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Abstract

Recommendation systems are a prominent approach for users to make informed automated judgments. In terms of
movie recommendation systems, there are two methods used; Collaborative filtering, which is based on user
similarities; and Content-based filtering which takes into account specific user’ s activity. However, there
are still issues with these two existing methods, and to address those, a combination of collaborative and
content-based filtering i1s employed to produce a more effective system. In addition, various similarity
methodologies are used to identify parallels among users. This paper focuses on a survey of the various tactics

and methods to find solutions based on the problems of the current recommendation system.

Keywords: Movie recommendation system, Content based filtering, Collaborative filtering, Matrix factorization

1. Introduction generation techniques to achieve our expected
A recommendation system is a system that is result.

widely used in many areas such as e-commerce. For This paper is divided as follows; Section 2
example, 1f a customer goes to a store and buys a will discuss the related work in the
plate, then the seller asks, “Mr./Ms., did you recommendation system. Section 3 and 4 will
not buy tea? The tea is very good today. It has explain the challenges and problems in the
been brewed.” They could easily provide advice current movie recommendation system. Section 5
and guidance on the customer's purchases. But, if will present the solution. And finally, the
the customer buys an item online, how can they concluding remark in Section 6.

provide effective service in offering the right
2. Related Work

The term recommendation system covers a broad

product? If we can present products based on the

customer’ s preference, online shopping sales

will surely grow significantly. Therefore, we Spectrum of topics that are applied in various

proposed a system that will equip recommendations. fields. It is employed in a wide range of real-

This paper focuses on the movie recommendation World applications, including entertainment, e-

system, so our main purpose is to give the most CoOmmerce, services, and social media [1]. In the

relevant movies suitable for the user. Here, we ecntertainment —industry, it is extensively

used matrix factorization and candidate utilized when watching movies or listening to
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music. The following related works are some of
the other applications that use a recommendation
system.

e Movie Recommendation: MNetf/ix uses algorithms

for recommending movies according to their
interest.
e Music Recommendation:  Pandora uses the

properties of a song or the artist.

e News Recommendation: Various applications
that provide news recommendation can be
Google News or Apple news.

3. Challenges in the current system

The recommendation system faces numerous

challenges, such as cold start problem, data

sparsity, and scalability.

e 4 cold start problem i1s when the system 1is
not able to recommend items to the users. As
for every recommender system, it 1s required

to build a

users’

user profile by considering
the user profile is
the

behaviors they perform in the system [2].

preferences. So,

developed based on activities and
e Data sparsity 1s the term used to describe

the phenomenon of not observing enough data
Also,

similar

in a dataset. difficulty of finding

enough reliable users, since in

general, active users rated only a small
portion of the items.

e Scalabrlity is where the amount of data used

in the

growing quickly as more users and items are

added [2].

as input recommendation system 1is

3.1. Technical Review
There
recommendation systems;

are two techniques mostly wused in
Collaborative filtering
and Content-based filtering.
3.1.1. Content-based Filtering

Content-based filtering is a type of system
that attempts to guess what a user may like based
on its activity. It uses attributes such as genre,
description, etc. to make
[3]. the

content-based filtering is to recommend an item

director, actors,

suggestions In figure 1, idea of

based on a comparison between the content of the

items and the user profile. For example, a user

might receive a movie recommendation according to
the description of other movies. Therefore, it is
easier for a content-based approach to recommend

o Read by user
Y
N
~

new items.

=5

) Similar articles
~.
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Recommended
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Figure 1: Content-based Filtering

Also,
explain why the recommendation

1t provides a content feature that helps
is being made.
However, finding a particular feature like images
or movies of any genre can be a problem. In
this
problem. The users have never recommended outside

general, 1s called an over-specialization

the wuser profile, so it 1S easy to miss
recommending items since there 1is not enough
information about it [4].
3.1.2. Collaborative Filtering

Collaborative filtering finds wusers whose
likings are similar to another user. Then, it

recommends an item or product, assuming that the
other wuser would also consider the suggestion
with a comparison with another user who also
shares the same preferences. It means this method
matches users with the same interest and gives

recommendations based on their likes [5].

Read by both users

o=

Bf,imilnr users O
ad

Read by her,
recommended to him!

Figure 2: Collaborative Filtering

The theory behind collaborative filtering is to
work in collaboration with the user or movie id.
For example, in figure 2, there are two users
Alice and John. Alice like movies A, B, C, and D,
while John likes movies C and D. Since movies C
and D are common to Alice and John, movies A and
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B will be recommended to Alice [5].

4. Problems in the current Recommendation System
Many open-source recommendation systems are

available on the internet. Most of them have
their own functions such as Candidate Generation,
where the current customer selects the product
that the customer will like out of the tens of
thousands of products. Another is the selection

of tens of items from hundreds of products and

advising the customer, this is called the Ranking.

recommendation systems differ based
this
emphasize a movie recommendation system that 1is
both of the
mentioned above to address problems such as; (1)

Basically,

on the functions wused. In paper, Wwe

designed to support features
information overload for the users due to number
of choices sets with irrelevant videos that’ s

quality of the video
(2) And user-item dataset that

that the

affecting the
recommendat ions.

1S so sparse recommendation system

cannot properly learn the user—-item relationships.

5. Solution to in the

Recommendation System

the problems current

We can see the Candidate Generation feature
to build a
implemented a

utilized in the proposed system. So,
candidate generation model we
Neural network-based matrix factorization type.
The main function of the matrix factorization
type is to model which function to predict, so
important when performing this

input data 1is

function.
5.1. Candidate Generation

Figure 3 explained the general structure of our

recommendation system. Two neural networks are
used in the system: one for candidate generation
and the The

generation network uses events from the user s

other for ranking. candidate

movie history to get a tiny subset (hundreds) of
videos from a vast corpus. These candidates are
meant to be highly precise while being broadly
relevant to the user. Only collaborative
filtering allows the candidate generation network
customization. The main

to deliver extensive

input data used for movies is the movie 1D,

search query, and demographic information [8]. To

identify relative importance among candidates

with strong recall, a fine-level representation

is required when presenting a few  “best”
recommendations in a list.
‘ User History and Context |
millions C::er:aui:n hundreds Ranking W

Figure 3: Recommendation System Architecture

Meanwhile, the ranking network achieves this
by giving each video a score based on a specified
objective function and a large number of
characteristics that describe the video and the
user. The wuser 1is shown the highest-scoring
movies, which are ranked by their score. The two-
stage approach to recommendation allows us to
make recommendations from a big corpus of movies
(millions) while trusting that the limited number
that

personalized and entertaining to the user.

of movies appear on the device is

5.2. Matrix Factorization
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Figure 4: Matrix Factorization

that the most important

output from matrix factorization is the scoring

Figure 4 explains
of items for the user, as well as learned user
and item embedding. Additionally, learn embedding
can be used for other transfer learning, also in

a re-ranking section [8].

As a result of our training using Candidate
Generation, we found that the strategies used in
the offline evaluation were different from those
used in online serving. According to the paper,

the offline evaluation focuses on precision
training and model training. While, it is said
that A/B testing 1is wused to model online

evaluation. Although, offline and online results
were not directly affected [9].
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5.3. SoftMax Formula

We the
multiclass classification to address the accuracy

present recommendation as extreme

in prediction problem wherein it classifies a

video watch wy at time £ among millions of videos

i from examples ¥ based on a user U and a
context €, as expressed below [10].
vy
Plw, ={|lUC)=
':1-1»: | ] hiE‘EE‘LJ u
In the above equation, embedding is simply

So
the deep neural network's task is to

mapping sparse entities into a dense vector.
basically,
learn user embedding u as a function of the
user's history and context that can be used to

categorize Dbetween videos using a SoftMax
classifier. Additionally, we use the implicit
feedback mechanism to train the model that is
based on watches instead of the explicit

mechanism which 1s already been wused in a
streaming platform such as YouTube. The reason is
it 1s available and can generate recommendations
in situations where explicit feedback is very
rare.

When we calculate the scoring, we use the
[10]. SoftMax

calculating the probability of the relevant class

SoftMax formula is a formula for

for multi-classification; adding the probability
of all these classes adds up to 1. Therefore, the
this
scoring. The result of this Candidate Generation

probability of formula can be wused as
is user, content embedding, and movie embedding,
so 1f we can input the user and content pair into
the model,

scoring. We can recommend relevant movies to the

we will get the relevant movie and

user without overwhelming them with information.
As a result, we can solve the above two problems
utilizing the three techniques as we expected.

6. Conclusion

Movie recommendation systems have shown to be
the most effective means of tackling the problem
of information overload. They assist in decision-
making by conserving time and energy. Future work
will focus on improving the existing methods and
testing used in the recommendation systems to

increase prediction, scoring, and recommendation

quality.
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