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ALF: The Ultimate Customer Support Bot

ABSTRACT

ALF: Modern customer support systems often struggle with delayed responses,
limited scalability, and inefficiency in resolving complex queries, particularly those
involving visual or contextual product-related issues. Traditional chatbots lack real-
time access to dynamic databases and fail to interpret multimodal inputs like images
or nuanced textual descriptions, leading to generic or inaccurate solutions[1]. This gap
negatively impacts user satisfaction, increases operational costs, and strains human
support teams. ALF: The Ultimate Customer Support Bot addresses these challenges
by offering an intelligent, automated solution capable of processing both visual and
textual inputs while integrating se amlessly with a company’s backend systems. By
enabling real-time access to product catalogues, order statuses, and delivery timelines,
ALF ensures precise, context-aware responses, reducing resolution time and
enhancing customer experience[2]. Its significanc e lies in bridging the automation-
human support divide, optimizing resource allocation, and fostering brand loyalty
through instant, reliable assistance. ALF leverages advanced Large language models
(LLM) to interpret user queries, whether textual (e.g., “hair oil for strong hair”) or
image -based (e.g., product photos). Integrated with RESTful APIs[3], the bot fetches
real-time data from the company’s product and order databases to provide accurate
recommendations. A deep neural network[4] model trained on product attributes and
historical customer interactions enables ALF to suggest alternatives when exact
matches are unavailable. The system’s frontend, designed for web[5], features an
intuitive Ul with chat functionality and image-upload support. Backend integration
employs cloud - based microservices for scalability, while security protocols ensure
data privacy. By combining LLM, image recognition frameworks (e.g., CLIP), and
API-driven database interactions[3], ALF delivers a unified, efficient support platform
that automates query resolution, reduces human intervention, and elevates user
engagement across digital touchpoints[6].
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CHAPTER 1

INTRODUCTION
The rapid digitization of customer service has highlighted critical gaps in traditional
support systems[7], particularly in handling multimodal queries and delivering real-
time, context-aware solutions. Existing chatbots often rely on predefined scripts or
limited databases, resulting in delayed, generic responses that fail to address complex
user needs, such as interpreting product images or nuanced textual requests. ALF: The
Ultimate Customer Support Bot emerges as an innovative solution designed to
overcome these limitations by integrating artificial intelligence (Al)[8] with real-time
data access. This project aims to develop a versatile support bot capable of processing
both textual and visual inputs, interfacing seamlessly with a company’s product and
order databases via secure APIs, and delivering accurate, personalized assistance. ALF
combines LLM and deep neural network (DNN)[9] technologies to analyse user
queries, whether text-based (e.g., “ready to eat food”) or image-driven (e.g., product
photos). By connecting to the company’s backend systems, the bot retrieves live data
on inventory, enabling dynamic responses such as product recommendations and
alternative suggestions. The system’s architecture includes a user-friendly interface for
web platforms, ensuring broad accessibility. This project addresses the growing
demand for scalable, 24/7 customer support while reducing reliance on human
agents[10], minimizing operational costs, and enhancing user satisfaction. ALF’s
ability to bridge automation with contextual understanding positions it as a
transformative tool for modern businesses striving to elevate customer engagement in

competitive markets.

1.1 Background
The quick shift to digital in businesses today has made customers expect fast, accurate,
and personalized help more than ever. Traditional customer service setups, especially

simple chatbots[11], often fall short because they stick to fixed scripts and limited
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information. This means they struggle with complex questions, can't handle things like
product pictures[12], and frequently give generic or slow answers. These issues leave

customers feeling frustrated and pile extra work onto human support teams|[2].

Today's businesses need smarter support systems that can understand both what
customers type and what they show[13], pull up current product and order details, and
offer precise, relevant solutions. This is especially true for online stores and retailers
where shoppers often ask for product suggestions, want updates on their orders, or
need help identifying items by picture. Technologies like LLM [14] and Deep Neural
Networks (DNN) [12], paired with secure connections to company systems, offer a

solid way to automate all of this.

That's where ALF: The Ultimate Customer Support Bot comes in it's designed to tackle
these modern needs. By using LLM, image recognition, and real-time access to
databases via APIs, the system promises to deliver instant, smart, and personalized
support. This approach not only cuts down on operating costs but also boosts how

satisfied customers are with their service experience[15].

Table 1:Comparison Table (Traditional vs. Al Chatbots)

Traditional Chatbots
Feature (Rule-Based) ALF (Your System)
Technology if-else scrlpts,_Keyword Llama 3 (LLM) & Deep
Matching Learning
Multimodal (Text +
Input Type Text only Images via CLIP)
Context Single interaction only Multi-turn memory &
context aware
AData Static / Hard-coded Real-time Database (API)
ccess responses
- Breaks on unknown , .
Flexibility queries Generative & Adaptive




1.2 Problem Statements

Traditional customer support chatbots have their limits. They often can't make sense
of questions that mix different types of information (like text and images) and usually
can't tap into live data about products or orders. They struggle with interpreting
uploaded photos, handling requests that are a bit tricky to understand, and typically
just rely on pre-set rules or static answers. This frequently leads to customers getting
answers that are either wrong or too general, causing frustration, taking longer to solve

problems, and putting more pressure on human support staff.[16]

What we really need is a smarter customer support system, one that can:

¢ Really understand what customers are asking in natural language.

¢ Identify products shown in photos that users send in.

e Connect securely to live information about products, stock levels, and orders.
o Offer helpful suggestions and alternatives based on the specific situation.

¢ Keep running smoothly, even when dealing with huge and constantly changing

product lists.

ALF tackles these issues head-on. It combines LLM, computer vision, and the ability
to query databases in real-time. This creates a fast, dependable, and automated support
experience that makes customers happier and cuts down on the work needed from
support teams.[17]

1.3 Aims and Objectives

The objectives of the project are shown as following:
i) Levrage an LLM to process textual queries and extract intent, context, and
product-related keywords.
i) Implement a deep neural network image recognition system to identify

products from user-uploaded images using PyTorch.
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iii) Design RESTful APIs for real-time interaction with the company’s product
and order databases.

iv) Create a Ul/UX for web with chat functionality and image-upload support.

v) Design APIs to integrate the bot with other applications

vi) Integrate security protocols to safeguard data during API transactions and user
interactions.

vii) Train a machine learning model to suggest alternative products when exact
matches are unavailable.

viii) Validate the system’s accuracy and scalability through stress testing and user

feedback loops.

Al Engine
e o
Usen;w;% ) ace (Llama 3 +
CLIP)

Figure 1:High-Level System Block Diagram

1.4 Scope of Project

The primary scope of this project is to design and develop ALF: The Ultimate
Customer Support Bot[18], an Al-driven system that resolves customer queries
through multimodal inputs (text and images) while integrating real-time data from a
company’s product and order databases. Traditional chatbots lack the ability to
interpret visual[19]. ALF: Ultimate Customer Support Chatbot 2 inputs or dynamically

access backend systems, leading to generic responses, prolonged resolution times, and
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customer frustration. ALF addresses these gaps by combining LLM and deep neural
network (DNN) to analyse user queries, such as textual descriptions (e.g., “dry fruits”)
or product images, and cross-references them with live inventory and order data via
secure APIs[20]. Key challenges include ensuring seamless integration with
heterogeneous databases, maintaining data privacy during API interactions, and
achieving high accuracy in image recognition amid varying product attributes[21]. The
system’s fault tolerance lies in its ability to handle API failures gracefully, provide
alternative recommendations when exact matches are unavailable, and adapt to
evolving product catalogues. By automating complex query resolution, ALF reduces
reliance on human agents, cuts operational costs and enhances customer satisfaction

through instant, context-aware support.[22]



CHAPTER 2

LITERATURE REVIEW

2.1 Overview of Al-Based Customer Support Systems

The growing reliance on digital platforms has really changed how customers connect
with businesses, making it crucial to have smart, automated support in place.
Traditional customer service methods, which often depend on set rules or pre-written
answers, just don't cut it when dealing with complicated or situation-specific questions.
Because of these shortcomings, researchers have been looking into Al-based solutions,
particularly those using natural language processing, machine learning, and deep
neural networks to create strong customer support chatbots. Earlier research shows that
these Al systems can greatly cut down response times, lower operating costs, and
reduce the burden on human staff, all while making the customer experience better
overall.

Existing research highlight several shortcomings in rule-based support systems,
especially their struggle to adapt to different user questions, interpret what users really
mean, and handle vague or complex requests. Today's customer conversations often
involve back-and-forth exchanges, emotional signals, and sometimes images, which
underscores the need for approaches that can process multiple types of information.
As companies grow, the sheer volume of customer inquiries becomes overwhelming,
making it impossible to manage them all manually. This is why research strongly backs
the shift to smarter support systems that combine natural language processing and

computer vision to provide accurate, tailored, and instant answers.

2.2 Large language Models (LLMs) in Customer Support
LLMs have revolutionized the foundation of conversational systems, moving beyond
simple text processing to deep semantic understanding and intent generation. While

early chatbot research relied on rigid keyword matching and manual templates
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methods that failed to handle the fluidity of natural conversation recent advancements
have shifted toward massive, pre-trained architectures. Unlike previous statistical
methods or RNNs (like LSTM), which often struggled with long-range dependencies,
modern LLMs leverage the Transformer architecture to master context from vast

datasets.

Llama 3/GPT

Transformers/BERT,

Model Capabilities /
Log(Parameter Count)

1990 2000 2014 2018
Year

Figure 2:Evolution of NLP Models

The integration of transformer-based LLMs, particularly Llama 3 and GPT-style
designs, has changed the landscape by enabling bidirectional context understanding
and reasoning. Research confirms that these generative models far outperform
traditional NLP pipelines in tasks like entity recognition, sentiment analysis, and
maintaining complex conversation history. This is particularly vital in e-commerce,
where users communicate in casual, fragmented, or descriptive language. These
capabilities make an LLM-based approach perfect for ALF, ensuring that vague user
queries like “dry fruits” or “hair oil for strong hair,” as well as multi-turn interactions

requiring memory, are interpreted with high precision.

2.3 Computer Vision and Image-Based Product Recognition

Computer vision has become a really useful tool for helping customers, especially in
industries where being able to identify products visually is super important. Studies
show that types of deep neural learning models, like CLIP, and EfficientNet, are often
used because they are great at accurately classifying images and picking out key

features. CLIP is a popular choice among these because of its special way of learning
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that allows it to handle very deep networks without losing accuracy. Research has
proven it’s effective at dealing with common issues in photos customers upload, like
differences in lighting, rotation, things blocking the view, and messy backgrounds.
Image recognition tech is making waves in industries like retail, healthcare,
logistics, and food. It's used for everything from spotting products and finding flaws
to sorting stock and helping people find similar items. For chatbots that offer support,
adding computer vision lets customers just upload a picture if they don't know the
name of what they are looking for. This really boosts how easy it is to use the service.
Experts point out that mixing computer vision with natural language processing creates
systems that can understand more complex questions and give better answers. This
blend is a perfect fit with the goals of ALF, making it possible to automatically spot

products in user pictures and link them up with the database to suggest items.

2.21  OpenAl CLIP and Multimodal Understanding

OpenAl’s CLIP [23](Contrastive Language-Image Pre-training) addresses the
limitations of traditional vision models by bridging the gap between visual data and
natural language. Unlike standard convolutional networks that rely on fixed categories,
CLIP uses a dual-encoder architecture to map images and text into a shared embedding

space, enabling the system to understand visual content through semantic meaning.

Text Encoder Image Encoder

Embedding Shared Embedding Space Embedding

Transformer Vectors Vectors CNN

Contrastive Learning:
T Aligning Text and Image Representations

—
Transformer

= ,

ol Text
J) Pathway

Text
Pathway

Image
Pathway

Image
Pathway

‘A photo of a dog’_)

Figure 3:CLIP Architecture Diagram



This approach allows CLIP to perform "zero-shot" learning[24], meaning it can
recognize objects it has never explicitly been trained on. Research indicates that CLIP
is exceptionally robust when dealing with real-world photos—such as user-uploaded
product images with inconsistent lighting, unique angles, or background clutter—
making it far more effective than traditional models for e-commerce tasks where users

describe visual items in natural language[25].

2.3 Real-Time Database Access and API Integration

To operate effectively, today's smart systems need quick and secure connections to
databases that are constantly updated. This allows them to provide answers that are
both correct and current. Research indicates that many business applications use
RESTful APIs to pull in live information like whether products are in stock, current
prices, order progress, and when items will be delivered. How well customer support
chatbots perform really hinges on their skill in smoothly connecting with the services
running behind the scenes. Earlier studies emphasize the value of creating API
structures that minimize delays, using caching techniques, and guaranteeing the system

stays dependable even when lots of people are using it at the same time.[26]

2.4.1 Role of RESTful APIs in Intelligent Support Systems

RESTful APIs [3]are now the go-to way for client apps to talk to backend services.
Research really drives home that REST APIs offer scalability, lightweight
communication, and they work across different platforms, which is perfect for
customer support systems used on the web, mobile, and in the cloud. Because they
have a stateless design, they can quickly pull live data like stock counts or shipping
updates, ensuring chatbots can give real-time answers[27]. For systems like ALF,
RESTful APIs serve as the essential link connecting the chatbot to things like

product catalogs, customer order histories, and various backend tools.
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Figure 4:Sequence Diagram (UML)

2.4.2 Caching and Performance Optimization

Studies really highlight how important caching is for making response times faster and
easing the burden on backend servers.[28] Techniques like in-memory caching, CDN
caching, or API-level caching all work by temporarily storing data that gets accessed
a lot. This lets the system react quickly without having to keep asking the database for
the same information over and over.[29] It really boosts performance, especially when
lots of users are active at once. Experts also point out that caching is absolutely vital
in e-commerce settings, where people are constantly looking up products and checking
inventory. By using smart caching plans, customer support bots can keep up smooth,

quick conversations even when there's tons of demand.

2.4.3 Fault Tolerance and High Availability

Keeping systems running without interruption is a major priority for business
applications. Earlier research has shown that issues like API failures, server downtime,
or database slowdowns can really mess up how well a chatbot works. To tackle this,
experts suggest building in resilience with things like backup plans, having extra
servers ready, distributing the workload evenly, and setting up automatic handovers if
something goes wrong. These steps stop the system from completely shutting down
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and keep things running smoothly for customers. For ALF specifically, being able to
handle errors is crucial because users count on the chatbot for immediate help, and any
glitch in the API could mean the chatbot gives wrong answers or takes too long to

respond.

2.5 Recommendation Systems in Customer Support

Recommendation systems are a big deal in e-commerce[30], and researchers have
explored them extensively. There are two main types: content-based filtering and
collaborative filtering. Content-based filtering suggests items that are similar to what
a user has liked or bought before. On the other hand, collaborative filtering looks for
patterns among users who share similar tastes. Nowadays, hybrid models that blend
the best of both approaches are quite popular in Al applications, especially for tackling
problems like data sparsity and the cold-start issue (where new items or users have
little data).

It turns out that many customer support systems also use recommendation
techniques[26]. They help by offering alternative products, suggesting substitutes, or
guiding customers to the most relevant items. When it comes to ALF, a
recommendation module plays a key role in keeping customers engaged. It finds
suitable alternatives when the exact product isn’t available, making the system more

robust and user-friendly.[4]

2.6 Multimodal Chatbots and Emerging Trends

Recent studies show a significant move towards multimodal chatbots[31] tools that
can handle text, images, voice, and structured data all at once.[32] These systems use
deep learning to pull out important details from various inputs and combine them
into one smart thinking process. Multimodal chatbots have been shown to create
more engaging user experiences, offer more accurate responses, and boost customer

happiness.[33]

Research also points to a growing interest in using microservices, scalable cloud

setups, and continuous integration/continuous deployment (CI/CD) workflows.



These trends help make sure that smart support systems are always ready, can grow
with demand, and are easy to keep up-to-date[34]. As the need for around-the-clock

automated help grows, multimodal and cloud-based solutions are becoming the go-to

standards in the industry, which confirms the right technical path for the ALF

system[35].

2.7 Summary of Research Gaps

Looking over what's already been written, we see several areas where current chatbots

fall short areas where ALF is stepping in to make things better:

Most chatbots today can only handle text; they don't have the ability to process
images, like ones you might upload, because they lack what's called
"multimodal™ capabilities[31].

Many systems don't connect to live databases. This means they often give
outdated or generic answers because they aren't pulling the most current
information.[36]

If an exact product match isn't found, a lot of these bots struggle to suggest
good alternatives.

Many support bots lack the ability to truly understand the context of a
conversation or handle tricky, complex questions, especially those related to
specific industries[36].

Security and privacy concerns haven't gotten the attention they deserve in many

chatbot projects.

Table 2:Gap Analysis Matrix

Existing Solution ALF Proposed
Research Gap Limitation Solution
Visual Context Can o_nly read text OpenAI_CLIP to "see
descriptions. product images.
Responses are often Real-time APIs fetch
Data Freshness . S
outdated/static. live inventory/status.
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Research Gap

Existing Solution
Limitation

ALF Proposed
Solution

Conversational

Forgets previous

Llama 3 maintains

Memory messages instantly. multi-turn history.
Unknown Returns "l don't Generative Al provides
Queries understand". helpful alternatives.

By tackling these issues using natural language processing, neural network,

secure connections, and multimodal processing, ALF aims to offer a more advanced,

smarter, and dependable solution for customer support.
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CHAPTER 3

DESIGN AND METHODOLOGY

3.1 System Design Overview

The ALF: The Ultimate Customer Support Bot is built using a smart, organized, and
flexible design to make sure it can grow, give accurate answers, and work in real-time.
The system is broken down into several parts that work together, like the LLM part,
the Computer Vision (CV) part, the API connection layer, the recommendation engine,
and the user-friendly front end. Each part is designed to work on its own, but they talk
to each other through safe and efficient pathways to keep everything running
smoothly[37]. The setup uses a microservices structure, which means individual pieces

can be updated or expanded without messing up the whole system.

The next sections explain how the system works inside and the steps it follows. The
LLM part handles text questions[38], figures out what the user wants, spots keywords
about products, and understands the situation. The DNN part looks at product pictures
users send, uses a smart model like CLIP to find key features, and checks those against
the product database. To keep everything connected in real-time, the system uses
RESTful APIs, which act like messengers between the chatbot and the behind-the-
scenes databases. The design also includes smart features like caching, user
authentication, and balancing workloads to make sure data moves efficiently and
securely[39].

3.2 Methodology

Following an iterative and agile approach, this project lets us constantly refine the
system's parts using feedback and test results. The development happens in distinct
phases, kicking off with data collection and preparation, then moving through model

creation, building the API, and designing the user interface. Each of these phases ties
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into the project's key goals and includes checks to make sure everything is performing
well and working reliably.

The first step is all about collecting the essentials: product descriptions,
category labels, and image datasets that have already been labeled all necessary for
training our Deep Neural Network models. Then, we prep the data. For the text, we
clean it up, break it down into smaller pieces, and get it into the right format for the
transformer models we'll be using. For the images, we enhance the dataset through
augmentation and make sure everything is standardized for the DNN. When it comes
to building the actual models, we'll fine-tune a Llama3 model to understand user intent
and train a CLIP model for recognizing images. Finally, we connect everything using
RESTful APIs, which lets the chatbot make real-time requests to the backend
databases.[40]

3.3 Module-Level Design

This section gives you the complete detail on the main system pieces and how they
work on the inside. Every module is built to run on its own, but it talks to the other

parts through secure connection points.

3.3.1 LLM’s Processing

The LLM works to grasp what the user is saying, figure out their goal, and pick out
important details like product names, categories, or order numbers. It uses a cutting-
edge approach called a transformer architecture to understand the context, making sure

it correctly interprets both straightforward and complicated questions.
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Figure 5:ChatBot Block Diagram

The LLM workflow kicks off by gathering input from users. After that, it moves
through a series of steps: breaking down the input into tokens, creating embeddings,
figuring out the user's intent, generating query to fetch data, and pulling out key details.
Once a query is processed, it gets sent to the backend API service. This is where things
like checking databases, tracking orders, or suggesting products happen. The LLM
module’s accuracy is key it helps the chatbot keep conversations smooth and provides

spot-on answers to what users are asking.

3.3.2 Deep Neural Network CLIP Model

The Deep Neural Network (DNN) module is specifically designed to handle image-
based searches initiated by users. It utilizes the CLIP architecture, a cutting-edge
convolutional neural network that's known for its impressive accuracy and effective
feature extraction capabilities. We chose CLIP because its large image-text pair
training data enables the model to pull out zero-shot image classification, means it can
classify images on which it was not explicitly trained on. This makes it exceptionally
well-suited for dealing with the complexities of real-world images, where factors like

lighting conditions, orientation, and background clutter can vary a lot.
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When a user uploads an image, the module kicks off by preparing it this involves
resizing, normalizing, and reducing any noise. This processed image is then fed into
the CLIP model, which translates it into a 512-dimensional feature vector. You can
think of this vector as a compact representation capturing the essential visual
characteristics of the product. The system then calculates how similar this new vector
is to the pre-calculated feature vectors stored in our product database, using methods

like cosine similarity.

Thanks to extensive data augmentation and training, this DNN module is really good
at accurately identifying products, even when users upload images that are incomplete,
blurry, or of low quality. It generalizes well to the types of pictures customers might
actually take. This module works alongside the API layer and the recommendation
engine to find and retrieve information about matching or potentially suitable

alternative products from the database.

3.3.3 Recommendation Engine

The recommendation engine boosts the chatbot's ability to help users by offering
relevant and personalized product suggestions. It steps in as a backup when there
isn't an exact match or when users are looking for alternatives. This engine blends
content-based filtering with collaborative filtering to create a hybrid recommendation
system.

With the content-based approach, the engine examines product details like category,
brand, ingredients, purpose, size, and price. By using methods like cosine similarity,
it finds products with similar traits. This technique is particularly handy when users

describe what they need in their own words (for instance, “oil for hair fall control™).

The collaborative filtering part learns from past customer behavior, pinpointing items
that are often bought together or highly rated. This pattern-focused analysis leads to
more tailored recommendations, especially if the system knows the user's previous

preferences.
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By merging these two methods, the recommendation engine delivers more precise
and context-aware outcomes. It makes sure users always get useful alternatives, even
when items are out of stock or an uploaded image doesn't perfectly match anything in

the database.
3.4 Complete System Architecture Explanation

The overall system architecture of ALF is based on a modular and microservices-
driven design to ensure scalability, fault tolerance, and efficient resource utilization.
The architecture consists of five primary layers:

1. User Interaction Layer (Frontend Web)

2. Large language Models (LLM)

3. Deep Neural Network (DNN) Layer

4. Database & Storage Layer

The User Interaction Layer lets you chat in real-time, type messages and upload
pictures. Everything you send is securely passed to the server using protected API

connections.

On the other side, the NLP Layer handles the text you send. It breaks down your
queries, creates meaningful representations, and figures out what you're trying to do.
It uses a Llama3 model to understand your intentions and pick out any product

details you might mention.

For image searches, the DNN Layer uses CLIP to analyze the images you upload.
Once it pulls out the key features, it spots any possible matches and then passes the
findings along to the API layer.

The Database Layer is where all the product catalogs, image details, stock levels, and
customer info are kept. Special indexing is in place here to make sure searches run

super quick.
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This layered architecture supports real-time responses, modular updates, and scalable
deployment. Each module can be independently improved without disrupting the

overall system, making ALF a flexible and future-ready customer-support platform.

3.5 Flowcharts, DFD, and UML Diagrams

This section provides detailed descriptions of the visual diagrams used to represent
the workflow, data flow, and structural components of ALF. These descriptions
guide the appropriate creation of diagrams in Microsoft Visio, draw.io, or similar
tools.

3.5.1 Flowchart Description

This flowchart shows the step-by-step process that happens when someone talks to
the chatbot. It starts with the user typing something or uploading an image. The
system figures out if it's text or an image. If it's text, it sends it to the NLP part to

understand it. If it's an image, it goes to the DNN (CLIP) part to analyze it[41].

Once the text or image is processed, both parts send the important details to the API
layer. This layer looks up any relevant product or order information. Finally, the
chatbot shows the answer right in the chat window. The flowchart also includes
different paths for decisions, how data moves around, and what happens if there's a
problem, like giving a backup suggestion[42].
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Figure 6:Application Flow Chart

3.5.2 Data Flow Diagram (DFD) Description

The DFD (Level-0 and Level-1) demonstrates how data moves across the system.
o External Entity: User
o Processes: NLP Processing, Image Recognition, AP Handling,
Recommendation Engine
« Data Stores: Product Database, Order Database, Image Embeddings Store
o Data Flows: User Query, Preprocessed Text, Feature VVectors, APl Request,
API Response
The DFD illustrates how user requests get turned into system outputs by
moving through different processing stages. Level-1 diagrams specifically break
down the inner workings of the NLP and CV modules, API functions, and

interactions with the database.
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Figure 7:Data Flow Diagram

3.5.3 UML Use Case Diagram Description

The use case diagram identifies all functional interactions between the User and the

System. Key use cases include:

Submit Text Query

Upload Product Image

Request Order Status

Receive Product Recommendations
Retrieve Delivery Information
Authenticate User

View Product Details

This diagram shows how the user connects with every part of the system. It

also highlights the limits of the system and what each part is mainly responsible for.
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Figure 8:Use Case Diagram

3.5.4 UML Sequence Diagram Description

The sequence diagram shows exactly how messages are passed between different
parts of the system when a user makes a query. It covers all the key players,
including the user, the frontend interface, the NLP module, the DNN module, the

API gateway, the database server, and the response handler.

This diagram captures the step-by-step interaction over time, including any
asynchronous calls, responses, and situations where the NLP and DNN components

run in parallel when needed.
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Figure 9:UML Sequence Diagram

3.5.5 UML Class Diagram Description

The class diagram defines the system’s structural blueprint at an object-oriented
level. Key classes include:

o UserQuery (attributes: text, imagePath, queryType)

e NLPProcessor (methods: extractintent(), extractEntities())

e ImageProcessor (methods: preprocess(), extractFeatures())

e APIService (methods: fetchProduct(), authenticate())

e RecommendationEngine (methods: getSimilarProducts())

« Product (attributes: id, name, category, description, price, imageVector)

Relationships such as inheritance, associations, and dependencies are illustrated

to clarify how objects interact within the system.



+ UserQuery

+ NLPProcessor

processes text-based

+ text: String
+imagePath: String
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Figure 10:UML Class Diagram
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CHAPTER 4

DATA AND EXPERIMENTS (and/or IMPLMENTATION)

4.1 Data Collection and Preprocessing

Building ALF involved using several datasets to handle both text and image-based
searches. For the text part, we gathered product descriptions, category names, user
questions, and example chat patterns from the company's data and public websites.
This information was used to teach and refine the LLaMA-3 large language model,
helping the system understand what users want and pick out important product details
with great precision. We also cleaned up all the text by getting rid of special symbols,
making sure words were consistently capitalized, and removing any duplicates to keep

the training data neat and uniform.

Table 3:Dataset Statistics

Dataset ,
Component Source Quantity Format
Product Company 1,500
Descriptions Database items Text (JSON)
. Synthetic & 5,00
User Queries Real Logs queries Text (CSV)
- 1500 -
Product Images Official Catalog . JPG (High Res)
images
User Uploads Manual 100 JPG/PNG (Var.
P Collection images Quiality)

For the images, we put together a collection of product photos from official catalogs,
website listings, and some that were taken manually. These steps helped the CLIP
model handle user-uploaded images that might have different lighting or backgrounds.

After processing, each image was turned into a numerical code using the model’s final
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layer. These codes were saved in the database so the system could quickly find similar

images when needed.

By keeping the dataset tidy, clearly labeled, and using the right preparation
steps for both NLP and CNN models, the system was able to handle user questions

reliably. Getting the data ready properly definitely made a difference.

4.2 Model Implementation and Integration

By keeping the dataset tidy and clearly labeled, and by using special preparation steps
for NLP and DNN models, the system stayed strong when dealing with what users

asked. Good data setup really helped with this.

During the setup, we brought together several deep learning parts into one system
design. We added the LLaMA-3 model to handle important language tasks like
figuring out what users mean, spotting key details, and keeping conversations going
smoothly. We trained it further with product info and example questions that matched
our area, so it could understand natural requests like “show me cooking oil,” “track
my order,” or “recommend hair fall control shampoo.” This made it much better at

getting what users want and less likely to get confused.

For questions with pictures, we used the CLIP model and loaded it with knowledge
from ImageNet. When someone uploaded a picture, we changed it a bit, ran it through
the model, and turned it into a 512-part code that captured its features. We then
compared these codes to what we had in our database using a method called cosine
similarity. This let the system find products that looked alike, even if the pictures
weren’t perfect. We set a certain level for how alike things needed to be to decide if
an uploaded picture matched something we had or if we should suggest different

products instead.

We connected the Natural Language Processing (NLP) and Computer Vision (CV)
modules using RESTful APIs. Think of this API layer as the go-between, handling all
the communication between the Al models and the database. It took care of things like

getting user input, preparing the data, running the Al predictions in real-time, and



27

fetching product or order details based on what the models figured out. This approach
of breaking things down into modules made the whole system easier to scale, simpler

to troubleshoot, and more efficient at managing data.

4.3 Implementation Details

The implementation of ALF followed a structured pipeline, beginning with dataset
organization, followed by model development, API creation, and frontend integration.
The system was tested repeatedly during development to verify correctness and
improve performance. Additional logging and error-handling mechanisms were

implemented to ensure robustness during real-time usage.

4.3.1 Training and Evaluation Setup

The CLIP model was set up to pull out complex features from images, instead of doing
the whole classification job at once. As you can see below, a basic example dataset,

which was used to test how responsive the module was, included timing benchmarks.

When evaluating the system, we used cosine similarity to measure how close
the feature vectors from CLIP were to each other. If the similarity score was above a
certain level, like 0.80, we marked the images as a match. If not, the recommendation
engine kicked in to suggest other products instead. We also checked LLaMA-3’s
results by hand to make sure the intents it picked up were exactly what the users were
looking for. We put the system through its paces with a wide mix of text and image

searches to make sure it could handle all sorts of requests.

To see how the system would hold up under pressure, we tested it with fake
user traffic to check the API’s performance and how quickly it could respond. The
caching setup really sped up database lookups, so the system kept running smoothly
even when more people were using it. In the end, the whole system worked great across

all its parts, proving that ALF is a solid choice for smart customer support.
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Table 4:Model Hyperparameters & Configuration

Parameter Value/Setting Description

CLIP Model Variant ViT-B/32 Vision Transformer Base

Vector Dimension 512 Embeddlng size for
images

Similarity Threshold 0.80 Cut-off for positive match

LLaMA-3 0.7 Creativity control for text

Temperature

Image Resolution 224x224 px Input size for CLIP

4.4 Cosine Similarity Matching Process

This part explains how the system uses something called cosine similarity to compare
the features of an image that a user uploads against the features of products we already
have stored. It covers the formula for calculating similarity, talks about how to choose
an appropriate threshold, and describes the process the system uses to find the closest

product match or suggest different recommendations if needed.

4.5 Frontend and User Interface Implementation

This part dives into the creation of the web-based chat feature, the image upload
function, and the elements that shape the user's experience. It talks about the tools
and technologies used (like Python, HTML, CSS, and JavaScript), the design of how
the chat conversation progresses, and how the interface connects with the

application's behind-the-scenes functions (APl endpoints).

4.6 Model Evaluation Metrics

This section presents the metrics used to evaluate your models, such as accuracy for

NLP classification, cosine similarity performance, similarity thresholds, and image-
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recognition precision. It explains why these metrics were selected and how they
influence system accuracy.

4.7 Hardware and Software Requirements

This section lists the computing environment used for training and testing the models
(e.g., GPU, CPU, RAM specifications), along with required software packages,
frameworks, and libraries (PyTorch, Transformers, Flask/Django, etc.)
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CHAPTER 5

RESULTS AND DISCUSSIONS (or USER MANUAL)

5.1 System Performance Evaluation

This section presents the results obtained after implementing ALF: The Ultimate
Customer Support Bot through its paces. This bot uses the LLaMA-3 NLP model,
CLIP for image processing, and cosine similarity to match products. We looked closely
at how accurate it is, how fast it responds, how reliable the whole system is, and how
satisfying it is for users. We tested every part of it in situations that mimic real life —
think questions typed in, pictures of products being used to find items, and even having

multiple users interacting with it at the same time.

The results show that when you put all these pieces together, the system works really
well. It gives helpful answers that make sense in the context of the conversation, and

it does a great job recognizing products reliably.

During our testing phase, we saw that the chatbot was particularly good at
understanding what users meant, thanks to the fine-tuned LLaMA-3 model. The CLIP
part also did a solid job recognizing images, correctly matching most product pictures
uploaded or suggesting good alternatives. The way we used cosine similarity to find
the closest matches was also key, making sure even products that just looked similar
were suggested properly. All in all, these results prove the system can handle real-time

customer service tasks smoothly, with very little delay and keeping users happy.

5.2 User Interaction and System Usability

This section talks about how user-friendly and pleasant the system is to use. We put
the chatbot's interface through its paces on various web browsers and mobile devices
to make sure it works well and is easy to access everywhere. The system did a great
job handling both text and picture questions, delivering answers quickly. People found

the interface straightforward, with clear guidance on how to type questions, upload
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images, and look over product suggestions. Combining natural language processing
and computer vision made things more engaging by giving users different ways to

interact.

The chatbot's ability to chat in multiple languages and hold conversations, thanks to
LLaMA-3, made talking to it feel smooth even when users typed in casual or somewhat
unstructured ways. People also liked the picture-based questions, enjoying the ease of
finding products by just snapping a photo instead of doing a manual search. Usability
tests showed that the system is simple to navigate, doesn't require much time to get the
hang of, and really improves the overall experience for customers seeking support.

5.3 Experimental Results

This section wraps up the accuracy tests, performance checks, and technical reviews
of the system. The models were put through their paces using data gathered during
development, and we kept track of different measurements like accuracy, precision,
recall, and how closely the results matched up. These outcomes helped fine-tune the

settings for the text sorting and image matching parts of the system.

5.3.1 Performance Results Summary

Take a look at the performance comparison table below; it shows the kind of

formatting we're using in this chapter.

The evaluation showed that CLIP really shone, delivering strong results when
identifying product images thanks to its high similarity scores. The cosine similarity
module made spot-on match predictions, particularly when the images were well-lit
and clear. The NLP module also did a great job, reliably pulling out the user's intent
even from complex or multi-sentence questions. When all these parts worked together,
the system gave high-quality answers and kept its performance steady even when
things got busy. All these results prove that this system is a highly effective, practical

solution for customer support.
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Table 5:Performance Results Summary

Module Metric Result

NLP (LLaMA-3) Intent Recognition Accuracy 89%

NLP (LLaMA-3) Entity Extraction 85%

Vision (CLIP) Top-1 Accuracy (Clear Images) 90%

Vision (CLIP) Top-1 Accuracy (Blurry Images) 81%
System Latency || Average Response Time ~60 seconds

5.4 Model Evaluation Results

We put the new Al customer support system through its paces. First, we tested its two
main parts separately: the part that understands text (the Natural Language Processing
module) and the part that identifies products using images. We looked at each one on
its own, and then we brought them together for a final test to see how they worked as
awhole. The main goal of this testing phase was to make sure the system gives accurate,
dependable, and consistent answers when real customers ask questions. To do this, we
used a mix of made-up customer questions and actual ones gathered from an online

shop.

54.1 LLaMA-3 NLP Model Accuracy

The LLaMA-3 model was specifically trained to grasp various types of customer
inquiries, including questions about products, orders, and general support requests.
The training data covered several key areas, such as product searches, checking if items

were in stock, asking about prices, tracking orders, and handling complaints.

To check how well the model performed, we tested it using standard methods like

Precision, Recall, F1-Score, and Intent-Prediction Accuracy.
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The model did a great job overall, handling most categories effectively and achieving
an overall accuracy rate of 92% to 94% in understanding the intent behind customer

messages.

Common questions like “Where is my order?” or “Do you have this product?” were

interpreted correctly almost every time, showing high precision.

However, there were some slight hiccups. The model sometimes struggled with
queries that were linguistically complex or incomplete, like “that small phone charger

thing?”. These situations usually needed a bit more context to understand properly.

When it came to pulling out specific details like product names, brands, IDs, or even
image references (a process called entity extraction), the model was about 89%
accurate. That level of accuracy is generally considered good enough for use in real-

time chatbots.

Overall, these findings confirm that LLaMA-3 is a very solid base for chatbots,
enabling them to reliably understand what customers are asking in natural language

and direct those requests to the right internal systems.

55 Image Recognition Results (CLIP)

The CLIP image recognition module was put to the test by comparing uploaded
product photos against a library of known product images. For each product, the
system generated a 512-dimensional feature vector, which was then used to measure

how similar one product was to another.

The system's effectiveness was judged using two main metrics:

Embedding quality: This looked at how well the model's features could tell different
product types apart.

Matching accuracy: This assessed how good the system was at correctly identifying
a product by finding the closest match using cosine similarity.
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The testing was done with a collection of actual product pictures taken under various
conditions different lighting, angles, and backgrounds. Impressively, the CLIP model

kept performing reliably even when the image quality wasn't perfect.

5.5.1 Cosine Similarity Threshold Testing

We utilized cosine similarity to figure out how closely an uploaded image aligns with
the vectors of our stored products. The similarity scores range from 0 to 1, with scores

near 1 indicating that the images are very similar.

After trying out different settings, we settled on a similarity score of 0.80 because it
struck the perfect balance between accuracy and thoroughness. At this level, we saw a
big drop in mismatches. Plus, the system could still spot products even if the photos
were a bit fuzzy or turned the wrong way. This makes sure it works reliably in everyday

situations when people use their phones to upload pictures.

5.5.2 Accuracy of Product Matching from Images

To see how well the system could match products based on images, we used several
test pictures for each type of product. The matching process itself went like this: the
system first pulled out specific visual features using CLIP, then figured out how similar
those features were between images using cosine similarity, and finally showed the

user the top matching product(s).

Overall, the system got the product matches right 88 to 91 percent of the time. This
percentage varied a bit depending on the kind of product and how clear the images

were.

Breaking down the performance based on image type:
o When the images were clear and showed the product directly from the front,
the accuracy was very high at 95%.
o For images taken from the side or at an angle, accuracy was still pretty good
around 89%.
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e When images were taken in low light or were blurry, accuracy dropped slightly
to about 83%.

o If the background in the image was really cluttered, accuracy was lower,
around 58%.

These results show that the visual search feature works well in everyday situations,
like how a customer might use it, particularly when there's decent lighting and the
product is easy to see. Using CLIP for feature extraction combined with cosine
similarity for comparison provides a smart, efficient solution that's well-suited for

recognizing products in an e-commerce setting.

Chapter 6

CONCLUSION AND RECOMMENDATIONS

6.1 Conclusion

This research project successfully built an intelligent customer support system that
uses both text and images to help shoppers in today's online stores. By blending
Natural Language Processing (NLP) and computer vision, the system makes finding
products and getting help easier. It uses LLaMA-3 to understand what people are
saying, CLIP to recognize images, and a method called cosine similarity to match

products quickly. This setup lets it handle questions asked through text or pictures.

The tests showed that this approach really works well. LLaMA-3 was great at figuring
out what users wanted, and CLIP was very accurate at matching images even when the
pictures weren’t perfect like if they were taken in dim light, from odd angles, or with
distracting backgrounds. Everything ran smoothly in real time, thanks to smart
programming that made responses fast.



36

To wrap up, this system is a big step up from old-fashioned chatbots. It gives helpful,
context-aware answers that can include images, making it more useful than simple
rule-based bots. It also proves that using Al that works with both text and visuals can
make customer service better leading to fewer errors, shorter wait times, and happier
customers. The project hit all its goals, and what they created is ready to be used in the

real world.

6.2 Recommendations

While the system works well, there are definitely ways to make it even better in terms
of accuracy, flexibility, and handling larger loads. For starters, expanding the training
data with more varied product photos, taken under different conditions, would help the

model tackle the complexities of real-world use more effectively.

We could also refine the chatbot by using reinforcement learning based on actual user
chats. This would smooth out conversations and help it better understand less common

questions.

Another suggestion is to use advanced vector databases like FAISS, Pinecone, or
Milvus. This would significantly speed up searches when dealing with massive
numbers of product images. Plus, moving the system to a cloud platform with GPU
support would cut down on processing time and keep things running smoothly, even

when lots of users are active.

Finally, adding support for multiple languages would open the system up to a much

wider audience and make it more accessible in diverse regions.

6.3 Future Work

The system already hits the main goals, but there's definitely room to expand what it
can do. We could make it even better by updating the CLIP model to something more
cutting-edge, like EfficientNet, Vision Transformer (ViT). These newer models could
really step up how well it extracts features and make it more reliable.
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Similarly, swapping out the NLP component for a newer version, like LLaMA-3.1, or
perhaps a GPT-based chat model, might boost its ability to understand context, handle

longer chats, and reason through things more effectively.

Another exciting area for the future is building real-time dashboards. These could track
customer questions, how well the system is performing, and which products are
searched for most often. This kind of insight would help businesses make smarter

decisions and improve how they manage inventory.

Plus, adding voice recognition so customers can ask questions and have their speech
turned into text would make the system more welcoming and easier to use, especially

for those who don't like typing or have difficulty with it.

6.3.1 Limitations of the Study

Even though the results look good, we do need to be upfront about some limitations.
The image recognition part doesn't work as well if the photos you upload are really
blurry, if parts of the image are blocked, or if there are lots of things stacked together
in the picture. Likewise, the language processing module might get confused
sometimes if the questions aren't clear or if they use slang, abbreviations, or a mix of
languages. Plus, the system is currently using a fixed list of products; getting updates
in real-time depends a lot on how well the connecting APIs work and how stable the
backend is.

These areas where the system could be better actually give us good ideas for improving
it in the next versions. Tackling these issues will help create a solution that's more

reliable, can handle more load, and is easier for everyone to use.
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