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ABSTRACT

Many E-commerce, Social Network, Entertainment sites uses recommendation system frequently
to increase their revenue. There are various methods of recommending an item to a specific user.
Collaborative filtering, content-based filtering are very popular. Matrix factorization is one of the
most widely used method to predict the ratings of an item whether to recommend it to a user or
not. But traditional matrix factorization only considers the user-item ratings matrix. It doesn’t
consider any extra information about any user or any item. Sometimes the information associates
with the item or user is very important to predict a rating of item by a particular user. To do so, |
propose a model which will consider the textual information about items and users provided with
the dataset. Thus it will be helpful to design a better and more accurate recommendation system

which will give almost accurate prediction of a missing rating.
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CHAPTER 1

INTRODUCTION

1.1 Introduction

Recommendation engine is applied by many social sites, online applications and ecommerce sites
and suggests music, film, articles or products. Research says that 10%20% revenue is increased
by recommendation. This is because, user does not know what to choose from a huge collection
of items. If some items are suggested, then he can easily pick one up. Thus, items or products get
noticed by users and their sale or rating increases.

Most popular techniques for recommendation engine are — Content based, Collaborative filtering
and their hybrid. Non-negative matrix factorization is another technique for recommending an
item. This technique considers the user-item ratings matrix and decompose it into two matrices
so that the multiplication of those matrix results in the previous matrix. It does so by considering
the user latent features and item latent features. But it doesn’t take into account the actual attribute
of user and items. The information about an item or a user remains unnecessary in this technique
to recommend an item. But in practical | know that the nature of an item and a user is a vital issue
for recommending an item to a user. A model is necessary to design which will take into account

user-item attribute.

1.2 Objectives of the project:

The main objective of this thesis is to develop a recommendation engine which will increase the
efficiency of rating prediction of an item given by a user. For this | use a modified version of non-
negative matrix factorization. This modified version will take into account the textual information
of user or item. Traditional matrix factorization only considers the user-item ratings matrix. The
attributes of a user or an item is ignored. But this attribute information is very much useful in
predicting ratings. By observing these attribute values, I can identify the nature of a user or an
item. But these facilities are absent in traditional matrix factorization. It only considers the latent
features. To give importance to both latent feature and actual attribute a modified version of matrix
factorization is proposed.

© Daffodil International University 1



1.3 Motivation

Recommendation systems help users to find and select items (example: books, movies,
restaurants& many other related items) from the massive number existing on the web or in other
electronic information sources. Given a huge set of items and a description of the user's needs, they
present to the user a small set of the items that are well suited to the description. Recent work in
recommendation systems contains intelligent aides for predicting and choosing web sites, news,

TV listings and other info.

Besides this, we see that today’s world is so much focusing on recommendation system. Users expect
everything that the better things will be recommended to them by the system. To make a system to be
recommendation capable must have the ability to take decision by itself. To take decision by itself must
need to have the data mining capability.

These made me interested to do such kind of research based work. My work is fully related with

machine learning techniques and has some data mining procedures too.

1.4 Rationale of the Study

In this study, | have worked for modification of Matrix Factorization to model a recommendation
system as well as recommend items for users. That means, a full recommendation model is my
scope of study. But | have not considered dynamically added users or items. | have worked with
fixed and previously given items and users. Also, I did not consider local or global optima for my

error testing due to computation complexity.

1.5 Research Question

e Will the recommender system be able to predict the ratings correctly?
e Will it be able to give importance to both latent feature and actual attribute?
e Can the Machine Learning process correctly predict Ratings?

© Daffodil International University 2



1.6 Expected Output

Expected outcome of this research based project is to predict movies for users correctly with respect to the
built model of trained dataset.

1.7 Report Layout

The report will be followed as follows

Chapter 1 provides the summary of this research based project. Introductory discussion is the key
term of this first chapter. Apart from, what motivated us to do such a research based project is
explained well in this chapter to. The most important part of this chapter is the Rationale of the
Study. Then, what are the research questions and what is the expected outcome is discussed in the
last section of this chapter.

Chapter 2 covers the related works and methods regarding to my project and very last the root
obstacles or challenges of this research are explained.

Chapter 3 covers the theoretical discussion on this research work. To discuss the theoretical part
of the research, this chapter elaborates the current and my proposed methods of this work And in

the last section of this chapter

Chapter 4 is related with the outcome of the whole research and the project. Experimental results
are presented in this chapter to make realize the project.

Chapter 5 is based on conclusion topics of the project. This chapter is responsible to show the
whole project report adhering to recommendation. The chapter is closed by showing the future
scope of others who want to work in this field.

© Daffodil International University 3



CHAPTER 2
BACKGROUND

2.1 Introduction

This chapter reflects the related works that already done by some researchers in the previous time
in this field. Besides, giving a clear explanation of this, this chapter will show what the limitations
of these works were and lastly, this chapter describes scope of our research as well as the challenges
of it.

2.2 Related Works

Very few works on this field has accomplished by this time though in the present time, working on this
field is increasing day by day. There are enough resources for recommender system.

2.2.1 Collaborative Filtering (CF)

Collaborative filtering (CF) is a technique used by recommendation systems. Collaborative
filtering is a technique of making automatic predictions about the interests of a user by collecting
preferences or likings information from many users. The underlying theory of the collaborative
filtering approach is that if a person A has the same view as a person B on an issue, A is more
likely to have B's view on a different issue than that of a randomly selected person. For example,
a collaborative filtering recommendation system for television tastes could make assumptions
about which movie a user should like given a partial list of that user's likes or dislikes. These
assumptions are specific to the user, but use information collected from many users. This differs
from the simpler approach of giving an average score for each item of interest, for example based

on its number of votes.

2.2.2 Content based Filtering

Another common approach when designing recommender systems is content based filtering.
Content based filtering methods are based on a description of the item and a profile of the user’s

preferences. In a content-based recommender, keywords are used to define the items and a user
© Daffodil International University 4



profile is built to indicate the type of item this user likes. In other words, these algorithms tries to
recommend items that are similar to those, that a user liked in the past or present. In particular,
various items are compared with items previously rated by the user and the best-matching items
are recommended. This approach has its origins in information retrieval and information filtering

research.

To abstract the features of items in the system, an algorithm can be applied. A commonly used

algorithm is the term frequency—inverse document frequency (tf-idf) representation.

These methods use an item profile (a set of discrete characteristics and features) describing the
item within the system. The system creates a content based profile of users based on a weighted
vector of item features. The weights signify the importance of each feature to the user and can be
calculated from individually rated content vectors using a variety of techniques. Simple methods
use the average values of the rated item vector while other sophisticated methods use machine
learning techniques such as Bayesian Classifier, cluster analysis, decision trees, and artificial

neural networks in order to estimate the probability of that the user is going to like the items.

By getting direct feedback from a user in the way of a like or dislike button, can be used to assign
higher or lower weights on the importance of certain attributes. (Roccio Classification

techniques).

An issue with content based filtering is whether the system is able to learn user preferences from
users’ actions regarding one contented source and use them across other content types. When the
system is limited to recommending content of the same type as the user is already using, the rate
from the recommendation system is significantly less than when other content types from other
services can be recommended. For example, recommending news articles based on browsing of
news is useful, but would be much more useful when music, videos, products, discussions etc.

from different services can be recommended based on news browsing.

© Daffodil International University 5



2.2.3 Recommendation Methods

Collaborative filtering(CF) is one of the most popular approaches taking advantage of user rating
history to predict users’ interests. CF method mainly involves user-based CF and item-based CF.
The basic knowledge of user based CF is to recommend the interesting items to the active user
according to the interests of the other users who have close relationships. Also, item-based CF tries
to recommend the active user the potentially interested items having close similarities with the
historical items that the active user likes. Although the wide adoption in many real applications,
e.g., Amazon, the effect of CF is sharply decreased for new users and items. This is partially
because when the rating matrix is very sparse, for new users and items, it is extremely difficult to
get the relationships between users and items. This limitation partially motivates us to consider
other relations between users and between items; if I can get the users’ or items’ relationships no
matter whether | have ample rating data, it may greatly improve the effectiveness of
recommendations. The semantic relations between items discussed in this paper can overcome the
limitation.

As per the most accurate single models for CF, Matrix Factorization(MF) is a latent factor model
which effectively estimates latent factor vectors of users and items. Specifically, MF approach
tries to decompose the rating matrix to user latent matrix and item latent matrix. Then the
estimated rating is predicted by the multiplication of the two decomposed matrices. With the
advent of social network, many researchers started to analyze social RS and proposed various

models integrating social networks.

Social friendship is an outstanding obvious factor to improve the effectiveness of
recommendation system. However, not every web site has social or trust mechanisms. This
explicit social gap strongly motivates us to explore other valuable relations between items and
between users to improve recommendation qualities. Indeed, the discussed semantic relations
between items in this paper are helpful for making reasonable recommendations over sparse

rating matrix.

© Daffodil International University 6



Content based techniques are another effective methods which recommend relevant items to users
according to users’ personal interests. Usually, attributes and free texts are the two kinds of
content in RS. Content based methods often assume that item’s attributes are independent which
is not always held in reality. Actually, several research outcomes such as have been proposed to
handle the challenging issues. However, these papers still did not consider the text information
as complementary content, which greatly encourages us to consider textual semantic relations

between items to improve recommendation algorithms.

2.3 Research Summary

In this section I have introduced with many terms related to this thesis. | have come to know about
data scarcity, I know about collaborative and content-based filtering. At the very last | have seen
some related works on this topic done by others earlier. This information will help us in the next
section of the paper.

2.4 Challenges

The main challenges of this work are dealing with the huge movie lens datasets.

Privacy: Feeding private/personal information to the recommender systems results in better

recommendation services but may lead to problems of data privacy and security.

Sparsity: The obtainability of huge size of data about items the file and the hesitation of users to

rate items to make an isolated profile matrix leading to less correct prediction.

© Daffodil International University 7



CHAPTER 3

RESEARCH METHODOLOGY

3.1 Introduction

This chapter mainly deals with the theoretical knowledge of the research work. It will give the
clear understanding of the concept of work. To make it more clear, very first, Research Subject
and Instrumentation is explained shortly. Then we know that in the data mining or machine
learning process. For this reason, data collection process is described in this section. The chapter
is being closed by giving the explanation of our project’s statistical theories and besides, giving

the clear concept of the implementation requirements.

3.2 Research Subject and Instrumentation

We mean by research subject is that research area that is being studied and researched for clear
understandings. Not only for clear understanding, but also research subject is responsible for giving
the right knowledge of various research parameters. On the other hand, Instrumentation refers to

the required instruments or tools that are used by the researchers.

3.2 Data Collection Procedure

To research on specific field, the fast and foremost thing is the Data. Data is, actually, considered
as the heart of the machine learning process. Movie-Lens data sets are widely used datasets for
Recommendation Systems. | have used 100k dataset from movie lens website. | have edited the
dataset for my project.

3.3 Theoretical Consideration
3.3.1 Gradient Decent & Stochastic Gradient Decent:

Gradient descent is an algorithm which reduces functions. In s given function defined by a set of
parameters, gradient descent starts with an initial set of parameter values and iteratively moves
toward a set of parameter values that minimizes the function. This iterative minimization is
achieved using calculus, taking steps in the negative direction of the function gradient. Gradient

© Dattodil International university 8


http://en.wikipedia.org/wiki/Gradient

descent is best used when the parameters cannot be calculated logically ( using linear algebra) and
must be searched for by an optimization algorithm.

Stochastic gradient descent (SGD), also known as incremental gradient descent. It is a stochastic
approximation of the gradient descent optimization and iterative method for reducing an objective
function that is written as a sum of differentiable functions. SGD tries to find minima or maxima
by iteration. Since Gradient descent is slow to run on very large datasets. As one iteration of the
gradient descent algorithm requires a prediction for each instance in the training dataset, it can be
time-consuming when we have many millions of instances.

In SGD, the update to the constants is performed for each training instance, rather than at the end
of the batch of instances. The first step of the procedure requires that the order of the training
dataset is randomized. This is to mix up the order that updates are made to the coefficients.
Because the coefficients are updated after every training instance, the updates will be noisy
jumping all over the place, and so will the corresponding cost function. By mixing up the order
for the updates to the coefficients, it harnesses this random walk and avoids it getting distracted
or stuck. The learning can be much faster with stochastic gradient descent for very large training
datasets and often you only need a small number of passes through the dataset to reach a good or
good enough set of coefficients.

Explanation:

Suppose, an objective function f(x) = ¥1-, fi(x) . | have to find optimum X that minimizes (x).
When used to minimize the above function, method would perform this iteration:

x=x—aVf(x)

When the algorithm sweeps through the training set, it performs the above update for each training
dataset. Several passes can be made over the training set until the algorithm converges. After this
is done, the data can be shuffled for each pass to stop cycles. Typical operations may use an
adaptive learning rate so that the algorithm converges.

Pseudo code:

1. Choose an initial vector of parameter x and learning rate
2. Recap until an approximate minimum is obtained:

© Daffodil International University 9
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I.  Randomly shuffle examples in the training set. Il.  For i
=1 ton, do:

x=x—aVf(x)

When the learning-rate « decrease with an appropriate rate, and subject to relatively mild
assumptions, stochastic gradient descent joins almost surely to a global minimum when the
objective function is convex or pseudo-convex and otherwise converges almost surely to a local

minimum.

3.3.2 Matrix Factorization (MF) :

Assume now | have 5 users and 10 items, and ratings are integers ranging from 1 to 5. So, the task
of predicting the missing ratings can be considered as filling the blanks (the hyphens in the matrix)
such that the values would be reliable with the existing ratings in the matrix. The perception behind
using matrix factorization to solve this problem is that there should be some latent features that
determine how a user rates an item. For example, two users would give high ratings to a certain
movie if they both like the actors or actresses in the movie, or if the movie is an action movie,
which is a genre preferred by both users. So, if we can discover these latent features, we should be
able to predict a rating with respect to a certain user and a certain item, because the features
associated with the user should match with the features associated with the item. In trying to
discover the different features, | also make the assumption that the number of latent features would
be smaller than the number of users and the number of items.

MF decompose the rating matrix R into P and Q such that:

R = P*QT where P = user*K and Q = movie*K K must be

less than number of user and movie.

To obtain optimum P and Q, | have to minimize the error defined as:

e?==|R—PxQ"?

© Daffodil International University 10



For reducing the error, | have to know in which direction I have to adjust the values of P and Q. In
other words, | need to know the gradient at the current values and therefore | differentiate the above

equation with respect to these two variables separately. So, this the objective function.

For avoiding over fitting regularization, a new parameter f is introduced for this. Now the
objective function is like

min1 B 2 2
L=p g3 ZancRui—pudi) +5 (1Pl +|lQI]) (1)

The new parameter 3 is used to control the magnitudes of the user-feature and item-feature vectors
such that P and Q would give a good estimation of R without having to contain large number. To
learn P and Q, stochastic gradient decent (SGD) is often applied to optimize the objective function
in eqnl. The derivatives of the L with respect to P and Q is as follows:

aL
aq: =2u Iu,ol- (pqu - Ru,o[-)pu + Bq; )
% = Zﬂi I, (puq{ - Ru,o,-)Qi + Bpu (3)

P and Q will be updated using the following equations.

pu< put ((Ru— ) — Bpw) 4)

qi « q; + a((Ryo, — Pud! )Pu — BQ) ()

Algorithm:
1.Initialize:

Initialize P and Q randomly

© Daffodil International University 11



2. Repeat until converge for i in all user for j in all
movie if R[1][j] > 0: eij = X[i][j] - P[I,:]*
Q[:i]
#compute the gradient from the error for k = 1 to
K:

PLJ[K] = PLi][K] + a(eij * QIKIL] - (8 * PLI[KI))
QLK]D] = QIKIL] + aei) * PLi][K] - (B *QIKILD)

3. Calculate Error error = 0 for i in all user for j in all
movie if R[i][j] > 0:

error += (R[i][j] — (P[i, : ], Q[:, j]))?
4. return P, Q. T

In this MF model, semantic relationship among items are ignored. It only considers the user-rating.
The existing MF algorithms have still not fully taken the essential relations between items and
users, especially the semantic relations. Therefore, | mix the semantic relations between items into

MF to improve the performance of the system.

3.4 Proposed Method

Matrix Factorization has been used widely used technique to recommend an item to a user. It does
so by decomposing a matrix into two matrices. The multiplication of both matrices will
approximate to previous one. But it has some limitations. In this chapter, | shall discuss how
traditional MF works, where it has limitations. Then | will discuss my proposed model, how it

works and how it improves performance.

Methodology:

The notation used in my experiments are as following:
X = term frequency matrix

R = Rating matrix of dimension user*movie

Each element r;; means the rating on item j given by user i.

© Daffodil International University 12



Alpha, ¢ = learning rate which is multiplied with gradient decent.
Beta, g = bias controlling parameter

Lambda = Control semantic relationship among item

Now I shall explain my proposed modified method of matrix factorization. The semantic relation
between items is computed first according to textual matrix factorization. Then items’ semantic

relation and users’ rating are combined together. This model is advantageous in following aspects:

1. The semantic relations between items are analyzed by the first application of matrix
factorization, which are able to remedy the problem of lacking informative rating

knowledge, further to improve quality of recommendation.

2. Users’ subjective rating is also combined in the learning modem by second

application of matrix factorization.

Obtaining similarity of items:

Similar to basic non-negative MF, a textual MF is applied on term frequency matrix X. X is
obtained by term frequency. In my dataset, term indicates the genres or categories of movies. Rows
of X represents words i.e genres and columns of X represents the sentences i.e number of movies.
Each value xi; of X represents the value of words or genres for item i. Matrix X is decomposed
into A and B. Dimension of A is term*k and that of B is movie*k where k = number of latent
feature. Here, | have used nonnegative MF. A non-negative MF is same normal MF except that, it
factorizes a matrix into two matrices which do not contain any negative value. It makes the
resulting matrices easier to inspect. Also, in applications like processing of audio spectrograms of
muscular activity, non-negativity is inherent to the data being considered.

Now semantic similarity between item oi and oj is calculated by using cosine similarity of

sentence i.e movie i and movie j.

Semantic similarity is a metric defined over a set of documents or terms, where the idea of distance
between them based on likeliness of their meaning or semantic content as opposed to similarity

which can be estimated regarding their syntactical representation. These are mathematical tools

© Daffodil International University 13



for estimating the strength of the semantic relationship between units of language, concepts or
instances, through a numerical description obtained according to the comparison of information
supporting their meaning or describing their nature. | have obtained similarity from decomposed

matrix B which contains the item features. It is calculated according to following equation:

B B BBy
S(Oi, 0,-) = S(si_sj) =cos < B;B; > = |1B:1]11B1| ©

Now how relationship between items is incorporated with a traditional matrix factorization will
be discussed. Again, | apply MF on rating matrix but this time the update of decomposed matrix
will be different. Semantic relationship will be now added during updating P and Q. The learned
rating values should be as close as possible to the observed rating values, and the predicted item
profiles should be similar to their neighborhoods as Ill, which are derived from their semantic
relations. textual MF models relations between words and sentences by accommodating the

impact of missing words, which improves the performance of semantic analysis.

Objective function:

The objective function is a equation to be optimized given certain condition or no condition and
with variables that need to be minimized pf maximized using non-linear programming techniques.
An objective function can be the result of an attempt to express a business goal in mathematical

terms for use in decision analysis, operations research or optimization studies.

The objective function of my proposed method is:

1 = 2 B 2 2 1
Lu = Ez{u,oi)fK(Ru,oi - Ru,a;) + E (“P”F + ||Q||F) + EZO,-(QE -
2o, S(o,, 0;) q:)(q; — Zojs(oi: Oj) q)” (7)
As | can see, semantic relationship and user rating preference is combined here. So, rating is

predicted by both of them.
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Update Of P,Q
| have to find optimum values for P and Q such that the value of objective function is minimum.
| can do it by partial derivation. It is assumed that partial derivation is equal to zero,then the

derivation is solved for P and Q.

The partial derivatives of my objective function with respect to P and Q are

alLy
i = Zoi Iu,oi (puq'{ - Ru,o,-)fh' + BPu (8)
aL
a_ql: = Zu Iu,o; (puq’{ - Ru,o;)pu + ﬁqi + 4 (QE Zoi S(Ob Oj) qj) -
AZo,— S(Oi, Oj) (Qj - Eok S(Oj, Ok) Qk) 9)
The derivatives are solved and | find the equations of P and Q. P and Q will be update as
follows:
Pu < Pu + a((Ru,i - puq'{)qi - ﬁpu) ( 10)
qi < qi + a((Rui— puqri)pu— Bqi— A(qi— Y.0iS(0i, 0j) qj)+
A Y0;(0i, 0j) (qj — Yok (0j, 0k) qk)) (11)

| also have used bias in my method. For example, | can assume that when a rating is generated,
some biases may also contribute to the ratings. In particular, every user may have his or her own
bias, meaning that he or she may tend to rate items higher or lower than the others. In movie
ratings, if a user is a serious movie watcher, he or she may tend to give lower ratings, when
compared to another user who generally enjoys movies as long as they are not too boring. A

similar idea can also be applied to the items being rated.

Hence, in the equal of predicting a rating, | can also add these biases in order to better

model how a rating is generated

Ru =b + [u] + [i] + puqi (12)

Here b = global bias b_u = user bias and b _i

is item bias.
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Using similar equation mentioned in eqn4 and 5, b_u and b_i is updated.

The update rule for bias is
bu[u] < bu[u] + a(ewi— Bbu [u])
bi[i] < bi[i] + a(euwi— Bbi[i])

So, my procedure starts with factorizing the term frequency matrix X. When P and Q is learned,

rating can be predicted by eqnll.

Algorithm of Modified MF:

1. Initialize: Initialization: Initialize P
and Q with random number from normal

distribution

2. While ((L+1— L) < €) For all genre

of a movie

For all movies

Compute and update A and B using equation mentioned previously

3. Computer similarity from B
4. Repeat until converge for u in all user
for i in all movie if R[u][i] >0:

eui = Rui — puqi
#compute the gradient from the error

Pu = pu+ a(euiCIi— (ﬁpu))
qi=qi+ a(eupu— Lqi— A (qi— YX0;S(0i, 0j) qj) +

A ¥0;5(0i, 0j) (qj — XoxS(0j, 0k) qk))
5. Calculate Error error = 0 for i in all

user for j in all movie if R[i][j] > O:
error += (R[i][j] = (P[i,: ] * Q[:,j]) 26. return P, Q.T
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Complexity.

More time is consumed when P and Q is being learned. Because for each iteration before
convergence, for each item and user the gradient decent is computed. The complexity during
learning latent feature of P and Q is then O (N*K*n + N*K*n*n) where n is number of neighbor
for each item, N is the number of given rating in training set of data and K is the number of latent
feature.

3.5 Implementation Requirements

After the proper analysis on all necessary statistical or theoretical concepts and methods, a list of
requirement has been generated that must be required for such a work for building a
recommendation system. The probable necessary things are:

Hardware/Software Requirements

e Operating System ( Windows 7 or above)
e Hard Disk (minimum 256GB)
e Ram(more than 2 GB)

Developing Tools

Python Environment
Anaconda

Pycharm

Notepad ++

CMD
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CHAPTER 4

EXPERIMENTAL RESULTS AND DISCUSSION

4.1 Introduction

This chapter 4 mainly focuses on the descriptive analysis of the data used in the research as well

as the experimental results of my project.

4.2 Dataset & Data format

| have used movielens 100k dataset. It contains 100000 ratings of approximately 8927movies given
by 718 users. The ratings are in range of 0 to 5. Each user has given at least 20 ratings. The movie
titles, categories are also provided here in a different file. Ratings.csv file is the rating file. Every
line of this file represents one rating of one movie by one user and has the resulting format: userld
, movield, rating, timestamp.

Movie information is contained in the file movies.csv. Each line of this file after the header row

represents one movie, and has the following format: movield , title , genres

Data Format:

Table 1: Format of data set

User id Movie id Ratings Timestamp

Data Statistics:

Table 2: Data statistics

No. of users No. of movies No. of Ratings

718 8927 100000
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4.3 Experimental Result:

Data has divided into training and test sets. Training set has 75% data and test set has 25% data. |
also have construct term document matrix (TDM) using term frequency of movie from movie
description. This TDM is used to obtain similarity matrix of movies which is needed in update of
Pand Q.

| have used root squared mean error in my experiment.

1 "'N2
Root mean square error, RMSE = Vi T Reese (Fui = Tut)

Where Rtest IS the test set. The error is calculated for non-zero value of Reest.
For comparing my method, | have taken user-based CF, item-based CF, SVD and conventional

MF.

In my experiment I have set Latent feature K 8 and it is fixed. Again, Due to time complexity, |

could not check for different values of K.

Comparison of Results:

| have obtained errors of user and item-based CF and SVD by implementing these separately. It is
seen that, for the given data, rmse of user-based CF is 3.1225 and my proposed method gives rmse
of 1.03 that means 67% improvement. Item based gives rmse of 3.4487. My TDM based MF gives
70% better result.

SVD has rmse of 2.7131 using MovieLens 100k data. So my result is 62% better than SVD. For,
SVD I have set latent feature 8. And For Modified MF, I have used 8 latent features.

The improvement is the contribution of similarity of item categories.

In table 3, the summary is given:
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Table 3: Format of data set

Metric User-Based | Item-Based | SVD TDM-
CF CF Similarity
based MF
RMSE 3.1225 3.4487 2.7131 1.03
Improvement 67% 70% 62%

4.4 Statistical graphs

The following graph shows the error with increase of iteration. But since we have taken few number
of iteration, our result may not be in global optima. This graph shows, that after first 3 iterations, error
decreases and then error increases (Test&Train Data). So, from this curve, the error is minimum for 3

iterations.

“esan Test Error

3 i .

—_— i

Train Error

Error Rate
[
1

Iterations
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Impact of alpha:

Alpha is learning rate. The fraction of gradient decent to be taken is defined by alpha. Larger value
of alpha indicates a larger contribution of gradient decent. To find optimum value of alpha, | have
tested for different value of alpha in range 0.0002. The optimum value for which rmse is smallest

is 0.0010. From fig 4.1 1 can see the impact of alpha. Iteration number is set to 10.

1.010

1.005

1.000 4

995 4

980 T T T T T T T T
0002 0004 0006 0008 0010  pp12  .0014 0016  .0018

Figure 4.1: Impact of Alpha
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Impact of beta:

Beta is a parameter that is used for regularization. It controls the magnitude of user and item
feature vectors. It is usually set to an order of 0.02. To get optimum value of beta, | have test for
values in range 0.02 to 0.18. | have set iteration 10 while testing for beta. From the graph, | see

that, beta = 0.12 is optimum value.

1.010 R

1.003 -

1.000

0.995

09390

0.985

0.980 T

0873 A

09870. | 1

Figure 4.2: Impact of beta

Impact of lambda:

Value of lambda effects the relationship among movies. The higher the lambda, the higher the
impact of similarity betlen movies. | have checked the rmse for different values of lambda. For a
certain value of lambda, the iteration will continue until the rmse converge. | have taken lambda

in range of 0 to 1. The test for different values of lambda is done to get optimum value of alpha.
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And from fig-4, | see , optimum value for lambda is 0.2 for which rmse is smallest. | have set

iteration = 30 while testing for lambda.
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Figure 4.2: Impact of beta
4.4 Summary

| have discussed performance of proposed method. The result shows that my method works much
better than some Ill-known conventional method for the MovielLens dataset which is a sparse

dataset.
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CHAPTER 5

SUMMAY, CONCLUSION, RECOMMENDATION AD IMPLECATION
FOR FUTURE RESEARCH

5.1 Summary of the Study

In my experiment, | have proposed a modified version of MF where MF is used twice. Once MF
is used to get feature vector from term document matrix. Then again MF is used to obtain two
feature matrixes from rating matrix. Thus, two-time MF is applied. A decomposed matrix
representing item feature is used to obtain similarity matrix of movies. Then this similarity is used
in traditional MF with regularization and biases. Regularization helps to prevent over fitting and

biases give better results. | have used a real data set in this experiment.

5.2 Implication for Further Study
Because of time complexity, | could not check the code for more parameters and | also could not

use more iteration.

So, more iteration can be applied and also a larger data set can be used in this experiment if there

is enough technical support.

5.3 Conclusion

Although I Could not use a larger dataset because of lacking of technical support but I hope it will

be very beneficial to the future researchers to do such kind of research on recommender systems.
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