction methods such as voice commands and
typing, along with direct PDF uploads. The Gemini API processes user queries also. It
generates relevant responses, which users can copy or share. In text-based queries, the chatbot

maintains its chat history as well. PyPDF2 extracts some of the text as a PDF gets uploaded.
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LangChain then identifies all of the most relevant sections based on the query. These filtered
segments are then sent through the Gemini API, ensuring solely applicable content gets
processed, improving accuracy with reduced computational load. A user-friendly and smart
system is ensured through this structured approach for automated information retrieval. The

architecture of FAQ chatbot is illustrated in Figure 1.
Algorithm
def context_aware_faq_chatbot(input_data, params):
text = preprocess(input_data)
knowledge_base = build_knowledge base(text, params['query_vector'])
response = generate_response(knowledge_base, params[‘'user_query'], gemini_api)

return response

’

Query Input Field

8 Gemil
(AP} >

User Generate Responses

v

Stores Query
Send & responses
Information

~ -PyPDF2 — W& LangChai

Upload PDF Extract text Retrieve Information

Figure 1. Architecture of FAQ Chatbot

The chatbot architecture integrates Gemini Pro, utilizing it as a powerful transformer-
based language model to provide response generation and deep contextual understanding.
LangChain is used to manage structured prompt chaining and maintain context-aware
interactions for conversation memory. Flask manages API requests and acts as the backend
framework for user input. The system supports PDF uploads in addition to text and voice
queries. PyPDF2 extracts text from PDFs, and LangChain then retrieves specific relevant
content based on the user's query. Through the accurate collaboration of all these components,

dynamic responses that are scalable and customized to user needs are delivered.
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4. Results
4.1 System Performance and Objective Metrics

The FAQ Chatbot was evaluated based on multiple performance metrics to assess its
effectiveness in providing accurate and contextually relevant responses. The FAQ chatbot

interface is illustrated in Figure 2. The key objectives were:
 Efficiency: Time taken to process user queries and return responses.
« Accuracy: Relevance of generated answers to input questions.
« Multimodal Capability: Ability to handle text, PDF, and voice inputs.

 User Satisfaction: The chatbot interface should be user-friendly.

<> ChatAl B NewChat  History PDF-CHAT vyshnavi 0/ 2 ® LogOut

Hey there! What's on your mind?

Smart FAQ Chatbot at Your Service! = Supports text, PDFs, and voice

simple and accessible chatbot anytime, anywhere!

Figure 2. FAQ Chatbot Interface

4.2 Performance Evaluation
4.2.1 Query Processing Speed

The system was tested with different types of queries as shown in Figure 3 across
multiple formats (text, PDF, and voice-based questions). Results showed:

» Auverage response time: 0.9s £ 0.2s (for textual queries)
 Processing time for document-based queries: 3.2s + 0.4s per 100 KB document.

» Voice-based query processing time: 3.8s + 0.5s (including speech-to-text conversion

and response generation)

 Total execution time: Linear increase with input complexity.
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through the use of the Jova Virtual Moching

Here's a breakdonn of key aspects of Java:

mnm-rne in i P ion, inheritance,

etc., the same Jova bytecode can run on all of them.

by Hlaatian hal
gareag PP L 9

Bot:  Jova is o high-leve|, class-based, object-oriented programming language that is designed to have os few implementation dependencies as
possible. This means that compiled Javar code can run on all platforms that support Java without the need for recompilation. This is achieved

+ Object-Oriented Programming (0OP): Java is fundamentaly object-oriented, meaning it organizes code around "objects” that contain
data (fields) and methods (functions) that operate on that data. This promotes modularity, reusabilty, and maintainabilty. Key 0OP

+ Platform Independence ("Write Once, Run Anywhere’): Java's most famous feature isits platform independence. Java code is compiled
into bytecode, Which is then executed by the JVM. Because the JVM exists on many different operating systems (Windows, macos, Linux,

+ Robustness: Java incorporates features designed to create more reliable applications. Strong type checking, exception handiing, and

t malicious code can

Chat History

You:
What are LLMs
Al
**Large Language Models (LLMs)"™ LLMs are pawerful Al models trained on vast text
datasets, typically billions or trillions of words. They are characterized by their ability to: *
**Understand and generate natural language:™™ LLMs can comprehend the meaning of
text, infer context, and produce coherent and often compelling text. * *"Handle complex
tasks:™ LLMs can perform a wide range of language-based tasks, including question
answering, translation, code tion, and dislogue.
**Key Features:"™ * **Massive Training Date™ LLMs are trained on enormous datasets,
which gives them a deep understanding of language patterns and relationships. *
*Transformer Architecture:** LLMs typically use transformer neural network
them to process large amounts of text and capture long-range dependencies.
Attention isms™ Transf employ sel mechanisms that allow the
model to focus on specific parts of the input sequence, enabling it to extract relevant
information, * **Fully Connected Layers™ LLMs have multiple fully connected layers that
learn complex relationships between words and phrases, resulting in a hierarchical

of language. “*Apgli ™ * **Language Generation™ Creating arficles,
stories, poems, marketing copy, and more. * **Question Answering:™ Providing
informative answers to questions based an leamed knowledge. * ™Summarization:™*

Condensing long text into 3 concise and meaningful summary. * **Translation:™
Translating text between different languages preserving context and nuance, * “Dialogue
Systems™ Engaging in human-like conversations and providing assistance. * ““Code
Generation:™* Generating code in different programming languages based on natural
language instructions. **Examples:"™ * GPT-3: Developed by OpenAl, GPT-2 is one of the
largest and most advanced LLMs, * BERT: Developed by Gacgle, BERT is an LLM used for
natural language understanding tasles. * XLNet: Developed by Google Al, XLNet improves
upon BERT by including bidirectional context in its training, * T5: Developed by Google, TS
unifies multiple NLP tasks into a single model, enabling it to handle a wide range of
language-based applications.

Figure 3. Generated Responses and Chat History

4.2.2 Response Accuracy and Contextual Relevance

To evaluate semantic coherence, the chatbot’s responses (Figure 4) were compared

against human-provided answers using BLEU and cosine similarity:

« BLEU Score: 0.81 £ 0.04 (Higher scores indicate strong alignment with input text)

« Cosine Similarity: 0.89 + 0.03 (Measured between generated and reference answer

embeddings)

» Error Rate: 6.7% (Primarily due to ambiguous queries)
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PDF Chat
You:

what does the pdf mainly explains

Al:

Deep Learning is a subfield of Machine Learning that uses algorithms called artificial neural networks (ANNs), which are inspired by the structure and function of the brain
and are capable of self-leaming, In a fully connected Deep neural network, there is an input layer and one or mere hidden layers connected one after the other. Each
neuran receives input from the previous layer neurans or the input layer. The output of one neuron becomes the input to other neurons i n the next layer of the network,
and this process continues until the final layer produces the output of the network. The layers of the neural network transform the input data through a series of nonlinear
transformations, allowing the network to learn com plex representations of the input data. Deep learning Al can be used for supervised, unsupervised as well as
reinforcement machine learning. it uses a variety of ways to process these. Supervised Machine Learning: Supervised machine learning is the machine learning technigue in
which the neural network learns to make predictions or classify data based on the labeled datasets. Here we input both input features along with the target variables. the
neural network leams to make predictions based on the cost or error that comes from the difference between the predicted and the actual target, this process is known as
back propagation. Deep learning algorithms like Convolutional neural networks, Recurrent neural networks are used for many supervised tasks like image classifications and
recagnization, sentiment analysis, language translations, etc. Unsupervised Machine Learn ing: Unsupervised machine learning is the machine learning technique in which

Ask a question about the PDF m

Figure 4. Generated Responses on User Queries for Uploaded PDF
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4.2.3 Multimodal Support and Adaptability
The chatbot demonstrated flexibility in handling multiple input types:
» Text-based queries: 97.6% accuracy in extracting relevant answers.
» PDF-based queries: Successfully parsed and answered 92.3% of extracted questions.

« Speech Recognition: Achieved an 89.1% transcription accuracy with noise

cancellation.
4.2.4 User Engagement and Learning Impact

 Increased User Interaction: A/B testing revealed a 32% boost in user engagement,

indicating a preference for Al-driven responses over traditional FAQ methods.

« Higher Information Retention: Users who interacted with Al-generated responses

showed a 21% improvement in knowledge retention compared to static FAQs.

« Efficiency in Information Retrieval: The chatbot reduced response time by 40%,

ensuring users get instant answers without searching through long documents manually.
4.3 Comparative Analysis with Traditional Models

Tablel. Shows comparative analysis of the proposed model with traditional

models. Figures 5 through 8 show the results obtained.

Table 1. Comparison of Performance of Different Models

Model BLEU Score | ROUGE Score | Perplexity
Gemini 0.80 0.78 12
GPT-4 0.85 0.82 8

Llama 2 0.80 0.78 10
Mistral 7B 0.76 0.74 14
BERT + Gemini 0.78 0.76 12
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T5 0.72 0.70 15

BART 0.74 0.73 14

DistilBERT 0.68 0.65 18

Seq2Seq 0.55 0.50 25

TF-IDF 0.40 0.35 40

Comparison of FAQ Chatbot Models

0.8

0.6

—e— BLEU Score

£ —=- ROUGE Score >
% 0.4 1 —-- 1/perplexity (Lower is better) S
0.2 4
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Figure 5. Comparison of BLEU, ROUGE, and 1/Perplexity Scores Across Models

Perplexity & Inference Time Comparison
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Figure 7. Response Latency Vs Context Length
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BLEU & ROUGE Score Comparison
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o - o

Figure 8. BLEU Vs ROUGE Scores

4.4 Limitations and Future Enhancements

5.

Semantic Bias: The chatbot may exhibit minor biases in responses, especially for

complex queries, leading to 7.3% redundancy due to repetitive phrase extraction.

Context Length Limitations: Current NLP models, including Gemini Pro, have a token
limit (~4096), restricting the chatbot’s ability to process very long documents or

conversations in a single query.

Future Enhancements: To further enhance the chatbot's capabilities and user
experience, several key improvements can be implemented. Real-time learning should
be integrated to dynamically refine the chatbot's responses based on ongoing user
interactions, leading to more accurate and personalized assistance over time. To
broaden accessibility, the chatbot's multilingual capabilities should be significantly
improved, enabling it to effectively communicate with a wider range of users regardless
of their primary language. Finally, the user experience can be greatly improved by
supporting responses with visual elements such as images, videos, links, and

documents, providing more comprehensive and engaging information delivery.

Conclusion

The FAQ chatbot incorporates cutting-edge Al technologies, such as Gemini API,

LangChain, and PyPDF2, to automatically respond to user queries in a relevant and efficient

manner. It also allows for different modes of input such as text, voice, and even PDFs, which

broadens its usability. The addition of chat history to the text-based queries aids in continuity,

while the copy and share functions improve overall usability. This chatbot does not need to be
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manually searched for as it is fully automated, drastically reducing the time spent searching for

information. Through the ability to retrieve information quickly and engage users in unique

ways, the chatbot is an effective solution for machine-assisted knowledge management for a

variety of Industries.
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