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Abstract: The paper discusses the fundamentals of chatbot design, including key components, types of chatbots, and
the importance of user experience and interaction design. It then delves into the structure and function of Large
Language Models, their training, and their use cases in chatbot development. The paper explores the process of
integrating LLMs with chatbot frameworks, highlighting the key steps and the services available for building chatbots,
such as Amazon Bedrock, Microsoft LUIS, and Google Bard.

Paper explains the fundamentals of chatbot design, provides an overview of large language models, discusses
chatbot architecture for handling unstructured and structured data, and highlights the roles of AWS Titan and
Anthropic Claude models in the development of retrieval-augmented generation systems. It includes a comparison of
execution results, examines testing and evaluation of chatbot performance, considers ethical aspects of chatbot
development, and suggests future research directions such as optimizing RAG-based and knowledge graph-enhanced
models to handle larger datasets and more complex queries without compromising performance.

Furthermore, the paper provides a detailed comparison of the foundational models integrated with the Amazon
Bedrock service, focusing on the Amazon Titan model used for knowledge base creation.

Keywords: LLM, Chatbots Generative Al, Meta data, Knowledge graph, Structured and unstructured data, AWS Titan,
FAISS index, Anthropic Claude

I. INTRODUCTION
Chatbots leverage algorithms and machine learning to mimic human conversation through voice commands and text
chats. Traditionally, these systems relied on predefined scripts and limited natural language processing capabilities, which
constrained their ability to engage in fluid, meaningful interactions. However, the integration of large language models
(LLMs) has revolutionized chatbot technology. LLMs, trained on vast datasets and utilizing deep learning techniques, have
significantly advanced chatbots, enabling them to understand context, sentiment, and humor, and generate coherent,
engaging responses.

This advancement transforms chatbots from basic interactive tools into sophisticated virtual assistants. By
incorporating LLMs, chatbots can now provide relevant, context-aware responses that enhance user satisfaction. This
integration also streamlines the development process, allowing developers to focus on creating unique functionalities rather
than building foundational language capabilities from scratch.

Training LLMs on diverse datasets ensures that chatbots can cater to a wide range of demographics and industries,
delivering accurate and contextually appropriate information while maintaining a professional tone. Furthermore, the ethical
considerations in developing these systems, such as addressing bias and ensuring user privacy, are crucial for creating
trustworthy and reliable chatbots. Thus, the integration of LLMs not only enhances the technical capabilities of chatbots but
also aligns with the ethical standards necessary for widespread adoption and trust in Al-driven communication technologies.

II. RESEARCH METHODOLOGY
A. Fundamentals of Chatbot Design
a) Key Components of Chatbots:

Chatbots simulate human conversation using voice commands or text chats. Key components include natural
language processing (NLP), machine learning algorithms, dialogue management, and integration with external data sources.
NLP helps chatbots understand human language, while machine learning enables them to learn and improve. Dialogue
management ensures coherent conversations, and external data integration allows for real-time, personalized responses.

b) Types of Chatbots:
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Chatbots are categorized into rule-based, retrieval-based, and generative types. Rule-based chatbots follow predefined
rules for simple applications. Retrieval-based chatbots use a database of responses to handle more complex interactions.
Generative chatbots create responses from scratch using large language models (LLMs), allowing for fluid conversations.
Integrating LLMs enhances all chatbot types, making them more effective and engaging.

¢) User Experience and Interaction Design:

User experience (UX) and interaction design are crucial for effective chatbots. UX design focuses on user needs and
intuitive interactions. Interaction design structures dialogue, times responses, and provides feedback. Integrating LLMs helps
chatbots handle various contexts and user intents. Consistency in tone builds trust, and continuous testing refines
performance, creating user-friendly and engaging chatbots.

B. Large Language Models Explained
a) Structure and Function of LLMs:

Large Language Models (LLMs) are neural networks designed to understand and generate human-like text. Built on
transformer architectures, they use self-attention mechanisms to weigh the significance of words in context, capturing
nuanced language relationships. LLMs predict the next word in a sequence, enabling them to engage in conversations and
provide information. Trained on diverse datasets, they learn patterns, grammar, and cultural contexts, making them
adaptable and informative.

b) Training Large Language Models:

Training LLMs involves selecting diverse text data, preprocessing it, and using sophisticated algorithms to optimize
the model's parameters. Techniques like supervised and unsupervised learning, along with transfer learning, are crucial.
Training requires significant computational resources, often using cloud-based platforms. Continuous evaluation with
metrics like perplexity and accuracy ensures the model meets desired benchmarks and evolves based on user feedback.

¢) Use Cases of LLMs in Chatbot Development:
i) LLMs Enhance Chatbots in Various Fields:
e Customer Service: Automating inquiries and support, reducing wait times, and improving satisfaction.
Personal Assistants: Managing schedules and providing tailored interactions.
Education: Answering queries, providing resources, and facilitating interactive learning.
Healthcare: Offering medical information, scheduling, and symptom checking.
Entertainment and Gaming: Creating dynamic interactions and immersive storylines.

C. Integrating LLMs with Chatbot Frameworks

API integration connects chatbots with powerful LLMs, enhancing their capabilities. Major platforms like OpenAl,
Google, and Microsoft offer APIs for their LLMs. Key steps include selecting the right provider, defining diverse data sources,
and setting up a robust backend. Continuous evaluation and iteration keep the chatbot effective and relevant.

D. Services To Build Chatbots:
This below table (Fig. 1) compares the key features and capabilities of services to build chatbots: Amazon Bedrock,
Microsoft LUIS, and Google Bard.

Provider Amazon Microsoft Google

Primary Use I . . - A " . .

Case enerative Al, text and image generation Language understanding, intent recognition Conversational Al, text generation

Strengths Multiple foundation models, serverless Robust intent recognition, easy integration Advanced conversational capabilities, large
g deployment, integration with AWS ecosystem  with Azure services context window

Weaknesses Can be resource-intensive, higher cost for Limited to language understanding, not Still evolving, may lack some enterprise

advanced models generative features
Context Window  Standard to up to 200,000 tokens Standard (typically a few thousand tokens) Large (specifics not disclosed)
Integration Seamless with AWS services Seamless with Azure services Seamless with Google Cloud services

Fine-tuning available, multiple foundation Fine-tuning available, adaptable to various

Customization Customizable intents and entities

models tasks
Deployment Serverless, scalable Cloud-based, scalable Cloud-based, scalable
Amazon Titan, Anthropic Claude, Cohere - A A
2 : Custom models for intent recognition and Custom models for conversational Al and text
Example Meodels  Command & Embed, Al21 Labs’ Jurassic, antity extraction generation

Meta Llama 2, Stability Al's Stable Diffusion

Figure 1: Comparison of Chatbot Development Services
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E. Amazon Bedrock Foundational Models:

This below table (Fig. 2) compares the key features and capabilities of various foundational models integrated with

the Amazon Bedrock service.

- Cohere Command & B g Stability Al's Stable
m Anthroplc CIaLIde AI21 Labs JuraSSIc Meta uama 2
Provider Amazon Anthropic Cohere Al21 Labs Meta Stability Al
Primary Use  General-purpose text Conversational Al, text  Text embeddings, Large-scale language . .
Case generation generation semantic search generation Various NLP tasks Image generation
Strengths Robust performance, Advanced reasoning, High-quality text Creative writing, Versatile, translation, Advanced diffusion
g safety features large context window representations content generation summarization techniques
May lack advanced 2‘33& cr:]Jitrémay Limited to text Can be resource- May not be as Limited to image
Weaknesses Y s - embeddings, notideal  intensive, may produce  specialized for certain generation, not
reasoning capabilities computational g ,
for generation verbose outputs tasks suitable for text tasks
resources
Context
Window Standard Up to 200,000 tokens Standard Standard Standard N/A
Prici On-demand, On-demand, On-demand, On-demand, On-demand, On-demand,
ricing provisioned provisioned provisioned provisioned provisioned provisioned

Figure 2: Comparison of Foundational Models in Amazon Bedrock

F. Model Used - Knowledge Base Creation:
a) Knowledge Base Creation: Amazon Titan (Embedding)

Amazon Titan Embeddings provide high-quality, dense vector representations of text, which are critical for
understanding the semantic meaning of user inputs. Embeddings help identify patterns, relationships, and similarities in
textual data, enhancing the training process for chatbots.

b) Key Features:
e Provides rich semantic text representations.
e Custom embedding models for domain-specific applications.
e Improves search, matching, and recommendation capabilities.

G. Model Used - Generative Al
a) Response Generation: Anthropic Claude (Integrated With Amazon Bedrock Service)

Claude is a generative AI model that excels in creating natural, human-like responses in conversations. It’s perfect for
handling context-aware, meaningful interactions.

b) Key Features:
e Strong contextual understanding for better response relevance.
Customizable through fine-tuning on specific datasets.
Scalable to manage large user queries efficiently.
Advanced reasoning, large context window of up to 200,000 tokens.

H. Architecture

In this work, we explore three architectural approaches to building a sophisticated chatbot using the Retrieval-
Augmented Generation (RAG) paradigm, knowledge graph, leveraging Amazon Bedrock services for embedding generation
and Anthropic Claude for response generation. Each approach is tailored to optimize information retrieval and response
coherence while addressing specific scalability and use-case requirements.

a) Unstructured Data:
Unstructured data includes information that doesn't follow a specific format. Following is the example of

unstructured data sources

e  Emails: Communication content without a predefined structure.
Social Media Posts: Tweets, Facebook updates, Instagram captions, etc.
Webpages: Blog posts, articles, and other text-heavy online content.
Multimedia Content: Images, videos, and audio files.
Customer Feedback: Reviews, comments, and survey responses.
Documents: PDFs, Word documents, and presentations.
Chat Logs: Conversations from messaging apps and customer service chats.
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i) Simple RAG-Based Architecture

The first architecture is based solely on the RAG architecture, which integrates an information retrieval component
with a generative language model. The workflow includes the following steps:

Data Preprocessing and Embedding Generation:
e Raw textual data is pre-processed to remove noise, normalize content, and tokenize text.
e Using Amazon Titan Embeddings, the processed data is converted into high-dimensional vector representations. Each
vector captures semantic information, enabling similarity-based retrieval.
e The embeddings are stored in a FAISS index, a highly efficient and scalable vector database for similarity searches.

Query Handling and Similarity Search:
e Upon receiving a user query, the input text is also transformed into a vector using Amazon Titan.
e The query vector is compared against the FAISS index using similarity to identify the most relevant stored vectors
(documents).

Contextual Response Generation:
e The retrieved documents (top-k results based on similarity score) are used as context for generating responses.
e Anthropic Claude, a large language model, processes the query along with the retrieved context to produce a response
that aligns with the input's intent.

.
Retrieval Generation
Update delta .
Get data nerindically Getlcontext+ Embeddin
! and|simifarity search Promgt + Ask query
Api Unstructured g;’:;"u‘?;: .
data source " Api

Api

)

Api \ Api

ANTHROPIC CLAUDE 3 RESPONSE

LLM: Claude 3

Figure 3: Simple RAG-Based Architecture

Advantages:
e Simplicity: Easy to implement and manage, with clear modular components.
o Efficiency: Works well for static datasets with straightforward relationships between data points.
e Scalability: Capable of handling medium-to-large datasets with minimal computational overhead.

Limitations:
e Lacks deep semantic reasoning or understanding of hierarchical relationships within the data.
e As the dataset grows, managing the FAISS index and ensuring retrieval accuracy becomes challenging.

b) Structured Data:
Structured data is organized and easily searchable, often stored in databases with rows and columns. Following is the

example of structured data sources

e Databases: SQL databases (e.g., MySQL, PostgreSQL) and NoSQL databases (e.g., MongoDB, Cassandra).
Spreadsheets: Excel files and Google Sheets.
CSV Files: Comma-separated values files for tabular data.
ERP Systems: Enterprise Resource Planning systems that manage business processes.
CRM Systems: Customer Relationship Management systems with customer information.
Sensor Data: Data collected from IoT devices and sensors, often in a tabular format.
Financial Records: Transactions, balance sheets, and financial statements.
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i) Knowledge Graph-Enhanced Architecture

The approach integrates a metadata-driven knowledge graph to improve the chatbot’s contextual understanding and
response generation capabilities. This architecture extends beyond basic vector similarity by incorporating graph-based
reasoning.

Data Enrichment and Metadata Creation:
e The dataset is enriched with additional metadata, including tags, hierarchical attributes, and relationships between
entities.
e Metadata examples include entity properties (e.g., categories, keywords) and explicit connections between documents
or topics.

Knowledge Graph Construction:
e Using the enriched metadata, a knowledge graph is constructed, representing data as nodes (entities) and edges
(relationships).
e The graph enables efficient traversal and querying, allowing for retrieval not only based on content similarity but also
on semantic relationships.

Query Processing with Cosine Similarity:

e Queries are matched against both the knowledge graph and embeddings generated by Amazon Titan.
e The graph’s traversal capabilities are combined with cosine similarity to identify the most relevant entities, nodes, or
documents.

Contextual Response Generation:
e The information retrieved from the graph and embeddings is consolidated to provide rich, relevant context.
e This context is sent to Anthropic Claude, which generates a final response based on both explicit relationships (from
the graph) and semantic relevance (from embeddings).

Retrieval Generation
Update delta .
Getdata  [~——] _ _ _. nerindically Get context+ Embedding
Api and similarity search Prompt + Ask query
Api Structured " ppi Jampleta &
. Api -
data source ! P Api / Embeddings Api
|
X
[ ier | TF-IDF
ot _Jesf “hons =
—, s - Cosine
Api T Api WMetadata Store .
= similarity

Meta data Store

Custom: Knowledge graph
creator

NTHRORIE CLAUDE 3 RESPONSE

LLM: Claude 3

Stemming

Stop words

Cleaning

Figure 4: Knowledge Graph-Enhanced Architecture

Advantages:
e Captures complex relationships and hierarchical structures in the dataset.
e Suitable for use cases requiring semantic reasoning, such as multi-step queries or related data exploration.
e Improves the relevance of responses for datasets with interconnected entities.

Limitations:
e Graph construction and traversal require additional computational resources and maintenance.
e Query response times can be slower compared to RAG-only models, especially with large, densely connected graphs.

ii) Hybrid RAG and Knowledge Graph Architecture
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The hybrid approach combines the RAG-based architecture with the knowledge graph-enhanced methodology,
creating a robust framework capable of leveraging both approaches' strengths.

Data Preparation and Dual Indexing:
The dataset is processed in two ways:
e Vector Embeddings: Data is converted into vector representations using Amazon Titan and stored in a FAISS index.
e Knowledge Graph: Metadata is used to construct a knowledge graph, capturing entity relationships and semantic
structures.

Dual Retrieval Mechanism:
e Queries are simultaneously matched against the FAISS vector store and the knowledge graph.
e From the FAISS index, documents are retrieved based on cosine similarity.
e From the knowledge graph, relevant nodes and their connected entities are identified through graph traversal and
metadata filtering.

Contextual Data Integration:
e The results from both retrieval systems are merged and prioritized to form a consolidated context.
e This combined context ensures that the most relevant information—both semantically and structurally—is available
for response generation.

Response Generation:
e The consolidated context is passed to Anthropic Claude, which generates a response leveraging both embedding-
based context and the knowledge graph’s insights.

Retrieval Generation
Update delta .
Getdata ~ [~——1 _ _ _. neriodically Get contax‘t»+ Emijedding
Api and similarity degqrch T,::::::;.‘ Ask query
Api Structured i Api Embeddings
data source ; P Api Api
- ¥ m g
. S [ riame iayer_} mg "
L —l N
g SR Api —-—
Api 7 P Metadata Store .'-—-—’
LLM: N —
Meta data Store
User Custom: Knowledge graph [ = Amazon -— User
creator Titan Vector Store
Stemming
Stop words
Cleaning

Figure 5: Hybrid RAG and Knowledge Graph Architecture

Advantages:
e Maximizes the accuracy and relevance of responses by utilizing complementary retrieval mechanisms.
e Robust for complex datasets where both hierarchical relationships and semantic relevance are critical.
e Addresses scalability issues of RAG-only models by leveraging graph reasoning for focused data subsets.

Limitations:
e Increased system complexity, requiring efficient integration of both retrieval mechanisms.
e Higher computational overhead compared to standalone RAG or knowledge graph architectures.

¢) Comparative Analysis
The three approaches offer a range of options depending on the requirements:
e Simple RAG-Based Architecture is suitable for lightweight, quick deployments.
e Knowledge Graph-Enhanced Architecture adds depth for datasets with complex interrelations.
e Hybrid Architecture achieves the best balance of scalability and contextual accuracy but comes with additional
complexity.

III. RESULTS
Below are the results, including screenshots of the user interface, response examples, and key code snippets. These
elements demonstrate the critical data and functionality areas within the analysis.
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A. Unstructured
a) Simple RAG-Based Architecture:
This architecture integrates information retrieval with a generative language model.

i) Key Steps:
e Data Preprocessing: Clean and tokenize data, convert to vectors, store in FAISS index.
e Query Handling: Transform queries into vectors, compare with FAISS index.
e Response Generation: Use top-k documents as context for Anthropic Claude to generate responses.

ii) Data:
This below image (Fig 6) shows an example of unstructured data in a text document format.

Comprehensive Guide to Common Health Issues, Diseases, Remedies, and First Aid

Health is a vital aspect of our lives, and understanding common health issues, diseases,
remedies, and first aid can significantly enhance our well-being. This guide provides an extensive
overview of various health topics, including common health issues, diseases, remedies, primary
medications, and first aid techniques.

Common Health Issues:

Diabetes is a chronic condition where the body either doesn't produce enough insulin or can't
effectively use the insulin it produces, leading to high blood sugar levels. Symptoms include
increased thirst, frequent urination, extreme fatigue, blurred vision, slow-healing sores, and
unexplained weight loss. Managing diabetes involves regular blood sugar monitoring, a healthy
diet, regular physical activity, and medications such as insulin or oral hypoglycaemics.
Prevention includes maintaining a healthy weight, eating a balanced diet rich in fibre and low in
refined sugars, regular exercise, and avoiding tobacco use.

Hypertension, or high blood pressure, is a condition where the force of the blood against the
artery walls is too high, which can lead to heart disease and stroke. It often presents no symptoms
but can cause headaches, shortness of breath, and nosebleeds. Management includes lifestyle
changes such as a healthy diet (low in salt), regular exercise, maintaining a healthy weight, and
medications like ACE inhibitors, beta-blockers, and diuretics. Prevention involves regular
physical activity, a balanced diet low in salt, maintaining a healthy weight, limiting alcoholintake,
and avoiding smoking.

Asthma is a chronic respiratory condition characterized by inflammation and narrowing of the
airways, leading to difficulty breathing. Symptoms include wheezing, shortness of breath, chest
tightness, and coughing, especially at night or early in the morning. It is managed with inhalers
(bronchodilators and corticosteroids), avoiding triggers (such as allergens and pollutants), and
regular medical check-ups. Prevention includes avoiding known triggers, maintaining a healthy
lifestyle, and following a prescribed asthma action plan.

Figure 6: Unstructured Data - Text Document
iii) User Interface:
This below image (Fig 7) displays the user interface with the "Unstructured Data Copilot" option selected.

~ B comprehensive Dashboard for - X 4

“« C R O localhost:3000/creative ai (KRR fu 3 = @

Back to Dashboard

"g‘ Creative Al

Structured Data Copilot

Figure 7: User Interface - "Unstructured Data Copilot" Option Selected
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iv) Response:

This below image (Fig 8) displays the response for the query: “how to manage and prevent Diabetes?”

Back to Dashboard

QueryQuester

Back to Creative Al
(Companion for Streamlining Insights and
Update Vector Innovations)

Ask a Question:

how to manage vent Diabetes ?

Submit Question

Response:

1 do not have enough context to provide a specific

P about or pi g diabetes. In
general, some tips for preventing and managing diabetes
include:

- Maintaining a healthy weight through diet and exercise.
Eating a balanced, nutritious diet and getting regular
physical activity can help prevent or manage type 2
diabetes.

- Monitoring blood sugar levels. For people with diabetes,
regularly checking and managing blood glucose levels is
important. This may involve taking medications as
prescribed, tracking carbohydrate intake, and using a
continuous glucose monitor.

- Getting regular screenings. Those at risk for diabetes
should get their blood sugar and A1C tested regularly to
catch any problems early.

- Taking diabetes as
can help manage diabetes and control blood sugar for
many people, along with lifestyle changes.

- Managing stress, getting quality sleep, and avoiding
smoking can also help.

- Working closely with one's doctor is key to successfully
preventing or managing diabetes. The specific treatment
plan should be personalized for each individual

Let me know if you have any other specific questions!
Managing diabetes requires a comprehensive approach.

Figure 8: Chatbot Response

v) Code Snippet:
The below code snippet shows the generation of the vector knowledge base.

(docs, current_copilot, faiss,

existing_vectorstore = t (faiss_path

f existing

irock_embeddings . embe doc.p ntent for do docs

and added to the existing Faiss index for {current_copilot

" nts(docs, bedrock_embeddings
beed created for [current_copilot

faiss_path)

rror while executing get_vector_store tr(e

Figure 9: Vector Knowledge Base Creation

The below code snippet shows the prompt augmentation part as well as the response generation part.

TT FProapt Template

1 ompt_template =
18 b Use the following context to provide a ise and accurate answer to the question. Tf the question requires a short answer, keep it brief. Tf a detailed explanatii
119 If you den the ans just say that you don't know, don't try to make up an answer.
120 ccontext>({context}</conte:
1
122 Question: {question}
12
124 Assistant:
" -
12¢
12 ROMPT = rompt_template, input variables=[" t", “question”])
258 ##LLM Model - Cr ¢ claude-v2 model
259 def get_claude 1
261 1In = BedrockitM{mode]_id="anthropic.claude-v2", client=bedrock, model_kwargs={ ‘max_tokens_to_sample: 500}
2 eturn 1l
ror while connecting claude_llm: [str(e)}")
#rGenerate Response - Generate a response From LLM based on user query
268 def get_response_lln(llm, vectorstore faiss, guery):
270 if vectorstore faiss is None:
raise valueError(vectorstore_faiss is None. Cannot proceed with as_n Bl
qa = 1ga. from chain_type(
chain_type="stuff",
retri ectorstore_faiss.as_retriever(search_type="similarity”, search kwargs=("k": 55},
return_source_documents=True,
chain_type_kwargs={"prompt”: PRONP -
)
281 answer = ga. invoke({"qgs
eturn answer| 'result’]
e on as e
2 aise valueError(f"Error while generating response from claude 1lm: {str(e)}")

Figure 10: Response Generation
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B. Structured
a) Knowledge Graph-Enhanced Architecture

This approach integrates a metadata-driven knowledge graph to improve the chatbot’s contextual understanding and
response generation.

i) Key Steps:

e Data Enrichment: Add metadata (tags, attributes, relationships) to the dataset.

e Knowledge Graph Construction: Build a knowledge graph with nodes and edges for efficient querying.

e Query Processing: Match queries against the knowledge graph and embeddings using cosine similarity.

e Response Generation: Consolidate information and use Anthropic Claude to generate responses based on

relationships and relevance.

ii) Data:
This below image (Fig 11) shows an example of structured data in rows and columns as CSV file.
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- o@ = - # Formatting > Table > Styles ~ . v ~ & ~ Filter~ Select~
1 Font [ Alignment [ Humber [ Styles calls Sensitivity v
X28 - fr 0 ~
A 8 [¢ D I F G H ) K 1 M N o P Q R s T u v w .
1 |Formatted Name  Descriptior Milestone Defects Scrumban Owner  Release  Plan Estim Developme Accepted [ Task Actua Agile Exect Blocked  Blocked Re CAB Produ Change Tic Closure Dz Display Co CountryIm Created By Creation D Defect Sta' De
2 |US208337 Rate RevisiDescripti  24-Jul 1 closed, D Accepted AshleyLari 2023.PI3 2 2025-01-2 2025-03-0 11615 FALSE 12d5adab-'9/16/2019 #21a2e0 Miguel Gril 2025-01-1 & Mew, 10
US208339 Revise Hor Descriptl 24-Aug 1closed, 1In Progres: Susan Poo 2021.PI1 2025-01-2 2025-03-0 281.9 FALSE 2257dd06- ####aan #21a2e0 Eddie Shar 2025-01-1 5 New, 40
4 |US208341 Introductic Descripti  24-Jan 2closed, 0 Accepted lefirey Gar 2024.Pl4 2025.01-32025-03-1 3196 FALSE 3310f67e-1 10/21/201 #21a2e0 Michael D: 2025-01-1 2 New, 20
5 |US208343 IL Amenda Descripti  24-Oct Oclosed, D Analysis  Angela Mo 2023.PId 33 2025-01-22025-03-1  1004.1 FALSE 921af1a6-£ 5/21/1973 #21a2e0 Misty Carte 2025-01-2 4 New, 20
6 |US208345 UlEnhanceDescripti  24-Oct 2 closed, 2 In Progress Kimberly M 2021.PI1 35 2025-02-0 2025-03-0 2289 FALSE B4B65475-3/17/1971 #21a2e0 Tara Wilso 2025-01-2 1 New, 50
7 |US208347 NY-Form(Descripti  24-May 2 closed, 0Accepted Rhonda Ag 2024.PI1 44 2025-01-32025-03-1 3655 FALSE dd31bBea- S4E44HHH $21a200 Andrew Hz 2025-01-2 2 New, 00
8 |US208349 FL-Form CDescripti  24-Aug 0 closed, DAccepted AmandaW 2022.PI3 2 2025-02-0 2025-03-1 8451 FALSE d211c0e8-1/20/2007 #21a2e0 Jahn Abbat 2025-01-2 10 New, 0
9 |US208351 Update of 1Descripti  24-Oct O closed, 1 In Progres: Alexander 2021.PI4 15 2025-01-22025-03-1  883.7 FALSE 3e57a6la- #EEEERHR $21a2e0 Michael Cc 2025-01-2 8 New, 50
10 |US208353 1A AmendaDescripti  24-Sep 1 closed, 0 Accepted Timothy Hi 2024 Pi1 44 2025-02-0 2025-03-1 2085 FALSE 25a6i8a2- #4bHHHH $21a2¢0 Daniel Bro 2025-01-2 10 New, &
11 |US208355 Change in|Descripti  24-Oct O closed, 0 In Progres: Emily Webi 2023.PI1 16 2025.02-02025-03-1  644.2 FALSE 64dblec’-1 1/16/2015 #21a2e0 James Phil 2025-01-2 8 New, 20
12 |US188879 Policysper Rockforce  27-Aug 9New, 20DONE  Eddie Bent 2023.Pld 14 2025-02-0 2025-03-1  142.1 FALSE SleBfc51-C ##s#¥#ER #21a2e0 Angela Ow 2025-01-2 9 New, 50
13 |US229728 EffectcontBluzreaso  21-May SNew, 30DONE  Alexander 2024.P12 32 2024-11-12024-12-2 5908 FALSE 412649e3- $4444444 £21a200 Mike Perry 2024-11-0 5 New, 50
14 |US208337 Who remei Cause any  20-Nov & New, 7 0 Developm Lisa Schw: 2024.PI2 16 2024-11-12024-12-2 11162 FALSE 71412855- 3/13/1998 #21a2e0 Michaela T 2024-11-0 6 New, 70
15 |US537873 Hall down Neversixn  27-Feb 7New, 6O Review  Nathaniel 12022.PI3 49 2024-11-0 2024-12-2 3893 FALSE 77ae60bb- 8/13/1993 #21a2e0 Noah Mille 2024-11-0 7 New, 60
16 US558171 Staff partic Per compa 21-Jun 9New, B0 QA Adam Mitc 2022.PI12 41 2024-11-1 2024-12-2 86 FALSE 281503b1- ####ann #21a2e0 Preston N 2024-11-0 S New, B0
17 |US390899 Prepare m Want repre  24-Dec 7 New, 5 0 Developm: Matthew W 2024 PI3 39 2024-11-12024-12-2 8166 FALSE 1503028c- #444444# #21a2¢0 Paula Lear 2024-11-0 7 New, 50
18 |US377391 Mentionvie Growthtec  09-Feb 4New, 10DONE  Michael Kii2024.PI1 46 2024-11-2 2024-12-2 9419 FALSE febeBedD- 10/31/198 #21a2e0 Rita Thomt 2024-11-0 4 New, 10
19 US603339 Analysis hi Wantcom|  26-Nov 1 New, 1 0 Developme Wendy Jon 2022.PI1 44 2024-11-2 2025-01-0  780.7 FALSE di829b1c- #EEEERRR $21a200 Michael Th 2024-11-0 1 New, 10
20 |US9150952 Herselflef Notice fiel  18-Dec 2 New, 20 Developms Jeffrey Har 2022.PI2 32024-11-12024-122 8193 FALSE 608dc343- 3/14/2007 #21a2e0 Lisa Wang 2024-11-0 2New, 20
21 US390852 Degree sor Probablyb  23-Sep 2New, 90 Review  Sean Brigg 2024.PI1 18 2024-11-22024-12-3 3368 FALSE 1114fa5b-710/23/202 #21a2e0 Ronald Kei 2024-11-1 2 New, 90
22 US951792 Bar score /Since syste  16-Jun 6 New, 20 Developme Breanna W 2022.P13 12024-11-12024-12:3 7157 FALSE 24277118 4/30/1873 #21a2e0 Brenda Pa 2024-11-1 6 New, 20
23 US695016 Senior effe Ownbeaut  09-May & New, 0O Review  Justin Mille 2022.PI3 38 2024-11-2 2024-12-2 11.8 FALSE c263e552- #4bEHHHH $21a2¢0 Abigail Rui; 2024-11-1 8 New, 00
24 US529986 Puttask eaSpeechgor  23-Dec 7New, 0O Review  TimothyW:2021.PI3 38 2024-11-22024-12-3 7415 FALSE 3924c5ff-c 7/25/1980 #21a2e0 Heidi Hern 2024-11-1 7 New, 00
25 US53642B9 Filmwhat<White med  0d-Mar 0New, 10Backlog  Tracy Gibs 2021.PI1 21 2024-11-22025-01-0  667.8 FALSE 606dbacd- 4/16/1983 #21a2e0 Carla Bish 2024-11-1 0 New, 10
26 |US882345 Land carry Worldelgh  0B-Apr 6 New, 30 Readyfor F Lindsey Cu 2021.PI4 32 2024-11-22025-01-0  824.1 FALSE H59f57¢-2 10/17/199 #21a2e0 Jennifer M: 2024-11-1 6 New, 30
US721528 Movie seer Messagec  28-Feb 6 New, 10 QA Charles M: 2022.PI3 10 2024-11-22025-01-0 9742 FALSE c69%aa97- #4EHHHHE §21a2e0 Ricky Brad 2024-11-1 6 New, 10
28 |US455610 Least capiiNetworkbi  19-Nov 1New, 20 Review  Matalie Ma 2021.Pld 40 2024-12-0 2025-01-0 3242 12bd61a2-8/24/1386 #21a2e0 Cindy Reec 2024-11-1 1 New, 20| w

B B Mo 1

iii) User Interface:

Figure 11: Structured Data - CSV File

This below image (Fig 12) displays the user interface with the "Structured Data Copilot" option selected.

~ [ Comprehensive Dashboard for - X+

€ C A

@ localhost:3000/creative_ai

Figure 12: User Interface - "Structured Data Copilot" Option Selected

1

Structured Data Copilot

Creative Al

Unstructured Data Copilot
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iv) Response:
This below image (Fig 13) displays the response for the query: “Based on current trends, which functional areas are
likely to encounter the most defects in the next milestone?”

v B Comprehensive Dashvoard fer X

<« & @ @ localhost:3000/creative ai copilot KG TFIDF Embedding Claude O

Back to Dashboard

QueryQuester

Back to Creative Al

(Companion for Streamlining Insights and
Update Vector Innovations)

Ask a Question:

Based on current trends, which functional areas are likely t

Submit Question

Reset

Response:

Based on the given context, it seems the functional
areas most likely to encounter the most defects in the
next milestone are:

- Ul - There are multiple defects mentioned related to Ul
issues like fields not appearing properly or alignment
issues.

- Backend/API - Several defects relate to incorrect
lcul: ori ion issues indicating potential
backend/API bugs.

- Database - A few defects point to problems with data
storage or refrieval from the database.

The context shows defects spread across Ul, backend,
API, and database areas. But the volume of Ul and
backend/APl issues appears higher compared to other
areas. So Ul and backend/API functional teams may need
to allocate more testing and defect fixing efforts for the
next milestone. Database issues also seem significant to
address.

Figure 13: Chatbot Response

v) Code Snippet:
The below code snippet shows the Meta Data creation.

def ex

Figure 14: Meta Data Creation

The below code snippet shows the Knowledge Graph creation.
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aph(metadata) :
)

edge graph creation is started”)

for data in metadata:
doc_id = data[ "doc_id"]

if doc_id is None:
continue # skip this entry if doc_i

is Hone

entities = data[ entities']
keywords = data['keywords' ]

# add document node
G.add_node(doc_id, type='document')

# add entity nodes and edges
for entity in entities
entity_text, entity type = entity
a(entity_text, type-entity_type)
jge(doc_id, entity_text, relationship=contains')

# Add keyword nodes and edges

for keyword in keywords:

eyword, type='keyword')

joc_id, keyword, relationship-'contains’)

mpleted”)
nd_time - start_time} secon

Figure 15: Knowledge Graph Creation

The below code snippet shows the prompt augmentation part as well as the response generation part.

# Prompt template

 prompt_template = ""
Human: Use the following context to provide a concise and accurate answer to the question. If the question requires a short ansuer, keep it brief. If a detailed explanati
If you don't know the answer, just say that you don't know, don’t try to make up an answer.
<context>[context}</contexts

Question: {question}

Assistants
PROMPT = Prompt lemplate(template=prompt_tewplate, input variables=[“context”, "guestion”])

502 def Laude_11m():

503

sea 1lm = sedrockLLr(model_id="anthropic.claude-vz", client-client, model_kwargs=( max_tokens_to_sample’: 560})

5 return 11

6 except Exception as e

raise ValueError(F7Error while connecting to Claude LLM: {str(e}}")

# Request payload, formatted to match Bedrock's structure
payload -
“prompt”: formatted_prompt,
“max_tokens_to_sample”: config[*payload’ ][ ‘max_tokens_to_sample'],
tomperature”: config| payload" ][ tenperature’ |
“top_k": config[ "payload’ ][ "top k'],
configl 'payload’ ][ *top_p' 1.

@ Send request to Amazon Bedrock
ient. invoke_model
anthropic.claude-v2",

contentType="application/json”,
accept="application/json"

# Parse and return response
response_body = json.loads(response “body’ ].read() .decode( utf-8'))

Figure 16: Response Generation

b) Hybrid RAG and Knowledge Graph Architecture
This approach combines RAG-based architecture with knowledge graph methodology to leverage the strengths of

both.

i) Key Steps:

Data Preparation: Create vector embeddings and a knowledge graph.

Dual Retrieval: Match queries against both the FAISS index and the knowledge graph.

Context Integration: Merge results from both retrieval systems.

Response Generation: Use the combined context with Anthropic Claude to generate responses.

ii) Data:

This below image (Fig 17) shows an example of structured data in rows and columns from a SQL Database.

malv A Nolimit - ®@ | » ~v O M@ v
Data Output Messages  Notifications

S B vOv8 8 &~

‘[':'K] gt -~ :t::‘r\ P ::?‘uesLnumhel , ‘il:xl:eLnumbel - le?ues\edJor - ‘o::‘ned,dnre -, o:xe‘ned,hv - :l-:‘qe - ‘:l::e -,

1 1 Access to Repositary REQU000121 RTIMG60175 Alice Johnson 10-10-2024 Alice Johnson  Open In Progress

2 2 System Error - Unable o lagin REQU000722 RTIM41186 Bob Smith 08-14-2024 Bob Smith Closed Closed -Complete

3 3 Password Reset Request REQ0000123 RTIM17341 Charlie Adams 07152024 Charlie Adams  Open In Progress

4 4 Hardware Issue - Laptop not booting REQU0007124 RTIME6952 Diana Rose 06-20-2024 Diana Rose Closed Closed -Complete

5 5 VPN Connection Failure REQO000125 RTIMI7608 Eve Davis 10-09-2024 Eve Davis Open In Progress

6 6 Software Installation - MS Office REQD000126 RTIM35311 Frank Martin 06-25-2024 Bob Smith Closed Closed -Complete

7 7 System Maintenance - Software Update REQ0000127 RTIM34096 George King 07-25-2024 Gearge King Closed Glosed -In Complete
8 8  Hardware Request - Keyboard REQD000128 RTIM43850 Hannah Lee 06-10-2024 Hannah Lee Closed Closed -Complete

9 9 Email Issue - Unable to send/receive REQ0000129 RTIM87834 Isaac Harris 10-10-2024. Eve Davis Open In Progress

10 10 Access to Shared Drive REQO000130 RTIM29947 Jack White 07-20-2024 Jack White Closed Closed -In Complete
1 11 Request for VPN Access REQO000131 RTIM10908 Karen Black 07-14-2024 Karen Black Closed Closed -Complete
12 12 Software Crash - Adobe Photoshop REQ0000132 RTIMS5826 Liam Young 06-05-2024 Liam Young Open In Progress

13 13 Performance Issue - Slow System REQ0000133 RTIMA7518 Mia Scott 08-15.2024 Mia Scott Closed Closed -Camplete
14 14 Hardware Request - Mouse REQ0000134 RTIM52193 Noah Green 10-06-2024 Karen Black Open In Progress

15 15 Access to HR Portal REQD000135 RTIMA42745 Olivia Lewis 06-23-2024 Olivia Lewls Open In Progress

16 16 Request for New Email Allas REQ0000136 RTIM13671 Paul Walker 10-09-2024 Paul Walker Open In Progress

17 17 Data Backup Request REQO000137 RTIM10769 Quinn Hill 07-20-2024 Quinn Hill Open In Progress

18 18 Access to Financial Reports REQU000138 RTIM15979 Rachel Moore 10-08-2024. Rachel Moore  Open In Progress

19 19 Upgrade to New Laptop REQO000139 RTIMA43634 Sophia Turner 06-05.2024 Sophia Turmer  Open In Progress

20 20 Printer Connection Issue REQ0000140 RTIME9759 Tom Baker 10-05-2024 Tom Baker Open In Progress

21 21 Chat Support - VPN Access |ssue REQO000141 INC54734 Sam Walker 09-22-2024 Jane Taylor Closed Closed -In Complete

Figure 17: Structured Data - SQL Database
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iii) User Interface:
This below image (Fig 18) displays the user interface with the "Structured Data Copilot" option selected.

v B comprehensive Dashboard for - X 4

« @ @ @ localhost3000/creative ai A 9 0% &

Back to Dashboard

‘? Creative Al

Unstructured Data Copilot

Figure 18: User Interface - "Structured Data Copilot” Option Selected
iv) Response:
This below image (Fig 19) displays the response for the query: “Based on current trends, which functional areas are
likely to encounter the most defects in the next milestone?”

v [ compiehensive Dashboard 1o X+ =

€ G A @ localhost3000/ceative ai copilot KG AWSTITAN Embedding Claude

Back to Dashboard

QueryQuester

Back to Creative Al
(Companion for Streamlining Insights and

Update Vector Innovations)

Ask a Question:

Based on current trends, which functional areas are likely t

Resst

Submit Question

Response:

Based on the provided context, it seems that the
Database and API functional areas are likely to encounter
the most defects in the next milestone.

The evidence for this:

- There are several defects mentioned that are
categorized under the Database functional area, many
with a status of "In Progress" or "Open".

- Two of the defects under Database have a "Critical”
severity (DE0001, DE0DD8), indicating they should be
high priority to fix.

- The API area also has multiple “In Progress" defects
listed, including one labeled as “Critical” (DE0001).

- Many of the documents describe requirements and
changes impacting calculations, rates, and integration -
areas that typically involve a lot of work in the database
and API layers.

So based on the current open defects and types of
upcoming requirements, the Database and API functions
seem most likely to see new defects introduced in the
next milestone. But without more details on the specific
work items planned, it's hard to determine conclusively
which areas will have the most new issues.

Figure 19: Chatbot Response
v) Code Snippet:
The below code snippet shows the Meta Data creation.
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def extract_metadata_from Defect(df):

start_time = time(

logging.info(f"Meta data creation for Defects is started”)

metadata = []

for _, row in df.iterrows():

metadata.append({
~dox : str(uuid.uuida()), # Generate a unique doc_id

: row.get('Formatted ID', ‘default_formatted_id'),
"Home™: row.get('Nome®, default_name’),
"Description™: row.get('Description’, 'default_description’),
"Requirement”: row.get('Requirement’, 'default_requirement'),
“milestones”: row.get('Milestones’, 'default_milestones'),
“Defect State”: row.get('Defect State’, 'default_defect_state'),
“functional Area": row.get('Functional Area’, ‘default_functional area’),
"Ouwner Name": row.get('Owner Name', ‘default_owner_name'),
“Severity": row.get('severity', ‘default_severity'),
row.get('Priority’, 'default_priority’),
: row.get('state’, 'default_state'),
"Fixed In Build™: row.get('Fixed In Build', 'default_fixed_in_build"),
"Submitted By": row.get('Submitted By', "default_submitted by'),
“Owner™: row.get('Owner’, 'default_owner’),
“Milestones.1": row.get('Milestones.1’, 'default_milestones_1'),
“Creation Date": row.get(’Creation Date’, 'default_creation_date’),
"Accepted Date”: row.get(Accepted Date’, 'default_accepted_date’),
“Task Actual Total™: row.get('Task Actual Total', 'default_task_actual_total'),
"aAddressed By": row.get('Addressed By', 'default_addressed_by'),
“Affects Doc™: row.get('Affects Doc', ‘default_affects doc’),
“8locked”: row.get('Blocked’, "default_blocked),
“Blocked Reason”: row.get('Blocked Reason', ‘default_blocked_reason'),
"Change Ticket": row.get('Change Ticket®, 'default_change ticket'),
“Closed Date™: row.get('Closed Date’, ‘default_closed date’),
"Closure Date”: row.get(’Closure Date’, ‘default_closure_date’),
"Display Color”: row.get('Display Color', ‘default_display_color'),
"Country Impacted”: row.get('Country Impacted', 'default_country_impacted'),
“Created By": row.get(’Created By', 'default_created by'),
“Defect Type™: row.get(‘Defect Type', ‘default defect type')

Figure 20: Meta Data Creation

The below code snippet shows the Knowledge Graph creation.

422 - def build_knowledge_graph(metadata):

223 start_time = time()

224 logging.info(f"knowledge graph creation is started")
425 G = nx.Graph()

436 for data in metadata:

227 doc_id = data[ ‘doc_id"]

428

229 ~ if doc_id is none:

238 continue # Skip this entry if doc_id is None
431

232 entities = data['entities']

433 keywords = data[ 'keywords' ]

a3a

a35 # add document node

436 G.add_node(doc_id, type='document’)

437

438 # Add entity nodes and edges

439 for entity in entities:

240 entity_text, entity_type - entity

an 6.add_node(entity_text, type-entity type)

242 G.add_edge (doc_id, entity_text, relationship='contains')
243

a4 # Add keyword nodes and edges

a5 for keyword in keywords:

225 G.add_node (keyword, type="keyword'}

a4z 6.add_edge(doc_id, keyword, relationship='contains’)
248 end_time me()

a8 logging.info(f"knowledge graph creation is completed”)
256 logging. info(f"Knowldege graph creation time: {end_time - start_time] seconds")
451

452 return 6

Figure 21: Knowledge Graph Creation
The below code snippet shows the Knowledge Graph and Meta Data.

Graph  Table  RAW L @ Results overview

Nodes (26) 3

) LastRun (1)
LastUpdateDate (1) (WSSESREH) Notes (1
Portfolicltem (1)

Ready (1)

Use arrow keys or

ouse to move toolbar

Release (1)  ScheduleState (1)
Serumbanstato () (TRRACKATSR)
Show all (2 more)
Relationships (25)

*(25) CREATED_BY (1)
HAS_CLOSURE_DATE (1)
HAS_CREATION_DATE (1)
HAS_DEFECT_STATUS (1)

a HAS_DIRECT_PASSING_... HAS_FEATURE (1)

a HAS_FLOW_STATE (1)

=3 HAS_GLOBAL_APP_ID (1)

Figure 22: Knowledge Graph and Meta Data

The below code snippet shows the generation of the vector knowledge base.

311 ## vector embedding and vector store - Generate vector embeddings and store them using FAISS
312 def get_vector_store(docs, current_copilot, faiss_path):

313 try:

314

315 existing_vectorstore = load_vector_store(faiss_path)

16

17 if existing vectorstore:

18 2 = bedrock_embeddings . esbed_documents([doc.page_content for doc in docs])

319 existing_vectorstore.add_docunents (docs)

320 # existing_vectorstore.add_embeddings(docs_embedding)

121 print(f'iew documents have been embedded and added to the existing Faiss index for (current_copilot)”)
322 else

323 existing_vectorstore = FAISS.from_docunents(docs, bedrock_esbeddings)

324 print(f'A new index has beed created for {current_copilot}”)

125

326 existing_vectorstore.save_local (faiss_path)

327 except Exception as e: X
328 raise valueError(f*Error while executing get_vector store: {str(e)}")

Figure 23: Vector Knowledge Base Creation
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The below code snippet shows response generation part.

LM based on user query

aiss, query, top_k, logger)

ga = RetrievalQa.from chain type(
llm=11m,

as_retriever(search_type="mmr

= qa.invoke({"query”

query})

, search_kuargs={"k"

Figure 24: Response Generation

C. Response Comparison Architecture (Unstructured and Structured):

Clarity

Detail

Summary

Format

Project Information

Defect State

User Story Details

Clear and concise, with structured details.

Includes additional project details like
release, owner, and milestone.

Provides a brief summary at the end.

Uses bullet points and structured format for
easy reading.

Includes specific project details (release,
owner, plan estimate, milestone).

Specifies the state of the defect (resolved).

Provides a concise description of the user
story.

Clear but slightly more verbose.

Focuses on the user story and defect details
without extra project information.

Provides a brief summary at the end.

Uses paragraphs, making it slightly harder to
scan quickly.

Mentions the project name but lacks specific
details like release and owner.

Does not specify the state of the defect.

Provides a detailed description of the user
story.

“ Simple RAG-Based Knowledge Graph-Enhanced Hybrid RAG and Knowledge Graph

Clear and concise, with structured details.
Includes acceptance criteria and specific
project details like release, owner, and
milestone.

Provides a brief summary at the end.

Uses bullet points and structured format for
easy reading.

Includes specific project details (release,
owner, plan estimate, milestone).

Specifies the number of closed and open
defects.

Provides a detailed description of the user
story with acceptance criteria.

IV. DISCUSSION

A. Testing and Evaluating Chatbot Performance
a) Metrics for Chatbot Evaluation:

Metrics are crucial for assessing chatbot performance and user satisfaction. Accuracy measures how correctly a
chatbot interprets user inputs and generates appropriate responses, using precision, recall, and F1 scores. User satisfaction is
gauged through surveys and ratings like Net Promoter Score (NPS) and Customer Satisfaction Score (CSAT), providing
insights into the user experience. Response time measures the speed at which a chatbot processes user queries, which is
critical for user retention and satisfaction. Engagement metrics assess the depth and richness of conversations, indicating
how well a chatbot maintains ongoing dialogue with users.

b) User Testing Techniques

User testing ensures chatbots meet user needs. The think-aloud protocol involves users verbalizing their thoughts
during interaction, helping researchers understand the user’s thought process and identify areas of confusion. A/B
testing compares two versions of a chatbot to determine which performs better in terms of user engagement and
satisfaction. Surveys and questionnaires collect quantitative and qualitative feedback from users, providing valuable insights
into their experience. Observational studies involve real-time analysis of user interactions, offering context that quantitative
data may overlook.

¢) Iterative Improvement Strategies

Iterative improvement involves continuous refinement through several phases. Evaluation involves analysing
interactions to identify strengths and weaknesses. Modification entails implementing changes based on insights gathered
during evaluation. Testing involves rigorous evaluation of these modifications to measure improvements in user satisfaction,
accuracy, and engagement. Finally, deployment marks the transition of the improved chatbot into a live setting, with
ongoing monitoring and adjustments to ensure sustained performance.

B. Ethical Considerations in Chatbot Development
a) Bias and Fairness in LLMs

Bias and fairness in large language models (LLMs) are critical concerns. These models, trained on vast datasets, can
reflect societal biases, perpetuating stereotypes and discrimination. Bias can stem from training data, model fine-tuning, and
the model's architecture. To mitigate bias, developers should use diverse training datasets, employ bias detection algorithms,
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and implement user feedback mechanisms. Addressing bias is an ongoing challenge that requires ethical Al practices to
create equitable chatbot experiences.

b) Privacy Concerns

Privacy concerns are paramount in chatbot development using LLMs. These models require vast amounts of data,
raising questions about data collection, storage, and use. Developers must curate training data to exclude sensitive
information and implement data minimization practices. Transparency in data handling and robust security measures, such
as encryption and regular audits, are essential. Compliance with regulations like GDPR and CCPA is crucial for protecting
user privacy and enhancing chatbot reputation.

¢) Responsible Al Practices

Responsible Al practices ensure that LLMs are used fairly, transparently, and beneficially. Mitigating bias in training
data, maintaining transparency about chatbot functions, and prioritizing user privacy are key aspects. Developers should
select diverse datasets, communicate clearly about Al processes, and implement strong data protection measures. Engaging
in interdisciplinary discussions about Al ethics fosters a culture of responsibility, ensuring that Al advancements align with
societal values and contribute positively to the community.

V. FUTURE SCOPE

The integration of Large Language Models (LLMs) in chatbot development presents numerous opportunities for
future research and advancements. Enhancing Natural Language Understanding (NLU) capabilities by leveraging more
advanced LLMs can lead to more accurate and human-like interactions. Additionally, ensuring scalability and efficiency is
crucial as the demand for chatbots increases. Future work can optimize architectures, such as RAG-based and Knowledge
Graph-enhanced models, to handle larger datasets and more complex queries without compromising performance.
Personalization and adaptability are also promising directions, where chatbots can tailor interactions based on individual
user preferences through adaptive learning algorithms.

Another exciting area for future research is the integration of multimodal data, incorporating text, voice, and visual
inputs to provide a richer user experience. Ethical and responsible Al usage is becoming increasingly important, and future
research should focus on developing frameworks for transparency, fairness, and accountability in chatbot interactions.
Hybrid architectures combining RAG-based and Knowledge Graph-enhanced models offer a robust framework for handling
both unstructured and structured data and refining these models can improve their accuracy and efficiency. Expanding the
application of chatbots to various domains, such as healthcare, finance, and education, can enhance their effectiveness in
specialized fields. Finally, implementing continuous learning mechanisms will ensure that chatbots remain up to date with
the latest information and user trends, enabling them to evolve and improve over time.

By addressing these areas, future research can significantly advance the capabilities of chatbots, making them more
intelligent, efficient, and user-friendly. The integration of LLMs with innovative architectures holds great promise for the
next generation of conversational agents.

VI. CONCLUSION
This paper presented a comprehensive overview of the integration of Large Language Models (LLMs) to enhance
chatbot capabilities. It covered various facets, including the design and architecture of chatbots for managing both
unstructured and structured data. The significant contributions of AWS Titan and Anthropic Claude models in developing
retrieval-augmented generation (RAG) systems were also highlighted.

The results and discussion sections provided an in-depth comparison of execution outcomes from both unstructured
and structured data sets, offering a detailed analysis of their performance differences. The paper meticulously evaluated and
evaluated chatbot performance, covering several critical aspects:

e Testing and Evaluation: The performance metrics examined ensured that the chatbots were not only effective but also
efficient in their operations.

e FEthical Considerations: The ethical implications of chatbot development were discussed, emphasizing the necessity of
creating Al systems that respect user privacy and data security.

e Future Research Directions: The paper proposed future research avenues, such as optimizing RAG-based models and
enhancing knowledge graph-integrated systems. These suggestions aim to improve the models' scalability and
efficiency, enabling them to manage larger datasets and more complex queries without compromising performance.

The comprehensive analysis and thoughtful recommendations provided in this paper underscore the transformative
potential of LLMs in advancing chatbot functionalities. By addressing current challenges and suggesting pathways for future
research, the paper lays a robust foundation for continued innovation in this field.
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