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Abstract: Advent of Artificial Intelligence (Al) in recent years has transformed the technology landscape
like never before. More & more implementations of Al powered applications have led to advanced and
sophisticated supporting technologies such as Large Language Models (LLMs), Retrieval-Augmented
Generation (RAG) systems, and Convolutional Neural Networks (CNNs). Application systems using
these advanced technologies are transforming businesses across industries. LLM enhances natural
language understanding and also aids in generation, facilitating communications closely resembling
human interactions. RAG systems integrate retrieval mechanisms with generative capabilities,
improving the relevance and accuracy of generated content by leveraging external knowledge bases.
Meanwhile, CNNs continue to excel in image processing tasks, driving advancements in computer
vision applications. The collective synergies between these technologies help businesses in improving
efficiency, user experience, and decision-making.

The study illustrates implementations, while revealing the challenges and opportunities presented by
these technologies. The research on these technologies, underscores the necessity for ongoing
research and adaptation in leveraging these technologies to maximize their potential in real-world
applications.

engine to interactive virtual assistants and
1. Introduction personalized recommendations.

The rapid development of artificial

intelligence (Al) has brought disruptive changes
across many industries, with large language models
(LLMs), retrieval-augmented generation (RAG)
systems, and convolutional neural networks (CNNSs)
featured prominent in this massive transformation. In
brief, LLMs (OpenAl GPT series and similar models)
have transformed natural language processing (NLP)
and have made it possible for machines to understand,
generate, and practically interact in human language
with unprecedented accuracy and fluency. They are
now deployed for various applications, including
conversational Al, content generation, translation and
information retrieval.

RAG systems, on the other hand, merge the
capabilities of LLMs with those of information
retrievers, extracting real-time data from external
databases or knowledge sources to provide more
accurate and contextually relevant answers. The
combination of retraction and generation capacities
has opened the possibilities of Al from a smart search

On the other hand CNNs still remain the go to
approach in image recognition, object detection, and
video analysis, taking the field of computer vision to
new heights. CNNs have found applications in many
hybrid Al systems combining visual and textual data
for multi-modal reasoning tasks.

LLMs lead to increase in operational efficiency and
deliver interactive, fulfilling customer experiences.
While these models mature, their ability to learn from
individual customer experiences and predict future
needs will enhance service quality and uplift overall
key performance indicators for maximum satisfaction
levels ensuring a robust business case in the enterprise
landscape,[1].  Retrieval-Augmented  Generation
(RAG) has emerged as a promising solution by
incorporating knowledge from external databases.
This enhances the accuracy and credibility of the
generation, particularly for knowledge-intensive
tasks, and allows for continuous knowledge updates
and integration of domain-specific information,[2].
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(Kattenborn et al. 2021)Deep learning method of
Convolutional Neural Networks (CNN) is very
effective to represent spatial patterns enabling to
extract a wide array of vegetation properties from
remote sensing imagery.

1. What are LLMs

Large Language Models (LLMs) are a class
of artificial intelligence models that can process and
produce human-like text contents. These models are
developed using deep learning methods (such neural
networks), and are trained on enormous sets of text
data. The purpose of LLM is to match the context of
text and output natural language in a way that makes
sense. The popular ones are OpenAl's GPT
(Generative Pretrained Transformer) and Google's
BERT (Bidirectional Encoder Representations from
Transformers) .

In recent years, the rapid development of large
Language models has been revolutionizing the field
of natural language processing [4,5,6]. These
powerful models have shown great potential in
addressing a variety of Natural Language Processing
(NLP) tasks and real-world cases, ranging from
Natural Language Understanding (NLU) to
generation tasks, even paving the way to Artificial
General Intelligence (AGI),[7].

LLMs (Large Language Models) are trained on
massive datasets of contents which includes written
texts from various sources like books, articles,
websites, and more. When the model is given this
data, it trains on it. The model learns language
patterns like how to use grammar, how words relate
to each other, how the context changes the meaning
of a word, and even more subtle aspects like humor
or emotional tone. These models can be used to
answer questions, write essays, translate languages,
summarize text and generate text. LLM are powerful
for generating human-like responses to text input,
making them suitable for a diverse range of
applications, including virtual assistants and content
generation.

LLMs are powerful, but they have their limitations
too. Chatbots can be biased, A newly trained Al bot
generates responses based on the relatively new data

it is trained on and can be biased. In addition, due to
the size of LLMs which are usually billions or
trillions of parameters, it is computationally
expensive to train and deploy them. LLMs also bring
an ethical dimension that encompasses using Al like
this in a responsible Conduct and the risk such tools
with great potential might end up being misused (such
as Al-generated disinformation spreading).

Here, we list the Top 5 examples of LLMs that have
made huge contribution to the field of Natural
Language Processing (NLP):

GPT-4 (Generative Pretrained Transformer 4):
Created by OpenAl, GPT-4 is among the most
advanced LLMs available. It is able to produce
human-style text given an input, complete
sophisticated language tasks like summarizing,
translating texts and even writing codes. Applications
of GPT-4 have been deployed in chats, content
development, decision-making support to name a few.

Google developed BERT (Bidirectional Encoder
Representations from Transformers): which can
completely understand the context of a word based on
its relation to all the other words in a sentence instead
of using a unidirectional way. BERT has proved
useful for certain tasks such as sentiment analysis or
question answering and even though it is widely used
in search engines such as Google Search.

TS5, Text-to-Text Transfer Transformer: Another
one from Google, T5 is a generalized model that
converts all NLP tasks into a text-to-text format. By
converting all text-based tasks into a standard input-
output format, it is capable of performing text
classification, summarization, paraphrasing, and
translation, among others. It standardizes the way to
build a model interface with different tasks.

XLNet: A generalised version of BERT, XLNet was
created by Google Brain and Carnegie Mellon Uni.
Inspired by autoregressive models (e.g. GPT) in
addition to a bidirectional context

Pathways Language Model (PaLM): PaLM is up
there with the most powerful LLMs in terms of scale
and capabilities. PaLM, based on 540 billion
parameters, had some astonishing results as well in

2?2 International Journal of Marketing and Technology
http://www.ijmra.us, Email: editorijmie@gmail.com



http://www.ijmra.us/
http://www.ijmra.us/
https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/neural-network

International Journal of Marketing and Technology
Vol. 15 Issue 01, January 2025
ISSN: 2249-1058 Impact Factor: 6.559

Journal Homepage: http://www.ijmra.us, Email: editorijmie@gmail.com
Double-Blind Peer Reviewed Refereed Open Access International Journal - Included in the International Serial Directories Indexed & Listed
at: Ulrich's Periodicals Directory ©, U.S.A., Open J-Gate as well as in Cabell’s Directories of Publishing Opportunities, U.S.A

the areas such as common sense reasoning, question
answering as well as complex language understanding.
It can be used for research, content creation, and many other
natural language processing tasks.

These examples reflect the diversity of LLMs
developed for varied language processing tasks as
understanding context to generate coherent and
contextually-correct text across multiple applications.

LLMs have proved their ability in various language-
related tasks, including text synthesis, translation,
summarization, question-answering, and sentiment
analysis, by leveraging deep learning techniques and
large datasets. Moreover, fine-tuning these models on
specific downstream tasks has been quite promising,
with  state-of-the-art performance in several
benchmarks [8]. LLMs have their roots in the early
development of language models and neural
networks. Statistical approaches and n-gram models
were used in earlier attempts to develop language
models [9]; but these models have shortcomings in
expressing long-term interdependence and context in
language. After that, researchers began to explore
more complex ways with the development of neural
networks and the availability of larger datasets. The
creation of the Recurrent Neural Network (RNN)
[10], which allowed for the modelling of sequential
data, including language, was a crucial milestone.
However, RNNs were limited in their efficacy due to
vanishing gradients and long-term dependencies. The
significant advancement in LLMs systems occurred
when the transformer architecture was introduced in
the seminal work [11]. The transformer model is built
around the self-attention mechanism, enabling
parallelization and efficient handling of long-range
dependencies. Furthermore, LLM architectures
served as the basis for models such as Google’s
Bidirectional Encoder  Representations  from
Transformers (BERT) [12] and open AI’s Generative
Pre-trained Transformer (GPT) series, which excelled
at various language tasks

111.What are RAG’s

Retrieval-Augmented Generation (RAG) is
a type of model that combines retrieval and
generation techniques to improve the performance of

natural language processing tasks. In RAG systems,
first it retrieves relevant information from an external
knowledge base such as documents, or databases, in
response to a query. Then the retrieved info is then
fed back into the original input to provide the model
with more context and allow it to produce responses
that are more accurate, informative and contextually
relevant.

Traditionally, generative models are constrained by
their training data, but RAG improves these models
by allowing them to retrieve more recent and domain-
specific knowledge at inference time. This is
particularly valuable for addressing queries or
requirements that necessitate distinct expertise or for
when the model is required to respond to inquiries
regarding recent developments. With retrieval
techniques RAG brings down the need for huge
amounts of training data, and still serves high-quality
output while being cheaper. It is also flexible, as the
recall mechanism can be modified on-the-fly to fetch
the most relevant and recent information.

RAG largely finds usage in tasks such as question
answering, document summarization and content
generation. In customer support, for instance, RAG
retrieval can fetch exact knowledge base articles and
generate bespoke responses. In a similar vein, in areas
like scientific research or medicine, the RAG can
access relevant publications or clinical guidelines to
generate evidence-based responses or reports. In
short, by providing RAG with the ability to combine
retrieval and generation together, it finally makes our
language models smarter, more flexible, and more
optimal on knowledge-intensive tasks.

Advancements in model algorithms, the growth of
foundational models, and access to high-quality
datasets have propelled the evolution of Artificial
Intelligence Generated Content (AIGC). Despite its
notable successes, AIGC still faces hurdles such as
updating knowledge, handling long-tail data,
mitigating data leakage, and managing high training
and inference costs. Retrieval-Augmented Generation
(RAG) has recently emerged as a paradigm to address
such challenges. In particular, RAG introduces the
information retrieval process, which enhances the
generation process by retrieving relevant objects from
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available data stores, leading to higher accuracy and
better robustness,[13]. Retrieval-augmented
generation (RAG) techniques have proven to be
effective in integrating up-to-date information,
mitigating hallucinations, and enhancing response
quality, particularly in specialized domains. While
many RAG approaches have been proposed to
enhance large language models through query-
dependent retrievals, these approaches still suffer
from their complex implementation and prolonged
response times. Typically, a RAG workflow involves
multiple processing steps, each of which can be
executed in various ways,[14].

These are top examples of RAG:

Open Domain Question Answering: Consider an
open domain QA where the user requests complex
QA like "Tell me about new developments in quantum
computers.” The RAG model retrieves relevant
research papers, articles, or news sources before from
a very large database or from the web. It then takes
that related information and combines it with the
question to provide a detailed and accurate answer
that uses current research and not the static training
data of the model. This keeps the bot exceptionally
powerful at answering questions relevant to up-to-
date or niche information.

Customer Support Chatbots: RAG based customer
support chatbot can respond to questions like "How
can | reset my password?" In this case, a specific part
of the knowledge base or help document regarding
password retrieval is being extracted via the RAG
model. It then forms a relevant reply, possibly
considering relevance to the user, using the retrieved
text. It enables the bot to provide tailored support,
rather than being limited to automated and generic
replies.

Content Creation for News Summary: in this
model summarizing news articles or reports comes
into play. Imagine that a user asks to summarize a
recent scientific achievement in Al. In this, the RAG
model fetches Articles, Papers or News Sources
related to the topic, and then by integrating all the
details received from fetching, the model creates a
Short and Precise Statement. This is useful for

creating content efficiently and maintaining
productivity, but in fields with rapid change like
technology and science, it also helps by producing
accurate and relevant copy in a timely manner.

One of the most common approaches uses a retriever-
reader architecture (Chen et al., 2017), which first
retrieves a small subset of documents using the
question as the query and then reads the retrieved
documents to extract (or generate) an
answer.[15].Many extractive QA methods (Chen et
al., 2017; Min et al.,, 2019b; Guu et al., 2020;
Karpukhin et al., 2020) measure the probability of
span extraction in different retrieved passages
independently, despite that their collective signals
may provide more evidence in determining the
correct answer.[16,17,18].

Question: when did bat out of hell get released?
Answer: September 1977 {September 1977
Sentence: Bat Qut of Hell is the second studio album and the major - label debut by American rock singer Meat
Leaf ... released in S?plemher 1977 on Cleveland lnlernﬂtmnaUEplc Records.
The album was released in Se \ 1977 and International / Epic Record
Title: Bat Out of]—[ell Bat Out H

Question: who sings does he love me wnh reba?
Answer: Brooks & Dunn  {Linda
Semence: Linda l\'a_le Davis ( born P-memher 26, 1962 ) is an American country music singer.

s He Love You " is a written by Sandy Knox and Billy Stritch, and recorded as a duet by American
country music artists Reba M; Davis
Tlt]e DCIE‘E HPIG\E Me [SEP] Does H?[aw Me ( Reha McEntire song |[SEP] leREhaMcEnure album)
Linda Davis [SEP] Greatest Hits Volume Two (Reba McEntire album) [SEP s He Lo

Question: what is the name ef wonder womans mother?

Answer: Mother Magda Jueen Hippolyt

Sentence: In the Amazonian mwhs she is the dau hter of the Amazon queen Sifrat and the male d\\arf Shun,

and is the mother of Wonder Woman.

by her mother Queen Hipp: 1 given life

Title: Wonder Woman [SEP Prince [SEP] “mlder ‘Woman (2011 TV pilof)
Wonder Woman [SEP] Orana (comics) [SEP Jer Woman (TV series

iyt

table 1: Examples of generated query contexts. Relevant and
irrelevant contexts are shown in green and red. Ground-truth
references are shown in the {braces}. The issue of generating
wrong answers is alleviated by generating other contexts highly
related to the question/answer[19].

IV.What are CNN

Convolutional neural networks (CNN)- A
specific type of deep learning model which is mainly
used for analysing visual data such as images and
videos. CNNs are specifically designed to learn
spatial hierarchies of features automatically using
multiple building blocks, including convolutional
layers that detect patterns, such as edges, textures, and
shapes. CNNs are especially useful for image
classification, object detection, and image
segmentation tasks, where we want to classify or
locate visual content given a massive image dataset.
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A CNN typically has multiple types of layers:
convolutional layers, which perform different types
of filter operations to identify features; pooling layers,
which down-sample data to make computation more
manageable; and fully connected layers, which serve
as output layers wused for predictions and
classifications. CNNs are powerful because they
extract relevant features from raw input, eliminating
the need for manual feature engineering that is often
a necessity with traditional machine learning
methods.

CNNs are comprised of three types of layers. These
are convolutional layers, pooling layers and fully-
connected layers. When these layers are stacked, a
CNN architecture has been formed,[20].

convolution
w/ReLu pooling

— M

M

input

fully-connected

output

fully-connected
w/ ReLu

figure 1: An simple CNN architecture, comprised of just five layers

Extremely efficient and scalable which makes CNNs
suitable for large datasets. By sharing weights across
different sections of the input, CNNs reduce
parameters and thus increase generalization, allowing
them to quickly process images with complex visual
data. This ability makes CNN to be widely used in
different fields including but not limited to healthcare
(i.e. medical image analysis), book (i.e. self-driving
car, object detection.) and entertainment (i.e. face
recognition). Thanks to their capacity for working
with visual data with a low preprocessing, they have
become a much-needed technique for modern
artificial intelligence.

Deep Learning algorithms are designed in such a way
that they mimic the function of the human cerebral
cortex. These algorithms are representations of deep
neural networks i.e. neural networks with many
hidden layers. Convolutional neural networks are
deep learning algorithms that can train large datasets
with millions of parameters, in form of 2D images as

input and convolve it with filters to produce the

desired outputs,[21].

Here are scenarios where CNNSs are used in the real
world:

Image classification (for example, cat vs dog): A
classic example where the goal is to assign an image
to a set of predefined classes. As an example, CNNs
are used in cat or dog classification systems. During
the forward pass through the network, the CNN learns
its own feature representation (edges, textures, and
shapes from the image) through its convolutional
layers, leveraging that representation to classify the
image into one of its categories, which is usually
utilized in photo management, image search and even
social media for tagging content.

Object Detection (Self Driving Cars, etc): The core
of objective is not only to identify the objects in an
image, but to also locate them. CNNs can quickly
detect pedestrians, traffic signs, other cars, and
obstacles in the real-time environment of an
autonomous vehicle. It detects and classifies objects
while predicting their position in frames of the video
feed from cameras fixed on the car. Necessary for
decision making and for the safety of self-driving
systems.

Medical Imaging (e.g., Tumor Detection in X-
rays):CNNs are popularly employed for medical
image analysis like abnormality detection in X-ray,
MRI, or CT images. For instance, CNNSs can train on
X-ray images to detect if there is a tumor or a lesion.
In doing so, it can be trained to identify patterns that
indicate healthy tissues versus abnormal growths, and
help physicians with diagnosis. This technology has
revolutionized the field of medical imaging by
making detection automated, easier, and faster.

Image recognition has an active community of
academics studying it. A lot of important work on
convolutional neural networks happened for image
recognition [22,23,24,25]. The most dominant recent
work achieved using CNN is a challenging work
introduced by Alex Krizhevsky [26], who used CNN
for challenge classification at ImageNet. Active areas
of research are: object detection [27,28,29], scene
labeling [30], segmentation [31,32], face recognition,
and a variety of other tasks [33,34,35].
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V. Algorithms

Popular algorithms used in LLMs (Large Language Models), RAGs (Retrieval-Augmented Generation), and
CNNs (Convolutional Neural Networks).

The table includes their main components, characteristics, and examples to give a clear understanding of how
each approach works.

ResNet (Residual Networks)

connections) to avoid vanishing gradient|

problems.
- Deep architecture with layers greater
than 100.

Technology |Algorithm/Model Key Characteristics Applications Examples
- Based on self-attention mechanisms.|- Text generation, translation,
LLMs Transformers - Handles long-range dependencies injsummarization, question|GPT-4, BERT, T5,
text. answering. ROBERTa, GPT-3
- Pre-trained on large corpora. - Chatbots, content generation.
BERT (Bldl_rectlonal Encoder|- Bldlrectlonal_ model.| Sentiment analysis, question|BERT, DistilBERT,
Representations from|- Focuses on understanding context from answering. text classification. |BioBERT
Transformers) both directions (left and right). 9 '
GPT (Generative Pretrained|’ Agtoregresswe gwdel (generates tcijxt- Text gene:jatlon, dlalo_gue GPT-2, GPT-3,
Transformer) wor y word).systems, ~ code  generation, GPT-4
- Fine-tuned for specific tasks. summarization.
- Combines a retriever and a generator.
- The retriever fetches relevant|- Open-domain question RAG  (Facebook
RAGs Retriever-Generator (RAG) |documents, and the generator generates ajlanswering, dialogue systems, -
: . : Al), T5 + Retriever
response based on the retrieved|knowledge-intensive tasks.
documents.
DPR (Dense Passage| Den_se retrieval using embeddings.|- Question answering systems, Dense Retriever
. - Retrieves relevant documents for the|document retrieval, knowledge
Retrieval) (DPR)
generator. bases.
S - Combines BERT (for understanding)
BART (Bld_lrectlonal andwith GPT (for generation).|- Text summarization,
Auto-Regressive d i K i both lati d denoisi K BART, mT5
Transformers) - Used in tasks requiring bothitranslation, and denoising tasks.
understanding and generation.
- Early CNN architecture with|- Image classification,
CNNs LeNet-5 convolution and pooling layers.|handwritten digit recognition|LeNet-5
- Used for digit recognition. (MNIST dataset).
- Deep CNN architecture with RelLU . .
A d d - Image classification, object]
AlexNet activations an ropout. detection, visual recognition|AlexNet
- Winner of the 2012 ImageNet] !
L tasks.
competition.
- Uses skip connections (residual

Image classification, object]
detection, and segmentation.

ResNet-50, ResNet-
101, ResNet-152

VGGNet

- Deep CNN with simple and uniform|

architecture.
Uses 3x3 convolutions and max-|
pooling layers.

Image classification, object]
detection, and segmentation
tasks.

VGG-16, VGG-19

Inception (GoogLeNet)

- Uses inception modules for multi-scale|
processing.

- Designed for efficiency and reduced
computational cost.

- Image classification, object]
detection, and segmentation.

GoogLeNet,
Inception-v3,
Inception-v4
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VI.How LLM, RAG & CNN benefits
applications

The integration of LLMs, RAG, and CNN
presents a powerful resource for improving diverse
applications covering multiple domains.

Harnessing the power of Al with machine learning
algorithms, natural language processing, forecasting,
targeted customer centric engagement businesses can
gain deeper insights of customer behaviour,
preferences and their sentiments,[36]. Generative Al
enables machines to autonomously generate creative
content, such as images, music, text, and more,[37].
An extremely useful technique of Al that enables
machines to understand, interpret & generate human
language. Referred to as NLP, the algorithms power
virtual assistants, aid in language translations and also
in the important area of Sentiment analysis,[38].

In applying machine learning, finding or learning
informative features that well describe the regularities
or patterns inherent in data plays a pivotal role in
various tasks in medical image analysis.
Conventionally, meaningful or task-related features
were designed mostly by human experts on the basis
of their knowledge about the target domains, making
it challenging for non-experts to exploit machine
learning techniques for their own studies,[39].Deep
learning methods are highly effective when the
number of available samples during the training stage
is large. For example, in the ImageNet Large Scale
Visual Recognition Challenge (ILSVRC), more than
one million annotated images were available [40].
However, in most medical applications there are far
fewer images (i.e., <1,000). Therefore, a primary
challenge in applying deep learning to medical
images is the limited number of training samples
available to build deep models without suffering from
overfitting. To overcome this challenge, research
groups have devised various strategies, such as (a)
taking either two-dimensional (2D) or three-
dimensional (3D) image patches, rather than the full-
sized images, as input [41, 42] in order to reduce input
dimensionality and thus the number of model
parameters; (b) expanding the data set by artificially

generating samples via affine transformation (i.e.,
data augmentation), and then training their network
from scratch with the augmented data set ; (c) using
deep models trained on a huge number of natural
images in computer vision as “off-the-shelf” feature
extractors, and then training the final classifier or
output layer with the target-task samples [43, 44]; (d)
initializing model parameters with those of pretrained
models from nonmedical or natural images, then fine-
tuning the network parameters with the task-related
samples ; and (e) using models trained with small-
sized inputs for arbitrarily sized inputs by
transforming weights in the fully connected layers
into convolutional kernels [46- 48].

Here are the few areas how these technologies fuse
into the applications and its benefits.:

Medical Imaging and Diagnosis with Textual
Analysis

System that helps physicians diagnose diseases based
on medical imaging (X-ray, CT-scan, MRI) & clinical
data (patient history, doctor notes).

How LLM, RAG, and CNNs are used:

CNN: Classifies the medical images for abnormal
detection (tumor/fracture).

LLM: Understands textual data, such as medical
reports or doctor’s notes, to add context.

RAG: Used to capture relevant medical literature,
case studies, and research in order to aid the Al in its
knowledge.

Benefits:

Improved Accuracy: The system achieves a high level
of accuracy in predictions by merging visual data
analysis (CNN) with textual knowledge from domain
experts (LLM) and current literature (RAG).

Reduced Diagnostics errors: Incorporating external
medical literature (through RAG) means that any
diagnosis is backed by the latest relevant knowledge,
reducing the chances of a human error.
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Faster Decision-Making: Complex diagnostic tasks
can be automated using Al algorithms, which
shortens the time needed by doctors to come to a
decision.

Customer Support Automation with Visual and
Textual Data

Chatbot processing text plus image uploaded by a
customer to resolve a support request (e.g., defective
product images & complaint descriptions)

How LLM, RAG, and CNNs are used:

CNN: takes in images of the product (e.g., observing
any bruise or defects).

LLM: Converts input text from customers (e.g.,
complaints) into textual responses or solutions.

RAG: Pulls relevant product documentation, FAQ or
troubleshooting guides to add saturation to the
answers.

Benefits:
Enhanced Customer Experience: Receives both

image and text input, providing an interactive and
extensive support system.

Customised Responses: The technology enables the
system to generate personalised responses creating
more personalised and context aware solutions

24/7 Availability:- Automates the answer of different
queries that a customer may have and allows the
business to provide support 24/7.

Enhanced Search and Recommendation System in
E-Commerce

Product recommendation engine that provides
suggestions based on a text input or an uploaded
image

How LLM, RAG, and CNNs are used:

CNN: Analyzes the uploaded product images to
identify features like color, shape, and brand.

LLM: Processes text-based queries (e.g., “black
leather wallet brand Versace) and matches them with
relevant product descriptions.

RAG: Retrieves relevant product reviews, ratings,
and detailed specifications from the product database.

Benefits:

Improved Product Search: Combining image-based
(CNN) and text-based (LLM) searches allows for
more accurate and relevant product
recommendations.

Contextual rich recommendations: By retrieving
additional product details through RAG, the system
can offer richer, data-driven recommendations,
improving the shopping experience.

Higher Customer Satisfaction: Providing both visual
and textual recommendations increases the likelihood
of customers finding exactly what they want.

VIL. Future scope

Large Language Models (LLMs), and
Retrieval-Augmented Generation (RAG) systems and
Convolutional Neural Networks (CNNs) as a whole
present breakthrough techniques in the digital world
and open the doors for massive opportunity for
innovation and disruption. These technologies will
further integrate with mainstream application
development, leading to smarter, more efficient, and
context aware applications.

There are a few areas of applications that are likely
to influence the direction these technologies take in
the future:

Enhanced Multi-Modal Al Systems:

In the future will likely witness a greater
amalgamation of LLMs, RAG, and CNNs into a more
unified multimodal system. These systems will be
capable of seamlessly processing and interpreting
complex data types such as text, images, video, and
audio. It would enable applications capable of
sophisticated vision and language reasoning based
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tasks, such as self-driving cars, diagnostic support
from medical images and/or textual reports, or high-
level entry point robotics which can seamlessly
interact with humans in a more natural and intuitive
way.

Improved Contextual Understanding and
Personalization: With the advancement of LLMs,
RAG & CNNs, the contextual understanding of
models will improve, resulting in impressive levels of
personalization. Whether it be in healthcare,
education or customer service, the applications
powered by these techniques will interact with users
in an individualized manner, using data about a
person’s history, preferences and current inputs to
provide a personalized response that leads to more
meaningful engagement and better quality of
decision-making.

Smarter Search and Information Retrieval: The
RAG, LLM & CNNs will largely expand the frontiers
of search and information retrieval. Systems of the
future will return not just relevant results because
there are matching query keywords but instead return
answers that make sense as a cohesive, contextually
rich response for the entire query and perhaps even
predict what a user will search before they finish
typing it. This can fundamentally change how e-
commerce, legal research, and academia will work by
giving users access to more meaningful information
gleaned from large datasets, among others.

Edge Computing and Real-Time Applications:
Real-time Al will become a new norm, and LLMs,
RAG, and CNNs will be deployed on edge devices
such as smartphones, 10T devices, and drones. It
Allows Local Processing of Data and Instant Work
with Data, Which Improves Privacy, Lowers Latency,
and Enables New Applications in Autonomous
Systems, Remote Diagnostics, and Real-Time
Language Translation.

Ethical Al and Explainability: All these
technologies eventually find their way into important
application systems, the need to make them ethical as
well as explainable will come to the fore. As LLMs,
RAG and CNNs become more complex, there will be
need for explainable methods to help users and

developers interpret how and why an Al piece made
a certain decision. It is especially important in
sensitive industries such as healthcare, finance, and
legal services, where trust and accountability are key.

Cross-Industry Applications: LLMs can be applied
in law for doc analysis and contract generation while
CNNs can aid manufacturing through real-time defect
detection. Integration of such technologies is a force
multiplier, and this will enable industry-specific
ChatGPT-like solutions that will revolutionize many
industries including but not limited to supply chain,
cybersecurity, environment, and entertainment.

Al Regulation and Governance: With the growth of
the capabilities of LLMs, RAG systems, and CNNSs,
there will be a development of regulatory frameworks
and governance models to make sure these
technologies are used in the right manner. Towards
guidelines to make the application of Al more
effective and ethical, it is only natural that 4
components- bias, privacy, data protection and
accountability issues will have to be addressed in
collaboration  between governments, industry
stakeholders and Al researchers.

To sum up, these technologies will enable
innovations that are likely to drive significant
societal, business and technological change in the
coming years, by improving their capabilities and by
alleviating their scalability and modelling concerns of
fairness and transparency.

VIIl.  Conclusion

To conclude, the technologies of LLMs,
RAG, and CNNs have a far-reaching and disruptive
effect on application systems, impacting many
industries. LLMs are reshaping the landscape of
natural language processing, allowing for more
nuanced systems that comprehend, produce, and
communicate human language. By leveraging large-
scale datasets to excel in tasks including text
generation, translation, sentiment analysis, and
question answering, these LLMs have driven
advances in customer service automation, content
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generation, and decision making. Consequently,
LLMs are increasingly being used to power more
intelligent and responsive applications from virtual
assistants to advanced analytics platforms.

RAG systems provide an impressive mechanism
grown by merging retrieval and generation, which
helps to augment the LLMs, especially for
knowledge-intensive tasks. This characteristic allows
for real-time retrieval of external information sources,
proving to be extremely efficient for practical use-
cases benefitted by accurate, in-context, ground-truth
responses, like open-domain question answering,
personalized content delivery, and customer care.
RAG using retrieval of targeted information from
extensive knowledge bases or documents in order to
formulate relevant responses from the same
automates the applications where both retrieval and
generation is needed to drive efficiencies and scale.
In areas such as healthcare, legal tech, and research,
where the accuracy of information is crucial, this
hybrid approach unlocks amazing value.

In parallel, CNNs have pushed the state-of-the-art on
the computer vision side with a powerful framework
for image classification, object detection and video
understanding. CNNs have become a critical part of
the systems that need visual identification and
analysis across a variety of verticals like healthcare
(medical imaging), self-driving vehicles, security,
and retail. CNNs are not just limited to traditional
image-based uses and also find application in cutting
edge fields like Augmented reality, Face Recognition,
Industrial Automation, and many more!

Integrated application architectures with LLM, and
RAGs, hooked to the front end through a CNN
represent a geometric source of opportunity for
enterprises and commercial industries alike which
would be more adaptable, more intelligent, more
efficient technologies that improve user experience,
operational efficiency and decision-making.

10 International Journal of Marketing and Technology
http://www.ijmra.us, Email: editorijmie@gmail.com



http://www.ijmra.us/
http://www.ijmra.us/

International Journal of Marketing and Technology
Vol. 15 Issue 01, January 2025
ISSN: 2249-1058 Impact Factor: 6.559

Journal Homepage: http://www.ijmra.us, Email: editorijmie@gmail.com
Double-Blind Peer Reviewed Refereed Open Access International Journal - Included in the International Serial Directories Indexed & Listed
at: Ulrich's Periodicals Directory ©, U.S.A., Open J-Gate as well as in Cabell’s Directories of Publishing Opportunities, U.S.A

IX.References
[1]Jonnala, A. (2024). How Large Language models (LLM) help enterprises enhance customer experiences.
Journal Homepage: http://www. ijmra. us, 13(11).

[2]Gao, Y., Xiong, Y., Gao, X., Jia, K., Pan, J., Bi, Y., ... & Wang, H. (2023). Retrieval-augmented generation
for large language models: A survey. arXiv preprint arXiv:2312.10997.

[3]Teja Kattenborn, Jens Leitloff, Felix Schiefer, Stefan Hinz, Review on Convolutional Neural Networks (CNN)
in vegetation remote sensing,ISPRS Journal of Photogrammetry and Remote Sensing, Volume 173,2021,Pages
24-49,1SSN 0924-2716, https://doi.org/10.1016/j.isprsjprs.2020.12.010.

[4]Bommasani, R., Hudson, D. A., Adeli, E., Altman, R., Arora, S., von Arx, S., ... & Liang, P. (2021). On the
opportunities and risks of foundation models. arXiv preprint arXiv:2108.07258.

[5]Zhang, T., Ladhak, F., Durmus, E., Liang, P., McKeown, K., & Hashimoto, T. B. (2024). Benchmarking large
language models for news summarization. Transactions of the Association for Computational Linguistics, 12, 39-
57.

[6]zhou, C., Li, Q., Li, C., Yu, J., Liu, Y., Wang, G., ... & Sun, L. (2023). A comprehensive survey on pretrained
foundation models: A history from bert to chatgpt. arXiv preprint arXiv:2302.09419.

[7]Jingfeng Yang, Hongyelin, Ruixiang Tang, Xiaotian Han, Qizhang Feng, Haoming Jiang, Shaochen Zhong,
Bing Yin, and Xia Hu. 2024. Harnessing the Power of LLMs in Practice: A Survey on ChatGPT and Beyond.
ACM Trans. Knowl. Discov. Data 18, 6, Article 160 (July 2024), 32 pages. https://doi.org/10.1145/3649506

[8]M. A. K. Raiaan, K. Fatema, I. U. Khan, S. Azam, M. R. U. Rashid, M. S. H. Mukta, et al., "A lightweight
robust deep learning model gained high accuracy in classifying a wide range of diabetic retinopathy images",
IEEE Access, vol. 11, pp. 42361-42388, 2023.

[9]B. Ramabhadran, S. Khudanpur and E. Arisoy, "Proceedings of the NAACL-HLT 2012 workshop: Will we
ever really replace the N-gram model? On the future of language modeling for HLT ", Proc. NAACL-HLT, pp.
1-11, 2012.

[10]T. Mikolov, M. Karafiat, L. Burget, J. Cernocky and S. Khudanpur, "Recurrent neural network based language
model", Proc. Annu. Conf. Int. Speech Commun. Assoc. (ISCA), pp. 1045-1048, 2010.

[11]A. Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit, L. Jones, A. N. Gomez, et al., "Attention is all you need",
Proc. Adv. Neural Inf. Process. Syst., vol. 30, 2017.

[12]J. Devlin, M.-W. Chang, K. Lee and K. Toutanova, "BERT: Pre-training of deep bidirectional transformers
for language understanding", arXiv:1810.04805, 2018

[13]Zzhao, P., Zhang, H., Yu, Q., Wang, Z., Geng, Y., Fu, F., ... & Cui, B. (2024). Retrieval-augmented generation
for ai-generated content: A survey. arXiv preprint arXiv:2402.19473.

[14]wang, X., Wang, Z., Gao, X., Zhang, F., Wu, Y., Xu, Z., ... & Huang, X. (2024). Searching for best practices
in retrieval-augmented generation. arXiv preprint arXiv:2407.01219.

[15]Dangi Chen, Adam Fisch, Jason Weston, and Antoine Bordes. 2017. Reading Wikipedia to answer
opendomain questions. In Proceedings of the 55th Annual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers), pages 18701879, Vancouver, Canada. Association for Computational
Linguistics.

11 International Journal of Marketing and Technology
http://www.ijmra.us, Email: editorijmie@gmail.com



http://www.ijmra.us/
http://www.ijmra.us/
https://doi.org/10.1016/j.isprsjprs.2020.12.010
https://doi.org/10.1145/3649506

International Journal of Marketing and Technology
Vol. 15 Issue 01, January 2025
ISSN: 2249-1058 Impact Factor: 6.559

Journal Homepage: http://www.ijmra.us, Email: editorijmie@gmail.com
Double-Blind Peer Reviewed Refereed Open Access International Journal - Included in the International Serial Directories Indexed & Listed
at: Ulrich's Periodicals Directory ©, U.S.A., Open J-Gate as well as in Cabell’s Directories of Publishing Opportunities, U.S.A

[16]Sewon Min, Dangi Chen, Luke Zettlemoyer, and Hannaneh Hajishirzi. 2019b. Knowledge guided text
retrieval and reading for open domain question answering. arXiv preprint arXiv:1911.03868.

[17]Kelvin Guu, Kenton Lee, Zora Tung, Panupong Pasupat, and Ming-Wei Chang. 2020. Realm: Retrieval
augmented language model pre-training. arXiv preprint arXiv:2002.08909.

[18] Vladimir Karpukhin, Barlas O~ guz, Sewon Min, Ledell Wu, Sergey Edunov, Danqi Chen, and Wentau Yih.
2020. Dense passage retrieval for open-domain question answering. arXiv preprint arXiv:2004.04906.

[19]Mao, Y., He, P., Liu, X., Shen, Y., Gao, J., Han, J., & Chen, W. (2020). Generation-augmented retrieval for
open-domain question answering. arXiv preprint arXiv:2009.08553.

[20]O'Shea, K. (2015). An introduction to convolutional neural networks. arXiv preprint arXiv:1511.08458.

[21]R. Chauhan, K. K. Ghanshala and R. C. Joshi, "Convolutional Neural Network (CNN) for Image Detection
and Recognition,” 2018 First International Conference on Secure Cyber Computing and Communication
(ICSCCC), Jalandhar, India, 2018, pp. 278-282, doi: 10.1109/ICSCCC.2018.8703316.

[22]Kuntal Kumar Pal, Sudeep K. S.(2016).” Preprocessing for Image Classification by Convolutional Neural
Networks”, IEEE International Conference on Recent Trends in Electronics Information Communication
Technology, May 2021, 2016, India.

[23]Hayder M. Albeahdili, Haider A. Alwzwazy, Naz E. Islam (2015).”Robust Convolutional Neural Networks
for Image Recognition”, (IJACSA) International Journal of Advanced Computer Science and Applications, Vol.

6, No. 11, 2015.

[24]Jingkun Qin, Haihong E, Meina Song and Zhijun Ren(2018).”Image Retrieval Based on a Hybrid Model of
Deep Convolutional Encoder”, 2018 the International Conference of Intelligent Robotic and Control Engineering.

[25]K Sumanth Reddy, Upasna Singh, Prakash K Uttam(2017).” Effect of Image Colourspace on Performance of
Convolution Neural Networks”, 2017 2nd IEEE International Conference on Recent Trends in Electronics

Information & Communication Technology (RTEICT), May 19-20, 2017, India.

[26]Krizhevsky, Alex, Sutskever, llya, and Hinton, Geoffrey. ImageNet classification with deep convolutional
neural networks. In Advances in Neural Information Processing Systems 25 (NIPS’2012). 2012.

[27]Kaiming, He and Xiangyu, Zhang and Shaoging, Ren and Jian Sun —Spatial pyramid pooling in deep
convolutional networks for visual recognitionl European Conference on Computer Vision, 2014.

[28]Ross Girshick, —Fast R-CNN —arXiv preprint arXiv:1504.08083, 2015
[29]X. Wang, M. Yang, S. Zhu, and Y. Lin. Regionlets for generic object detection. In ICCV, 2013. 8.

[30]Karen Simonyan and Andrew Zisserman —VERY DEEP CONVOLUTIONAL NETWORKS FOR
LARGESCALE IMAGE RECOGNITIONI arXiv:1409.1556v5 [cs.CV] 23 Dec 2014.

[31]C. Couprie, C. Farabet, L. Najman, and Y. LeCun. Indoor semantic segmentation using depth information.
Internatinal Conference on Learning Representation, 2013. 2.

[32] R. Girshick, J. Donahue, T. Darrell, and J. Malik. Rich feature hierarchies for accurate object detection and
semantic segmentation. CoRR, abs/1311.2524, 2013. 4.

[33] J. Deng, W. Dong, R. Socher, L.-J. Li, K. Li, and L. FeiFei. Imagenet: A large-scale hierarchical image
database. In CVPR, 20009. 2.

12 International Journal of Marketing and Technology
http://www.ijmra.us, Email: editorijmie@gmail.com



http://www.ijmra.us/
http://www.ijmra.us/

International Journal of Marketing and Technology
Vol. 15 Issue 01, January 2025
ISSN: 2249-1058 Impact Factor: 6.559

Journal Homepage: http://www.ijmra.us, Email: editorijmie@gmail.com
Double-Blind Peer Reviewed Refereed Open Access International Journal - Included in the International Serial Directories Indexed & Listed
at: Ulrich's Periodicals Directory ©, U.S.A., Open J-Gate as well as in Cabell’s Directories of Publishing Opportunities, U.S.A

[34] L. N. Clement Farabet, Camille Couprie and Y. LeCun. Learning hierarchical features for scene labeling.
PAMI, 35(8), 2013. 1, 2.

[35] Honglak Lee, Roger Grosse, Rajesh Ranganath, and Andrew Y. Ng —Convolutional Deep Belief Networks
for Scalable Unsupervised Learning of Hierarchical Representations|.

[36]Alladi, R. (2024). How Al can transform Customer Relationship Management. Journal Homepage:
http://www. ijmra. us, 14(07).

[37]Ramdurai, B., & Adhithya, P. (2023). The impact, advancements and applications of generative Al.
International Journal of Computer Science and Engineering, 10(6), 1-8.

[38]Balagopal, P. A. (2024). Impact of Artificial Intelligence on Mechanical Engineering: A Comprehensive
Overview. International Journal of Innovative Science and Research Technology, 9(7), 1829-1832.

[39]Shen, D., Wu, G., & Suk, H. I. (2017). Deep learning in medical image analysis. Annual review of biomedical
engineering, 19(1), 221-248.

[40]Russakovsky, O., Deng, J., Su, H., Krause, J., Satheesh, S., Ma, S., ... & Fei-Fei, L. (2015). Imagenet large
scale visual recognition challenge. International journal of computer vision, 115, 211-252.

[41]Suk, H. 1., Lee, S. W., Shen, D., & Alzheimer's Disease Neuroimaging Initiative. (2014). Hierarchical feature
representation and multimodal fusion with deep learning for AD/MCI diagnosis. Neurolmage, 101, 569-582.

[42]Cheng JZ, Ni D, Chou YH, Qin J, Tiu CM. 39. et al. 2016. Computer-aided diagnosis with deep learning
architecture: applications to breast lesions in US images and pulmonary nodules in CT scans. Sci. Rep. 6:24454
[Google Scholar]

[43]Roth HR, Lu L, LiuJ, Yao J, Seff A. 40. etal.2016. Improving computer-aided detection using convolutional
neural networks and random view aggregation. IEEE Trans. Med. Imaging 35:1170-81

[44]Shen W, Zhou M, Yang F, Yang C, Tian J. 41. 2015. Multi-scale convolutional neural networks for lung
nodule classification. Lecture Notes in Computer Science 9123 Information Processing in Medical Imaging 588—
99 Berlin: Springer

[45]Setio AAA, Ciompi F, Litjens G, Gerke P, Jacobs C. 42. et al. 2016. Pulmonary nodule detection in CT
images: false positive reduction using multi-view convolutional networks. IEEE Trans. Med. Imaging 35:1160-
69

[46]Ciompi, F., de Hoop, B., van Riel, S. J., Chung, K., Scholten, E. T., Oudkerk, M., ... & van Ginneken, B.
(2015). Automatic classification of pulmonary peri-fissural nodules in computed tomography using an ensemble
of 2D views and a convolutional neural network out-of-the-box. Medical image analysis, 26(1), 195-202.

[47]Shin, H. C., Roth, H. R., Gao, M., Lu, L., Xu, Z., Nogues, I., ... & Summers, R. M. (2016). Deep convolutional
neural networks for computer-aided detection: CNN architectures, dataset characteristics and transfer learning.
IEEE transactions on medical imaging, 35(5), 1285-1298.

[48]Gupta, A., Ayhan, M., Maida, A., Dasgupta, S., & McAllester, D. (2013). Proceedings of the 30th
International Conference on Machine Learning.

13 International Journal of Marketing and Technology
http://www.ijmra.us, Email: editorijmie@gmail.com



http://www.ijmra.us/
http://www.ijmra.us/
http://scholar.google.com/scholar_lookup?title=Computer-aided+diagnosis+with+deep+learning+architecture%3A+applications+to+breast+lesions+in+US+images+and+pulmonary+nodules+in+CT+scans&author=JZ+Cheng&author=D+Ni&author=YH+Chou&author=J+Qin&author=CM+Tiu&journal=Sci.+Rep.&volume=6&pages=24454&publication_year=2016&

International Journal of Marketing and Technology
Vol. 15 Issue 01, January 2025
ISSN: 2249-1058 Impact Factor: 6.559

Journal Homepage: http://www.ijmra.us, Email: editorijmie@gmail.com
Double-Blind Peer Reviewed Refereed Open Access International Journal - Included in the International Serial Directories Indexed & Listed
at: Ulrich's Periodicals Directory ©, U.S.A., Open J-Gate as well as in Cabell’s Directories of Publishing Opportunities, U.S.A

14 International Journal of Marketing and Technology
http://www.ijmra.us, Email: editorijmie@gmail.com



http://www.ijmra.us/
http://www.ijmra.us/

