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ABSTRACT

Recently, Massive amounts of data have been generated as a result of the frequency at which the
amount of information available digitally is advancing. To enable users to effectively utilise the
huge amount of information, recommendation system has been implemented to effectively
manipulate a large amount of data in other to communicate necessary output to the user. The
reliability of the final recommendations is a common metric used to determine if a
recommendation system is effective or not. The RMSE, MSE, and MAE were used as
recommendation-based metrics. The recommender system's performance is typically measured
using the metrics RMSE, MSE, and MAE. This statistic demonstrates how effectively the
Recommender system performs. The performance of the recommendations improves with
decreasing RMSE, MAE, and MSE. It offers an erroneous value that illustrates how far off from
the real data our model was. It assesses how closely the projections supplied correlate to the
quantities that were observed. The final result of evaluating RMSE, MAE, and MSE on 1M Movies
Datasets. Taking the mean result of the output, MAE outperformed other matric because it has the
lowest mean value of 0.5843. Also, evaluating results of algorithm SVD on the 100k movies dataset
MAE outperformed other matric having the lowest output of 0.6593. Furthermore, evaluating the
RMSE, MAE, and MSE of algorithm SVD on 5k movies data set, MAE still outperformed other
matric having the lowest mean value of 2.8898. Ultimately, it was discovered that the movie data
sets with the most customers and reviews performed better than the others with fewer datasets
obtainable. Additionally, we suggest a deep learning approach for creating efficient and accurate
deep learning collaborative filtering systems (DLCFS). The proposed method and the currently
used methods were compared.
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CHAPTER ONE

INTRODUCTION

1.1 Background of the Study

The rapid expansion of content on the internet has resulted in large volumes of data and an increase
in online subscribers. This massive data explosion has inundated people with massive amounts of
data, posing a significant difficulty in terms of information overload. As a result, it is extremely
difficult for humans to manually digest such information and even more difficult for them to find
the correct information. Large internet corporations such as Amazon, Google, and Facebook have
struggled to keep up with this avalanche of data. Recommendation systems have been used to

intelligently transform this situation.

Big data is on the rise as a result of the enormous growth in online data and users. The
Recommendation System has received the greatest interest in the Big Data industry. Big Data has
increased our ability to make widespread suggestions. Due to its ability to forecast the correct
information from a massive amount of information, the recommendation system has become more
crucial for users. This system is a special sort of data screening that uses past user behaviour or
the actions of those who are related to the user in consideration to construct a collection of data

sources that is specifically tailored towards the end user's preferences.

Before the advent of e-commerce services, customers had to spend a lot of time browsing through
lists of goods or services to locate what they were looking for. The users' adoption of the
technology and the availability of recommender systems, however, led to an increase in the
services' revenues. At the moment, recommender systems are employed by e-commerce
businesses in many different industries, such as Netflix, Amazon, and YouTube consumers (Deuk
et al, 2011). The best way to use them in each field is the subject of numerous ongoing studies.
Other recommendation systems, like knowledge-based filtering and CBF (Adomavicius, G., &
Tuzhilin, A., 2005). Were developed to address the issues of CF.



Several studies have demonstrated that by using MF techniques, the aforementioned challenge can
be overcome. Even though the technique is probably going to suffer from a lack of some important
signals due to the use of a low-ranked approximation as well as a lack of sparsity when singular
vectors are denser. DL approaches have recently demonstrated their ability to learn accurate

representations for tasks like picture classification and natural language processing.

This research will need a set of recommender systems to use as a case study to see how well they
perform. That is, measuring their correctness in terms of recommendation. This will imply
recording their MAE, MSE, and RMSE. This information would likely form our dataset which
you will correlate with the goal and function of the recommender system in question. Then there

IS a need to investigate why the results as recorded are the way they are.

Recommender systems (RS) are computational models that generate predictions or suggestions for
users based on data acquired from multiple sources or user similarities. The computers then
analyze the users' purchasing behaviors and preferences and provide recommendations based on
their findings. A concern to be handled by methodical means in the field of RS research is how to
continuously modify a suggestion mechanism to the subscriber's desired information available at
a set period. Figure 1 shows and describes the structure of the typical structure of a recommender

systems

Recommended system

Analysis of _ "
ratings |+~~~ =-+<4——Ratings———
-
ﬁ Collaborative |4 ~ /,4—Behaviour

User

filtering .
Database with // ,d—Querles—
other users Analysis of ~ / r
preferences ; behaviour {_h Restrictions of
- . S
Direct > attributes
query

Com bmatlon of
different methods

\@nmendation of

objects

Figure 1: Structure of a Recommender System
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Deep learning (DL) and its capacity to foretell the next obvious item or product for a visitor will
have a significant impact on the future of previously stated methodologies, including CBF, CF,
and HRS.

In this study, we will go over some of the key ideas underlying deep learning, the reasons why it's
starting to catch on, and how it’s an incredibly successful application in natural language

processing (NLP) being translated to Deep Learning-based recommendation engines.

The enormous success of DL approaches in the last ten years has thrilled the scientific community
and contributed significantly to the recent growth of recommendation systems. DL in computer
vision and NLP has enabled the most significant of these changes in NLP. Even though the great

majority of conventional filtering techniques conduct linear analyses of the data.

The architecture of the deep learning system makes it possible to analyze data non-linearly. This
enables deep learning algorithms to more effectively separate valuable information from the data,

create a large number of new features, and generate further features automatically.

Data Input Hidden Output
Layer Layer Layer
X, ——»
Xy
X3 — > Y
Xp —»

Figure 2: Deep Learning Architecture



1.2 Problem Statement

Most recently, the MAE or RMSE between the projected rating and the observed interest rating is
the most widely accepted RS assessment measure. These measurements compute accuracy without

making any assumptions about the RS's intent.

However, as McNee & Konstan, (2006) point out, there is a lot more to judging whether or not
something should be recommended than just accuracy. Herlocker et al. (2004) give a complete
assessment of computational approaches to the recommender's evaluation. They imply that some
methods might be better suited for particular jobs. Furthermore, they are unable to validate the
metrics when assessing the alternative strategies directly on a category of existing algorithms and

a certain collection of data.

Recommender systems were mainly utilized on home computers before the increasing adoption of
smartphones. Initially, recommender systems were modelled by concentrating just on people and
things, and they worked based on fundamental data like users' purchase histories or assessment
scores. Simply said, recommender systems are methods and software tools that provide
suggestions for products that users would find beneficial. The suggestion covers a wide range of
decision-making operations, such as choosing what to purchase, what entertainment to subscribe
to, and what news content to consume. To assist users in finding information, goods, or
applications, such as publications, films, songs, online content, webpages, and Television

programs, recommender systems gather and evaluate suggestions from other.

To produce high-quality suggestions and address the issues with pure CF, which primarily includes
accuracy, scalability, neighbour transitivity, sparsity, and cold start, several deep learning
algorithms or approaches have been introduced recently. But other strategies, such as knowledge-

and content-based filtering, experience nearly the same limitations.



1.3 Aim and objectives

In the area of recommenders, we want to look into the possibilities for performance
recommendations in unique situations and obstacles. We also intend to establish a DL model that

would enable high-performance recommendations.
The objectives are:
1) Employing conventional collaborative filtering techniques on existing movies dataset
2) To find the recommender system's most efficient performance recommendation methods.

3) Enhancing effectiveness by incorporating the primary component of current

recommenders, CF, with DL

4) To obtain the most effective performance recommendation techniques for the

recommender system.

5) To develop an enhanced movies recommendation system model using NVIDIA Merlin

1.4 Significance of the Study

CF has emerged as the most attractive and well-liked recommendation approach for recommenders
after evaluating the many recently created recommender systems. Although CF has been
successful in a variety of application contexts. The CF approach still has important limitations,
such as the capacity to handle data sparsity, cold start difficulties, and complexity, to name just a
few. Due to data scarcity, applicability and relevance are diminished. Data sparsity is a word used

to describe a circumstance in which consumers typically only rate a few products.

This research seeks to improve the accuracy of the contemporary CF framework by using the DL

approach.



CHAPTER TWO

LITERATURE REVIEW

2.1 Information Filtering (IF) and Information Retrieval (IR) system

The research domains of IR and IF have become very active. The challenges posed by the massive
amount of information that is easily accessible online, much of it is fundamentally unstructured,
have called attention to the need for effective mechanisms to separate the useful information from
the irrelevant. Finding information within a document, within materials themselves, as well as
within databases of texts, images, or sounds, and the metadata that defines those databases is
known as information retrieval. While an information filtering system eliminates unnecessary or
superfluous information from an information stream using semi-automated or computational

processes before presenting it to a human user.

Information retrieval (IR), a well-established field of information science, addresses the problems
that occur when users request certain documents be retrieved from collections. Information
filtering (IF), a relatively new field of research in information science, has grown in prominence
as a result of the increase in the volume of online transitory data. Information retrieval (IR), a well-
established field of information science, addresses the problems that occur when users request
certain documents be retrieved from collections. Information filtering (IF), a relatively new field
of research in information science, has grown in prominence as a result of the increase in the
volume of online volatile data Bellogin (2012). Top-N recommendations aim to suggest to each

customer a small group of N products from a huge selection of products Cremonesi et. al., 2010.

Instead of concentrating on user interactions and comments, a content-based approach calls for a
sizable amount of data about specific product features. Natural Language Processing, for example,

can extract movie attributes such as genre, year, director, actor, and so on, or article textual content.

On the other hand, collaborative filtering only needs users' prior preferences or information about
a group of objects. The fundamental presumption is that people who have previously agreed tend
to agree in the future since it is based on verifiable evidence. Collaborative filtering offers
suggestions based on similarities between individuals and things simultaneously, addressing some

of the drawbacks of content-based filtering.



As a result, synchronistic recommendations are made possible, which take place when
collaborative filtering algorithms suggest an item to user A based on the interests of user B who
shares those interests. Furthermore, without the requirement for feature engineering, the retrieved

features can be automatically learned.

2.2 Recommender System Types and Techniques

The idea of using computers to recommend the best product for a user has been around since the
dawn of computing. The first implementation of the recommendation concept appeared in 1979,
in the form of Grundy, a specialized comprehensive computer-based Liberian that suggested books
to the user. A recommendation system, commonly referred to as a recommender system, is a
division or class of information filtering system that makes predictions based on the user's "rating"
or "preference” for the item.

Recommender systems have advanced in terms of user needs, allowing users to handle massive
amounts of data or information on the internet. It was a huge success or a solution to the problem
of information overload. Furthermore, it has emerged as an important platform for connecting
people with similar interests (Terveen, L., & Hill, W. 2001). A system that uses models created
using machine learning tools and algorithms is known as a recommender system. Collaborative
filtering and content-based filtering are the two categories. Its main objective is to assist in the

filtering and recommendation of information.

The main goal of a recommender system is to propose to help users with various decision-making
processes. This method is used by the majority of technology conglomerates, like Amazon, to
show a user a list of suggested products that might be of interest based on the user's prior
preferences and actions.

2.2.1 Recommendation System Entities

An entity is something that exists apart from other things and has its existence. There are a few

categories of entities in the recommender system that are highlighted and discussed as follows.



User-user: The "people like you, like that" logic is a popular or widely used recommender
system algorithm, also known as a "user-user" algorithm because it suggests or
recommends a specific item to a user if similar users linked to this item previously.
Item-item: This is a kind of recommendation system that bases recommendations on the
similarity between items as indicated by user ratings.

User-based: refers to a technique for figuring out which things a user will likely enjoy
based on the ratings that other users who share the target user's tastes have given to those
products.

Memory-based collaborative filtering creates a prediction using all the information in the
database. Both user-based and item-based components are present.

Through the use of matrix factorization, the relationship between the entities of things and
people is discovered cooperatively.

Content-based filtering creates recommendations following user preferences for product
qualities.

The Demographic Filtering (DF) technique makes use of the user's demographic data to
determine which products could be appropriate for the proposal.

An explicit understanding of the item assortment, user preferences, and proposal criteria
forms the basis of one type of recommender system in particular, known as a knowledge-
based recommender system.

When there is insufficient data to make recommendations to a new user or object, it is
referred to as a "cold start.”

A problem known as sparsity occurs when there are not enough data points to identify
similar users.

When the performance and latency of the RS significantly decline with a growth in the
number of users and system components, this is known as a scalability problem.

Finding objects (or users, or user and item) that are similar is what a recommender system
refers to as similarity. It depends on the sort of recommender one employs as to how to

measure it.



Particularly, recommender systems include the following elements:
Background data, or the knowledge with which the system starts before making recommendations,

e Input data, the details the system needs from the user to provide a recommendation, and

e Finally, an algorithm generates suggestions by combining input and background
information.

Burke, R. (2002) claimed to have identified five different recommendation approaches (Figure
2.1) depending on the backdrop and input data's nature, the algorithm used to produce the
suggestions, and other factors.

[ Recommender System ]
Content-based filtering Collaborative filtering Hybrid filtering
Technique Technique Technique

Model-based Model-based
filtering technique filtering technique

Clustering techniques

Association techniques
Bayesian networks User-based ltem-based
Neural Networks

Figure 3: The example of the taxonomy of the RS

Recommender systems gather user data from multiple approaches and sources to determine which
items a user will need and to recommend them based on the findings of the analytical process.
(Priyanga, P., & Kamal, A. N. B., 2017). Another researcher makes the following distinctions
between the three (3) basic types of RSs:

e Collaborative filtering

e Content-based filtering



e Hybrid methods

The core ideas of this thesis are collaborative filtering, content-based recommendation, and the

hybrid approach. Fig. 1 depicts the recommender system's overall concept.

Fecommendation

Techniques

v

[Co]laborative Filtering ‘ ‘ Content-Based Filtering ‘ { Hybrid Method W

Figure 4: Recommendation system Techniques

2.2.2 Collaborative Filtering (CF)

At Xerox PARC in 1992, David Goldberg and a colleague developed the first-ever concept, which
they eventually dubbed "collaborative filtering." Their main objective was to make product

recommendations to individuals based on how they were similar to other users.

Collaborative filtering, one of the most extensively used or applied techniques in recommender
systems, involves recommending to users who are now active things that other users with similar

viewpoints have previously enjoyed (Schafer, J. B et al., 2007).

Based on the users' rating histories, the commonality, also known as similarity in taste, between
two users is determined. The core of this filtering type is the user feedback loop. Person ratings,
thumbs-ups, and downvotes, or simply how much a user interacts with a piece of material are all
examples of feedback. There are two definitions of collaborative filtering: a specific one and a
broad one. Collaborative filtering, in a more constrained sense, is a method for combining
preferences or data from many users to automatically predict (filter) a user's interests

(collaborating). The user feedback loops are the basis of this filtering type. Person ratings, thumbs-

10



ups, and downvotes, or simply how much a user interacts with a piece of material are all examples
of feedback.

There are two definitions of collaborative filtering: a specific one and a broad one. Collaborative
filtering investigates a method for making product recommendations based on matching users with
like-minded interests. The foundation of CF is the idea that goods are more likely to be liked by
similar people (Anil, R. et al., 2010). Many algorithms in the collaborative filtering family can be
used to find comparable people or things, and there are many methods for figuring out ratings

based on the ratings of similar users.

2.2.2.1 Similarity Measures in CF Algorithm

In collaborative filtering algorithms, finding comparable users and objects is the most significant
phase. Finding similar people and items makes it simple to analyze their similarities before
selecting a set of individuals and items that most closely resembles the target user (Fard, K. B.,
2013).

The popular similarity metrics that are utilized in collaborative filtering and that are also used for

analysis in this work are listed below.

e Euclidean Distance:

A line segment's length between two locations in Euclidean space equals the Euclidean
distance between them. Euclidean distance serves as the foundation for many comparisons of
similarity and dissimilarity. The following definition describes the distance between vectors X
and Y:

d(p,q) = i(qt- -p)

Where n is the number of frequently rated items and gi and pi are the rating scores of the same

item provided by two separate users.
e Pearson Correlation Coefficient:

11



The most popular technique for analyzing numerical variables is the Pearson correlation
approach, which assigns a value between 0 and 1, with 1 denoting total positive correlation

and 0 denoting total negative correlation.

d(p,q) = i(qz- —p;)°
i=1

e Cosine Similarity:

The cosine similarity measure calculates how similar two matrices in an inner product space
are to one another. It establishes whether two variables are roughly pointing in the same
direction by calculating the cosine of the angle between them. In text analysis, it is frequently

used to measure document similarity.

]
A, B,
R A-B ?:1
similarity = cos(8) = AlIB] = — : !
IS a3 B
“" =1 x‘ i=1

e Jaccard Coefficient:

The intersection of the items divided by their union is how the Jaccard coefficient also known
as the Tanimoto coefficient measures similarity. The Jaccard coefficient for text documents
contrasts the sum weight of terms that are present in both papers but are not shared terms with
the sum weight of terms that are present in only one of the two documents. The formal

definition is:

X -y
Ix[[2+ lyl* —x-y

EJ(x,y) =

Four significant similarity measures are observed. The dataset of movie ratings, which varies

in how each user rates various novels, serves as the system's input. Depending on several

12



variables, including the information's qualities and context, any similarity measurements might

yield similar or dissimilar answers.

2.2.3 Content-Based Recommendation (CBR)

The content-based technique is a domain-dependent algorithm that places more emphasis on the
evaluation of item attributes to produce predictions. Content-based filtering is the most effective
method for recommending materials like web pages, magazines, and news. With the use of features
that are taken from the content of the items the user has previously evaluated, recommendations
are created using the user profiles in the content-based filtering technique (Burke, R., 2002). An
item’s description and a user profile serve as the foundation for content-based filtering techniques
(Das, D., Sahoo, L., & Datta, S., 2017).

Additionally, it makes recommendations based on similar items that a particular user has liked in
the item rate list. The core purpose of a content-based system is to match a user's demographic
data, such as age, race, locality, and the rated items on the website that are stored in his account,

with comparable products that have a shared specification (Mohamed, M. et al., 2019).
The stages of the CB recommendation process:

e Content analyzer

There must be some sort of pre-processing step taken to extract structured relevant information
from sources where there isn't one, like text. The component's primary responsibility is to present
the content of things like documents, websites, media, product descriptions, etc. originating from

sources of information in a manner suitable for the processing stages after it.

e Profile learner

This methodology builds a user profile by gathering data on user preferences and makes an effort
to generalize the data. The generalization strategy is often implemented using machine learning
techniques since they can grasp a decent example of consumer interests by beginning with previous

preferences for particular products.

e Filtering component
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The user gets shown similar but new products that suit the item list once this model examines the
user’s privacy profile for them. A suggested selection of articles that might be of interest. The
matching is carried out by evaluating the cosine similarity between both the pattern and item

vectors.

COLLABORATIVE FILTERING CONTENT-BASED FILTERING

o Read by user

Similar users O
l I Similar articles

Read by both users

A
il

]

il

.

I:I‘II
il II

o= Recommended
to user
Read by her,

recommended to him!

Figure 5: Collaborative Filtering Vs Content-Based Filtering

Figure 2 describes content-based filtering and collaborative filtering in detail.

2.2.4. Hybrid-Based Recommendation (HBR)

In a hybrid approach, we combine the two advised methods content-based and collaborative
filtering to maximize benefits, improve outcomes, and lessen issues and difficulties associated with
these applications (Khusro, S., Ali, Z., & Ullah, 1., 2016). Multi-methods are used in the hybrid
technique (Patel, Y. G., & Patel, V. P., 2015).

To maximize performance while minimizing the downsides of each recommendation strategy
individually, hybrid recommender systems merge multiple or even more recommendation
algorithms. Collaborative filtering is typically combined with another method to get around the
ramp-up problem.

As suggested by Brusilovski, P et. al., (2007), collaborative filtering can be integrated with other

recommendation algorithms in the following ways:
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Switching: The algorithm presents several recommendations to the user, choosing the best
one depending on their preferences.

Combining features: this is the process of creating recommendation system features by
combining knowledge from several sources.

Mixed: At the same time, recommendations are offered by a variety of recommenders.
Cascade: The recommendations made by one recommender are improved by another.
Meta-level: One of the input techniques used to build an algorithmic step model after the
recommender system is this one. Combining these several strategies could result in
excellent performance and lessen problems that can occur when using just collaborative or
content-based filtering.

Feature Augmentation: A technique's output is used as an input feature by another.

Content-based

interest Filtering \
Hybrid |
: Recommendation » g
Researcher Papers
1 Papers recommended
item ratings Collaborative

Filtering

Figure 6: Example of a Hybrid System
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2.3 Comparison of Recommender Systems Techniques

The advantages and disadvantages of recommender systems will be covered in this section in Table

1.

Table 1: Lists of the benefits and drawbacks of recommender systems

No | Techniques

Advantage

Disadvantage

1 Collaborative
recommendation

Filtering

e The system finds similar
items among users.

e The system can
recommend to the user
products that are outside
of their tastes but that
they might like.

e The system's quality is
determined by  the
highest-rated item list.

e The process of
recommending products
to new users has a

problem (cold start

and content-based
filtering.
e Description and the user's

evaluation.

problem).
2 e Using the similarity in the e To create a
specs of the objects, the recommendation list, we
Content-Based
system can suggest new need to analyze and detect
recommendation items to users. all item features.
o e Based on user data, the e An assessment of the
Filtering
system did not make any product's quality was
recommendations for omitted as the algorithm
products. did not rely on the user's
rating of this item.
3 Hybrid e It combines the benefits e The Content Description
of collaborative filtering and the user's assessment
Approaches

serve as the criteria.

e Overspecialization should
be resolved.

e Increase the rate of

customer satisfaction.
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e Overspecialization
should be resolved.
e Increase the rate of

customer satisfaction.

2.3.1 Various data mining techniques used with a recommender system.

Today, a variety of data mining techniques used to glean valuable business information from huge

datasets like big data are essential due to the exponential expansion in data size.

The following strategies are used in data mining and recommender systems: We will talk about a

few techniques used in recommender systems and data mining:

1)

2)

3)

4)

5)

Regression analysis: is a technique for building models that examines the relationships
between various independent variables and a dependent variable.

Classification: the process of grouping data using clustering techniques. To create
matching from distinct clusters, we employ classification. A decision tree can accomplish
this. We specify the initial node and the following objects in the item or user tree.
Association Analysis: To construct the inference rule, association analysis aims to establish
the relationship between the data sets. We must discover which products were previously
purchased in tandem to create a correlation.

Cluster Analysis: Using a sample of data, we perform a cluster analysis in which we create
groups that are conceptually related to one another. The goal of this technique is to identify
products with comparable specifications or customers who have purchased comparable
products in the huge data structure. The user is then shown a new list of highly suggested
items after these results have been matched.

Outlier detection: We choose values that differ from any sample of data, which is referred

to as an outlier.
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2.4 Deep Learning for Recommendation

Data analysts are increasingly turning away from more conventional machine learning approaches
and toward highly expressive deep learning models to enhance the reliability of their
recommendations as the amount of data available to fuel recommender systems increases quickly.
The two steps of deep learning for recommendations are training and inference. By demonstrating
examples of previous interactions between users and items, the model is trained to predict the

likelihood of user-item interactions during the training phase (compute a preference score).

Label: did
they intsract

Guesses, on a
scale of 0-1, on
how Likely it is
that each user-
item combao
interacted

= =e =Pe=iBe =e=i)e
P 49D
X AUX XA Xi

Figure 7: Deep Learning for Recommendation Training

The model is used to infer the likelihood of new interactions once it has mastered making

predictions with a high enough level of accuracy.

2.4.1 Deep Neural Network Models for Recommendation

Factorization and encapsulation are two modern methods that are based on DL recommender
models to represent the interactions among variables and handle categorical variables. Embedding
is a learned vector of numbers storing entity attributes that allows related entities (such as persons

or things) to have various distances in the vector space.
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2.5 NVIDIA Merlin

To speed up recommender systems on NVIDIA GPUs, NVIDIA Merlin is an open-source library.
The library makes it possible for researchers, machine learning engineers, and data scientists to
quickly and efficiently create high-quality recommenders. The features, training, and inference
challenges are addressed by the tools in Merlin. Every step of the Merlin pipeline is designed to

handle data volumes of hundreds of gigabytes, and all of this data is available via simple APIs.

2.5.1 Components of NVIDIA Merlin

1) Merlin Nvtabular:

A feature engineering and pre-processing package for tabular data is called NVVTabular. The library
can quickly and easily handle Terabyte-sized datasets that are needed to train DL-based
recommender systems. A high-level API provided by the library allows for the definition of

intricate data transformation operations.

2) Merlin HugeCTR:

With the help of the GPU-accelerated training framework HugeCTR, massive deep-learning
recommendation models may be scaled up. Training is split across various GPUs and nodes.
HugeCTR includes solutions for scaling huge embedding tables beyond the amount of memory

that is available as well as improved data loaders with GPU acceleration.

3) Merlin models

The Merlin Models library provides a standardized model for recommender systems that range
from conventional ML models to extremely advanced DL models, with an emphasis on high-

quality implementations.

4) Merlin systems

To create end-to-end recommendation pipelines that can be fed by Triton Inference Server, Merlin
Systems offers tools for merging recommendation models with other production recommender

system components including feature stores, nearest neighbor search, and exploration techniques.
5) Merlin core
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The Merlin ecosystem makes use of the features provided by Merlin Core. Merlin Core allows you

to:

1) Processing huge datasets across numerous GPUs and nodes, using a standard dataset
abstraction.
2) Utilize a single API to build graphs of data transformation operators to streamline your

code.

2.6 Related Work

In light of the current technology in use and the improvements made to the recommender system,
we are probably not the first to see the potential. Concerning the work that already exists, we will

discuss the work that has been done and the contributions that have been made.

Table 1 examines the advantages of each paper as well as the authors of other papers, their methods

for resolving issues with the recommender system, and their names.

Table 2: Comparing the benefits and solutions of several publications

No | Author Name Solutions Advantages
1 Lee M.R et al. | They suggest developing a hybrid e Address the
(2016) recommender system that uses data accuracy and cold
from Facebook Fan Pages and start issues.
machine learning. e Boost client

satisfaction.

2 Kim & Park (2013) | They suggested using method e Improve efficiency
constructs that were modified from and accuracy.
movie  suggestions in  online

community systems.

3 Wang, Q., Yuan, | They employ a genetic algorithm in e Better system
X., & Sun, M. |conjunction with the item's scalability is the
(2010) result.
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demographic data to find a group of

nearby users who share their interests.

Colombo et al.
(2015)

This utilizes

Semantic Web technology and falls

suggested  system

under the free time domain, which can

only be used for movie show times.

The outcomes
demonstrate the
recommender

system's efficacy.

Christakou et al.
(2015)

They created a system for making

movie recommendations that
integrate collaborative and content-
based data. On the Movie Lens DS,

the offered system is tested.

The suggested
method  produces
results with

excellent precision.

Ravi, L., &
Vairavasundaram,
S. (2016)

This study provides insights into
social media data-based
recommender systems by
considering system functionality,
interface modifications, a filtering
approach, and artificial intelligence
techniques, as well as how various
recommendation algorithms are

applied.

It makes it easier
for future research
to go in the right
direction and aids

interested
developers in
creating trip

recommendation

systems.

Geetha, G., Safa,
M., Fancy, C., &
Saranya, D. (2018)

Employ  collaborative  filtering
recommender systems to discover the

preferences of new users.

Improve recommendation

approach

Halder, S., Sarkar,
A.J., & Lee, Y. K.
(2012, November)

They put forth the idea of "movie
This

frequently mined items and employed

swarm mining." algorithm

two pruning rules.

Solve the cold start

problem

21




9 Madadipouya, K. | The work presented here introduces a e Improved accuracy

(2015). novel collaborative filtering-based and
location-based movie recommender recommendation
system. quality

10 | Panigrahi, S., | They put out a brand-new hybrid e Fix the sparsity and

Lenka, R. K., & | method that makes use of Alternating scalability issue

Stitipragyan,  A. | Least squares (ALS) and K-means for

(2016). dimension reduction.

To achieve accuracy, high consumer satisfaction when promoting the product, and to fix the cold
start issue, Lee M.R et al. (2016) proposed creating a hybrid-filtering recommender system using
data from Facebook Fan Pages and machine learning. This method for extracting from Yahoo used
content-based filtering, and Facebook or Twitter pages were also considered. Additionally,
contrast this algorithm's output results with those of other recommender systems like Netflix,

YouTube, and Amazon.

A theoretical model and a system implementation via Kim & Park’s (2013) rigorous work on an
interactive recommender system were used to discuss the system. The suggested method generates
personalized movie recommendations in online community systems. The method that is being
described develops the tactic that is believed to be able to regulate the dynamics of socially

mediated information transmitted in community networks.

Wang, Q., Yuan, X., & Sun, M. (2010) used genetic algorithms to increase the recommender
system's accuracy and a demographic filtering technique to increase the system's scalability. They
develop a hybrid user model by integrating item aggregate characteristics with screening for a
group of nearby people who share your interests and utilizing an evolutionary algorithm to

determine which characteristics should be given more importance in the user model.

RecomMetz, a recommender system proposed by Colombo et al. (2015), incorporates a mobile

recommender system that relies on context-aware information. The suggested solution utilizes

22



Semantic Web technology and is in the free time domain, which can only be used for movie show

times. The outcomes demonstrate the recommender system's efficacy.

A proposed clustering method that relies on semi-supervised learning was provided by Christakos
et al. (2015). In this research, a method for creating a recommendation system for movies that
integrates collaborative and content-based information is suggested. The proposed approach
produces results with a high degree of precision when the offered system is tested on the Movie
Lens DS.

In their 2015 study, Logesh & Subramaniyaswamy, discuss the use of multiple recommendation
algorithms, system capabilities, various user interfaces, filtering strategies, and artificial
intelligence approaches to present their opinions on social network data-based recommender
systems. The study aids interested developers in the building of a trip recommendation system and
supports future research direction after exploring the depths of the goal, methodology, and data
sources of the existing models. In addition, a location recommendation system based on a socially
pertinent trust walker (SPTW) was developed in this article, and comparisons were made with the

outcomes of the current baseline random walk models.

In this study, Geetha et al. (2018) use collaborative filtering recommender systems to discover the
preferences of new users. Among these techniques are information theory to select the items the
recommender system will find most useful, aggregate strategies to select the products the customer
is most likely to have a viewpoint about, and specialized techniques that predict which products a
user will have an opinion about. This knowledge will help researchers develop the most advanced
recommendation approach. Using MOVREC as an example, the CF-based system makes use of
user-provided data, analyzes it, and then employs the k-means algorithm to recommend the movie

that is most suitable for the user at that specific time.

Williams put forth the idea of swarm mining for movies. This was used to manage and extend
watching hours for the newest and most well-known movies, as well as to address the cold start
challenge of making recommendations to new customers. This algorithm frequently mined items

and employed two pruning rules.

Madadipouya, K. (2015) improve the precision and quality of recommendations, a new location-

based movie RS built on CF is presented in this work. The locations of the users have been used
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and taken into account throughout the processing of the suggestions and user-to-user selections in
this method.
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CHAPTER THREE

RESEARCH METHODOLOGY

3.1 Introduction

As previously said, our goal is to develop an optimized movie recommendation model that is
capable of reaching a greater recommender accuracy or precision than the conventional or widely
used recommender system. Several well-known datasets, ranging from the smallest to the largest,
were employed to accomplish the goals and aims of the study, including the 5K Internet Movies
Dataset, 100k, 1M, and 25M movies Len, from which user ratings and content attributes were both
extracted for the study's purposes. Despite only concentrating on movie data, the purpose of this

study was to create a broad paradigm that could be applied in other domains.

In general, two significant areas where collaborative recommender systems shine are predicting
how much a user would appreciate a specific item and providing a user with a list of goods. But in

our study, we emphasize the recommendation.

Before making any choices regarding the architecture of our recommender models, we first
evaluated all system restrictions. The section that follows gives detail on the suggested method

and the system's features.

3.2 The Major Concern in Collaborative Filtering

In terms of conventional collaborative filtering techniques, the following are the main issues:

Scalability: Scalability refers to extensibility, or how well a system performs as the amount of data
grows. While collaborative recommender systems perform admirably when dealing with tiny
datasets, managing vastly expanding real-world datasets is a difficult issue, even though there are
algorithms for handling large and dynamic data sets.

Data Sparsity: The term "sparse,” which means "scattered,” is the root of the word "sparsity."
Sparsity in recommender systems refers to inconsistent, insufficient, or widely varied user ratings.

One of the biggest problems with recommender systems is this. The fact that the vast majority of
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customers do not provide assessments and those who do are typically scanty is one of the primary

causes of sparsity.

3.2.1 Recommender systems Generation

Figure 2 explains and illustrates the many generations of recommender systems, starting with the
first generation and moving on to the second generation and third generations. In this study, we
will deconstruct and concentrate on CF in the first generation before employing deep learning to

advance and take into account CF in the third generation.

1st Generation 2nd Generation 3rd Generation

® Knowledge-based e Matrix Collaborative
Factorization Filtering using DL

: * Web Usage Deep Content based
® Collaborative Mining Based Combine Modeling

Filtering
® Hvbrid e Personality of Users and Items
* Based gs:l\a Reviews
oNN .etc

e

Figure 8: Recommender System Generations

® Content-Based
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EXPERIMENT 1: Conventional Collaborative Filtering Techniques

This experiment includes employing conventional collaborative filtering techniques on a movie
dataset. In this research, as it was clearly stated in 1.2, a collection of recommender systems will
be needed to assess how well they perform. Determining, specifically, how well they adhere to
recommendations. Their MAE, MSE, and RMSE. These data will likely make up our dataset,
which will align with the goals and purposes of the aforementioned recommender system. The
next step is to investigate why the findings are recorded in this specific way.

The MAE, MSE, and RMSE were used to detect the most effective performance recommendation

techniques for the recommender system.

3.3 The Proposed Methodology

The following infrastructure design decisions were taken to overcome the two main issues with

conventional collaborative filtering in section 3.2.

Every online action is influenced by recommender systems, from the choice of web pages to more
prominent examples like online buying. They are crucial in encouraging user interaction on online
platforms and helping users choose the few most significant goods or services from a wide range
of alternatives. A 1% increase in recommendation quality has the potential to generate billions of

dollars in revenue.

The performance of DL recommender architectures, which utilize massive amounts of training
data, has started to outperform that of more conventional methods such CF, CB, neighbourhood,

latent factor method, and so on as a result of the exponential growth in the size of industry datasets.

Furthermore, given the combination of more complicated models and speedy data generation, the
requirement for computational resources needed for training has skyrocketed. To accommodate
the computational complexity for comprehensive DL recommender training and inference,
NVIDIA released Merlins.
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Merlin is an end-to-end framework for DL recommender models on GPUs that strives to provide
quick feature engineering and high training throughput for quick experimentation and production
retraining. Merlin also offers production inference with low latency and high throughput. The

typical architecture is shown in figure 1.
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Figure 9: NVIDIA Merlin Recommender System Framework

3.4 CF Using Nvidia Merlin

To accelerate recommender system development across all stages, from experimental to
production, NVIDIA Merlin was developed as an application framework and ecosystem. Figure 1

depicts the architectural layout of Merlin, which has three key parts:

e Merlin ETL

Merlin ETL contains a set of tools for Graphics card pre-processing and efficient feature
engineering in recommender. Considering terabyte-scale table data, NV Tabular provides excellent

on-GPU data pre-processing and transformation possibilities.

e Merlin training



A collection of models and instructional materials for recommender for DL HugeCTR is written
in C for the recommender system training mechanism that works incredibly well. It contains

features for multi-GPU and multi-node training in addition to model- and data-parallel scaling.

e Merlin-inference

The Merlin-inference container allows users to deploy NV Tabular processes, HugeCTR models,
or Tensor Flow models to the Triton Inference server for production. Triton Inference Server will

now enable Graphics card inference owing to NVTabular and HugeCTR.

3.4.1 Nvtabular

To overcome frequent data pipeline problems for recommender systems, the NVTabular ETL
Merlin component was developed. Professional recommenders frequently use training sets that are
multi-terabytes or even gigabytes in size and contain billions of user engagements. A common
belief in the data science community is that since pre-processing or performing feature engineering
for datasets of this size requires a significant amount of time, data analysts invest more time on

ETL and data preparation than training the model and fine-tuning.

Criteo Preprocessing ETL (Minutes)
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g
2
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84
3
0
Spark (4x CPL, NVTabular NVTabular NVTabular NVTabular
96 cores) (WV100) (A100) (DGX-1) {DGX-A100)

Figure 10: Criteo dataset processing ETL
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Figure 3 demonstrates that the DGX A100's NV Tabular multi-GPU gives a 95x speedup,
translating to a 5.3x speedup.

3.4.2 Data Loading For RS

Originally, DL frameworks used photos as data loaders. Massive data sets' components were
collected and combined into a batch before being sent to the GPU for training. Customers regularly

read tabular data in recommender systems, however, there is very little data per sample.

We employed an alterable data loader, a concept from the PyTorch team, to challenge this
paradigm. By treating the data loader as an iterator instead of constructing batches one item at a
time, you may transfer entire batches to the training framework much more quickly. As a result,
there are more restrictions on how the data can be mixed up. Data in a batch is twice-randomly

shuffled using NV Tabular data loaders for each epoch.

3.4.2.1 NVVTabular data loader

The NVTabular data loader for Tensor Flow’s purpose is to effectively deliver tabular data to
Tensor Flow’s DL model training. NV Tabular offers a data loader that is similarly tailored for
PyTorch.

3.5 Performance Evaluation Criteria

Any recommender system needs assessment since, without it, we can't tell whether the results are

reliable or not.

Comparing two systems would only be conceivable after doing the evaluation. Evaluation can be
used to improve the system. Technique, algorithm, and procedure quality are evaluated to provide

an accurate recommendation

A statistical efficiency metric was used to assess a recommendation system's accuracy. The MAE
statistic is widely used by the CF-based recommendation system to assess how far
recommendations deviate from actual customer ratings. This metric is used to gauge how

accurately the system forecasts. The capacity to predict what a user will like is prediction.
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Important parameters to take into account are the prediction’s accuracy and coverage. MAE, MAE,

and RMSE are the categories of accuracy.

EXPERIMENT 2: Collaborative filtering using deep learning (Nvidia-Merlin Approach)

NVIDIA Merlin facilitates the development of high-performing recommenders at scale and offers
a convenient platform for doing so. Merlin's libraries, methods, and tools address typical issues with
pre-processing, feature engineering, training, inference, and deploying to production to accelerate
the development of recommenders. Hundreds of terabytes of data can be retrieved, filtered, scored,
and ranked using the components and capabilities of Merlin using simple-to-use APIs. With Merlin,
you can accelerate production deployment, boost click-through rates, and make more accurate
forecasts.

A few NVTabular TF additions, such as customized TensorFlow layers enabling multi-hot and the
NVTabular TensorFlow data loader, were imported along with TensorFlow.

3.6 Summary

We propose a method that applies deep learning techniques to deliver a quick, fast, and reliable

approach to recommender systems.

The implementation and trials utilizing the suggested method are thoroughly described in the next
chapter, together with the findings on the efficiency or validity of the recommenders and a synopsis

of the work’s significant accomplishments.
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CHAPTER FOUR

IMPLEMENTATION, RESULTS, AND DISCUSSION

4.1 Introduction

This chapter discusses the results of the two experiments that were carried out to create the best
and most efficient advanced deep learning collaborative filtering systems, as described in chapter
1.1.

Experiment A: This experiment specifically evaluated the efficacy of serial recommender systems
using a conventional collaborative filtering approach as a case study. Specifically, evaluating their
recommendations' correctness and accuracy. Consequently, their MAE, MSE, and RMSE were
also documented. This information would likely form our dataset, which you will correlate with
the goal and function of the recommender system in question. Then there is a need to investigate

why the results as recorded are the way they are. Refer to page [25] for more details.

Experiment B: the second experiment used the Nvidia merlin to build a collaborative deep-learning
filtering system. Using an advanced deep learning collaborative filtering approach, the objective
is to deliver high-performance recommendations at a large-scale data collection. The test was done
to see if DLCFS outperformed traditional CF, provided a practical model that improves
recommendation accuracy, and gave a long-term solution to the effectiveness and scaling issues
present in processing enormous amounts of data for recommendations to customers. Page [26] has

further information.

4.2 Performance Measure and Evaluation

The following standard measures were used to assess the recommender model:

1. MSE

MSE evaluates the level of accuracy in analytical models. Between observed and projected values,
the average squared difference is calculated. When there is no error in a model, the MSE is zero.

As model error increases, so does its value. The mean squared deviation is another term for the
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mean squared error (MSD). The purpose is to reduce MSE value as much as possible. MSE = 0

for a perfect model

1 & -
MSE ==Y (V; - Y;
S n;( )

MSE = mean squared error

L = number of data points
Y: = observed values
]‘A’,- = predicted values

Figure 11: MSE Formula

2. MAE

The real value is determined by dividing the sum of the absolute errors by the sample size, or

MAE. On the same scale as the data, the MAE is measured.

MAE — Z;’=1 |yi — $z|

n
MAE = mean absolute error
Yi = prediction
xT; = frue value
n = total number of data points
Figure 12: MAE Formula
3. RMSD

RMSE Calculate the difference between projection and fact for each data point, as well as the

norm of residuals, mean of residuals, and the square root of that mean.
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RMSD = root-mean-square deviation

1 = variable |

N = number of non-missing data points
€y = actual observations time series

T; = estimated time series

Figure 13: RMSE Formula

4. Logarithmic Loss or Log Loss:

In this, the model's recommendations are compared with the actual labels to determine how
uncertain they are. Confident but incorrect predictions are harshly punished. The likelihood

increases as log loss decrease. Consequently, diminishing the value is the objective.

5. Precision and Recall:

The proportion of appropriate results returned is known as precision. Recall, also known as

sensitivity, is the percentage of significant events that are detected..

4.3 Experiment (A) — Implementation & Results

The initial experiment which is experiment A uses a dataset that contains movie ratings to test
and evaluate how well typical collaborative filtering approaches perform and adhere to
recommendations using their RMSE, MAE, and MSE. The following experiments and analyses

were carried out to obtain this.

The Pareto Principle, popularly known as the 80/20 rule, was also taken into consideration. 20%
of the data set was used to test the model, with the remaining 80% being used for training. In this

Chapter, the test results have been used to compare models.
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4.3.1 Movie Lens Rating Information

Even though the time factor for CF has been successfully applied in past research, here we
primarily focus and are particularly interested in the first three fields: User 1D, item ID, and

rating. Examples of rating data were provided in text files. The fields are illustrated in Table 3.

Table 3: Extract of Rating Information

userld movield rating timestamp

0 1 296 2.0 1147880044
1 1 306 3.5 1147868817
2 1 307 2.0 1147868828
3 1 665 2.0 1147878820
4 1 899 3.5 1147868510

The following results show the ratings and distribution of three different implementations of the

conventional collaborative filtering techniques using singular value decomposition (SVD).

Figure 3.0: The figure shows the rating distribution for the one million (1M) movies dataset,
Figure 4.0 shows the rating distribution for the 100k movies data set while Figure 5.0 also rating

distribution for the 5k movies data sets.
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Figure 16: Rating Distribution for 5K movies Datasets

4.3.2 Performance Measure

The reliability of the final recommendations is a common metric used to determine if a
recommendation system is effective or not. The RMSE, MSE, and MAE were used as
recommendation-based metrics. A recommender system's performance is typically measured using
the metrics RMSE, MSE, and MAE. This statistic demonstrates how effectively a Recommender
performs. The performance of the recommendations improves with decreasing RMSE, MAE, and
MSE. It offers an erroneous value that illustrates how far off from the real data our model is. It

assesses how closely the projections supplied correlate to the quantities that were observed.

Figure 6 shows the final result of evaluating RMSE, MAE, and MSE on 1M Movies Datasets.
Taking the mean result of the output, MAE outperformed another matric because it has the lowest
mean value of 0.5843

Likewise, Figure 7 shows evaluating results of algorithm SVD on the 100k movies dataset. Also,

MAE outperformed other matric having the lowest output of 0.6593
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However, figure 8 displays the result of evaluating RMSE, MAE, and MSE of algorithm SVD on

5k movies data set. MAE still outperformed other matric having the lowest mean value of 2.8898

Ultimately, it was discovered that the movie data set with the most customers and reviews

performed better than the others with fewer datasets obtainable.

Evaluating RMSE, MAE, MSE of algorithm SVD on 5 split(s).

Fold 1 Fold 2 Fold 3 Fold 4
RMSE (testset) 9.7750 ©.7752 ©.7748 ©.7753
MAE (testset) ©.5841 ©.5843 ©.5842 0.5845
MSE (testset) 0.6006 ©0.6009 ©0.6003 ©.6012
Fit time 614.63 386.24 300.81 290.15

Test time 660886.232823.37 2445.97 3193.58

Figure 17: Evaluating RMSE, MAE, MSE of Algorithm SVD on 1M Movies Datasets

Fold 5 Mean Std
9.7750 ©.7751 ©.0002
©.5845 ©.5843 ©.0002
0.6006 ©.6007 ©0.0003
338.71 386.11 119.12
3146.98 14339.2322875.87

Evaluating RMSE, MAE, MSE of algorithm SVD on 5 split(s).

Fold 1
RMSE (testset) 9.8605
MAE (testset) 9.6576
MSE (testset) 9.7405
Fit time 4.34
Test time 0.21

Fold 2
0.8517
0.6553
0.7253
4,37
0.10

Fold 3
0.8556
0.6556
0.7321
4.40
0.10

Fold 4
©.8659
©.6636
0.7498
4.38
0.10

Fold 5 Mean
0.8683 0.8604
0.6646 ©0.6593

©.7539 ©.7403
4.40 4.38
0.10 0.12

Std
0.0062
0.0040
0.0106
0.02
0.04

Figure 18: Evaluating RMSE, MAE, and MSE of Algorithm SVD on 100k Movies Datasets
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Evaluating RMSE, MAE, MSE of algorithm SVD on 5 split(s).

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean Std
RMSE (testset) 2.9321 2.8893 2.8982 2.9151 2.9114 2.9092 0.0147

MAE (testset) 2.9087 2.8699 2.8806 2.8990 2.8908 2.8898 0.0136
MSE (testset) 8.5972 8.3478 8.3995 8.4979 8.4762 8.4637 0.0857
Fit time 0.01 0.01 0.00 0.00 9.03 0.01 0.01
Test time 0.00 0.00 0.02 0.00 0.00 0.00 0.01

Figure 19: Evaluating RMSE, MAE, and MSE of Algorithm SVD on 5K Movies Datasets

As mentioned Recommender systems are a means to propose or find ideas and products that are
related to a user's particular manner of thinking. Here, we suggest movies that are the most

popular to watch and that the viewer may object to.

1 [318, 109487, 475] 1 [318, 48516] 1 [318]
2 [1178, 2324, 306] 2 [2959, 858] 2 [1178]
3 [858, 1198, 1732] 3 [3578, 57669] 3 [858]

(A) 1M Movies Lens Datasets  (B) 100k Movies Lens Datasets (C) 5k Movies Lens Datasets

4.4 Experiment (B) - Implementation & Analysis

The second experiment leverages Nvidia merlin to train the model using a DL technique. As earlier
stated NVIDIA Merlin is an open-source library that speeds up recommender systems. We created
effective recommenders at a large scale owing to the library. Common feature engineering,

training, and inference problems are addressed by the tools in Merlin.

4.4.1 Pre-processing

A prominent dataset for recommender systems and one that is referenced in scholarly articles is

MovieLens25M. The collection includes 25M user-submitted ratings for 62,000 movies from
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162,000 people. Additionally, MovieLens25M is utilized for analysis, and the NV Tabular tool is
a feature engineering strategy and data pre-processing framework for data tables that is extensively
used for data extraction, data transformation, and data loading. Figure 9 displays the availability

and presence of a GPU for smooth program execution.

Invidia-smi

Sat May 28 15:00:30 2022

e T T T +
| NVIDIA-SMI 460.32.03 Driver Version: 460.32.03 CUDA Version: 11.2 |
[=mmmmmmm - e R -
| GPU Name Persistence-M| Bus-Id Disp.A | Volatile Uncorr. ECC |
| Fan Temp Perf Puwr:Usage/Cap]| Memory-Usage | GPU-Util Compute M. |
[ | | MIG M. |
I===============================+======================+======================I
| @ Tesla T4 Off | ©0000000:00:04.8 OFf | o |
| N/A 35C P8 8W / 76w | eMiB / 15109MiB | 0% Default |
I l | N/A |
Fmm e e o mmm e +
m i m e e e e e e e e e e +
| Processes: |
| GPU GI CI PID Type Process name GPU Memory |
| ID ID Usage |

Figure 20 NVIDIA System Management Interface (Nvidia-smi)
The pipeline for feature engineering and preprocessing is depicted in its initial stage in Figure 10.

Multiple calculations for NV Tabular have already been implemented and are referred to as “OPS”.
An overloaded “>>” operator can apply an operation to a “ColumnGroup” and return a new

“ColumnGroup” as a result. A “ColumnGroup” is a list of text-based column names.
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[userld', 'movield']
y

JoinExternal

SelectionOp

@mbdaopambda col: (col > 3).asr)-"pe("i.rD

Figure 21 preprocessing pipeline

To analyze the model's performance, as well as its strengths and flaws, various evaluation
measures were used. Model evaluation is crucial for determining a model's effectiveness
throughout the early stages of research. It also helps with model monitoring. Figure 11 shows

how the model performs using different categories.

[ 1 metrics = model.evaluate(valid_processed, batch_size=4696, return_dict=True)
metrics

1221/1221 [==============================] - 46s 36ms/step - recall_at_10: ©.0483 - mrr_at_10: ©.0180 -
{'loss': 7.825489807128906,

'map_at_10': ©.017951054498553276,

'mrr_at_10': ©.017951054498553276,

'ndcg_10': ©.02496352046728134,

'precision_at_10': ©.004833637736737728,

'recall_at_10': ©.048336416482925415,

'regularization_loss': ©.0,

"total_loss': 7.025489807128906}

4

Figure 22: Model Evaluation
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4.5 Comparison between Traditional Collaborative filtering and Deep Learning
Collaborative Filtering Systems

Traditional recommender systems include collaborative filtering (CF) systems, which base
recommendations on previous interactions and user/item characteristics. The primary sources of
collaborative filtering suggestions are the user's item and profile information, and CF searches for
comparable audience preferences. These technologies do have some drawbacks, though. For
instance, the "cold start problem™ refers to a difficulty with irrelevant recommendations for a new
user who has just started using the system. Data sparsity can also be a challenge. Consider about
the thousands of products available on Amazon and the scant real interactions that a typical

consumer has with each one

While deep learning-based recommender systems can manage non-linear data processing, its
perform better than traditional ones. Non-linear transformation, representation learning, sequence

modelling, and flexibility are the major benefits of DL for recommendations.
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CHAPTER FIVE

Summary, Conclusions & Recommendations

5.1 Summary

All through the research, we thoroughly reviewed and worked on existing conventional
collaborative filtering methodologies to assess and understand the effectiveness of some of the
recommender systems employing at least four movie lens datasets systematically obtained from
Kaggle. However, we also offered a novel technique to enhance recommendation efficiency and
accuracy using a more modern and powerful algorithm. To accommodate a large volume of data
and to take advantage of the various valuable tools and platforms available to generate better

recommendation outcomes.

5.2 Conclusion

Through the DL recommendation system technique, the proposed methodology has made a
valuable contribution. Although relatively new and intricate, this could be a step toward a more
accurate and successful recommendation system process. This is significant since it improves

suggestion accuracy and can exploit huge data.

DL recommendation systems are effective and outperform conventional recommender systems.
This strategy is effective when there is a large amount of data available. Deep learning is widely
acknowledged as the most hopeful machine learning strategy for big data analytics, and both big
data and deep learning are fields that are expanding rapidly. As a result, the suggested improved

deep learning recommendation technique has the potential to be a very effective approach.

5.3 Recommendations

Extensive studies may look at a successful strategy that combines the two techniques described.
This could be a successful integrated approach that improves the validity of suggestions. The
system can start by training the model with a deep learning methodology or another way, and then

it can be upgraded with more data.
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