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In today’s era, people are suffering from some common problems like stress, depression, anxiety, 

discouragement and pessimism due to busy work life. Thus, a sprinkle of entertainment in life is a basic 

necessity to boost lives with some fresh energy. From long ago movies are considered as a great source of 

entertainment. The immense growth of the internet, mobile devices, and e-business lead to the tremendous 

growth of data. As a result, the searching process becomes very tedious and time consuming, which leads to 

the development of a system that can filter out information based on the user’s requirement and priority. 

Recommendation systems are an effective information filtering tool, which constantly observes the behavior 

of users and provides recommendations according to their interests and preferences. This paper presents a 

preliminary survey on various movie recommendation approaches like content-based filtering, collaborative 

filtering, and hybrid approach. It also discusses various drawbacks of these approaches and mainly focuses 

on an autoencoder based deep learning approach to enhance the performance of recommendation systems. 

 

KEYWORDS: Movie, Recommendation System, Content-Based filtering, Collaborative filtering, Hybrid 

approach, Autoencoder, Deep learning 

 
Copyright © 2014-2020 International Journal for Modern Trends in Science and Technology  

All rights reserved. 

 

I. INTRODUCTION 

Entertainment brings happiness, which is a 

powerful medicine that adds good health and 

wellbeing in one‟s life. In this age of the internet, IT 

and mobile devices the craze of e-commerce and 

live streaming is increasing exponentially. The 

streaming services like Netflix, Amazon Prime, 

YouTube, Hulu and many more are considered as a 

vital source of Entertainment. As per the survey, 

80% of people and especially the young generation 

prefer to watch television shows and movies via 

different applications instead of cable TV due to 

mainly two advantages: Firstly, it offers VOD (Video 

on demand) service and secondly, it provides a 

wide variety of great content. For example, in 2017 

Netflix subscribers collectively watched more than 

140 million hours per day and roughly 80% of 

hours were influenced by their proprietary 

recommendation system [1]. A recommendation 

engine is an intelligent system which main 

objective is to analyze the historical behavior of a 

user and based on their likes and dislikes it 

provides some suggestions according to the user‟s 

taste and preferences. Content based filtering, 

collaborative filtering, and hybrid approach are 

basic and widely used techniques of RS. These 

traditional techniques suffer from several 

challenges such as cold start, data sparsity, 
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scalability, and Overspecialization. Thus, these 

approaches need some improvement that can 

reduce the challenges and enhance the capabilities 

for better recommendation quality. 

In recent years, deep learning becomes very 

popular in fields of image processing, data mining 

and especially machine learning. Due to its 

state-of-art- performance and high-quality 

recommendations, deep learning techniques have 

been gaining momentum in RS. Compare with 

traditional recommendation techniques, deep 

learning provides a better understanding of user‟s 

demand, items characteristic and historical 

interactions between them [1]. In this survey, I 

mainly focus on an autoencoder based deep 

learning approach to enhance the performance of 

traditional recommender systems. 

II. LITERATURE REVIEW 

A. Overview of Recommendation System  

Given a set of users U and a set of items V, a 

recommender system is designed to recommend 

items to the users according to their purchase 

history or past ratings. Mostly, a recommendation 

system recommends items by either predicting 

ratings or providing a ranked list of items for each 

user.RS works based on three important stages, 

data selection, similarity decision and prediction 

computation [2]. Depending upon the type of input 

used to make a recommendation, 

recommendations systems mainly classified into 

the following categories: content-based 

recommender systems, collaborative filtering 

recommender systems, and hybrid recommender 

systems.  

 
Figure 1: Classification of recommendation system 

 

a.) Content Based Filtering  

RS is based on item description. It identifies a new 

item for a particular user based on the user‟s 

interest in the items in the past. CB works in two 

steps: Firstly, it stores a user profile based on item 

features that are most commonly liked by the user. 

Now, these features are used to map the similarity 

of one item with another by using a different 

similarity measure. This model does not require 

any feedback from the user and sometimes a single 

preference is enough to recommend many items to 

the user [3-4]. For a movie RS user‟s profile is 

analyzed based on different features of items like 

genre, actor, director, singer, age and location of a 

user, etc. This technique makes use of K-means 

algorithm through Euclidean distance or cosine 

similarity to find how similar two movies from each 

other [5].  

Limitations:  

• Over-Specialization: The Overspecialization is 

that when the user is prohibited in getting 

recommendations that are similar to their profile.  

• Limited Content Analysis: This is only a few 

keywords are not sufficient to provide accurate 

recommendation, it requires a rich description of 

items and well-organized user profile.  

 

b.) Collaborative Filtering  

It is the most popularly used recommendation 

technique. CF makes use of a dataset of user 

ratings given by user i for item(movie) j to predict 

ratings for a movie which is not yet seen by a user 

and based on predicted ratings it provides 

recommendations that a user might like. The 

model can be expressed as rating matrix of m × n, 

where m is number of users (U1, U2, U3,...., Un) 

and n is number of items (I1, I2, I3,...., In) this is 

movies in our case [3].  

CF is divided into two categories, Memory-based 

and Model-based filtering.  

i). Memory-Based Collaborative Filtering: This 

model requires the user to explicitly rate the 

movies and based on that, similarity is calculated 

between either users or items. To calculate 

similarity different similarity measures like 

Euclidean distance [6], Cosine similarity [6], 

City-Block distance [6], Pearson correlation [6] are 

used. This technique is mainly classified into two 

types:  

• User-based CF: In this, the similarity between 

different users is determined to provide 

recommendations. The idea is to find top k similar 

users of user A and compute a weighted average of 

ratings for each group [7].  

• Item-based CF: In this, the similarity between two 

items is determined. The idea is to find top k 

similar items of item A based on user ratings and if 



 

 
212     International Journal for Modern Trends in Science and Technology 

 

 

Vaibhavi Bhatt, Bhavesh Tanawala and Kirtikumar J. Sharma, “A Study on Autoencoder based Technique in Modern 
Movie Recommendation System” 

user X like item A then similar items to A will be 

recommended to X [7]. 

ii). Model-Based Collaborative Filtering: In this, 

different machine learning and data mining 

methods like decision tree, Bayesian model, 

association rule, latent factor, clustering, artificial 

neural network, matrix factorization, SVD [3] are 

used to predict the user ratings for unknown 

movies.  

iii). Hybrid: It is a combination of memory-based 

and model-based CF. It can overcome the 

limitation of CF like sparsity [3].  
Table 1. Advantages and disadvantages of various 

collaborative filtering approaches 

CF 
technique  

Algoused  Advantages  Limitations  

Memory 
based 
Collaborativ
e filtering 

 User 
basedCF 

 Item based 

CF  
(based on 
nearest 
neighbor 
eg. KNN) 

 Simple to 
implement 

 Easy to add 

new items 
and update 
database 

 Suffers 
from cold 
start for 
new user, 
problem of 
sparsity 
and 
scalability 

for large 
dataset 

Model 
based 
Collaborativ
e filtering 

 Data 
mining 

and 
machine 
learning 
algorithms  
(mostly 

based on 

dimension

ality 

reduction 

eg. SVD) 

 Convert 
large high 

dimensional 
dataset into 
low 
dimension 

 Can handle 
the issue of 
sparsity and 
scalability 

especially in 
dealing with 
large sparse 
dataset 

 Sometimes 
information 

may lose 
due to 
dimensiona
lity 
reduction   

 Difficult to 
implement 

Hybrid 
Collaborativ

e filtering 

 Combine 

both 

memory-b
ased and 
model-bas
ed CF 
algorithm 

 Overcome 

the 

limitations 
of 
traditional 
CF such as 
sparsity and 
cold start  

 Provides 

better 
prediction 
performance 
compare to 
traditional 
CF 
approaches 

 Increase 

complexity 

 Expensive 
to 
implement 

Limitations:  

• Cold Start: Initially, for a new user it is difficult 

for a system to provide a good recommendation 

because model does not have sufficient information 

about user‟s preferences, which results as a cold 

start for a new user.  

• Sparsity: When for large-item set the majority of 

the users do not rate most of the item, the 

user-item matrix becomes spars, so that such 

items cannot be recommended until some users 

rate them, which results in poor recommendation.  

• Scalability: This issue may arise due to a large 

real-world dataset. Because for extremely large 

dataset it is difficult to produce satisfactory 

results.  

 

c.) Hybrid Approach  

This technique combines the advantages of two or 

more filtering techniques to overcomes their 

limitations [3]. Hybrid filtering is commonly 

centered on probabilistic or bio-inspired methods 

such as fuzzy genetic, Bayesian networks, 

clustering, neural networks and latent features [8]  

B. Dataset for Movie Recommender System  

Various sources provide movie dataset which may 

useful in movie recommendation system. One can 

also generate their own customize dataset. Here, I 

have mentation the most popular and commonly 

used dataset by a majority of researchers in the 

area of movie recommendation  

MovieLens dataset: This dataset was published by 

the GroupLens research group at the University of 

Minnesota. MovieLens is a collection of movie 

ratings and comes in different sizes where size 

refers to the number of ratings contained by 

dataset, for eg. MovieLens 100K, MovieLens 1M, 

MovieLens 10M, MovieLens  

20M, etc. MovieLens is the most commonly used 

dataset in the research of movie recommendations. 

The data provided by movieLens has been collected 

over the past 20 years from students of university 

and people on the internet. MovieLens has a 

website where you can sign up, contribute your 

ratings and can receive recommendations.  

Netflix dataset: This is the user-movie rating data 

used in the Netflix Prize competition. The dataset 

consists of about 100 million movie ratings 

provided by 480,000 people for 17,000 movies.  

C. Related Work  

A lot of work has been done especially in the movie 

recommendation field. Social networking sites like 

Google, Facebook, Amazon, Netflix gain a lot of 

attention and becomes so successful due to their 

extraordinary recommendation system. Anuranja 

n Kumar, et al [6] provides a comparative analysis 

of various Metrics Used in collaborative filtering for 

recommendation systems such as Euclidean 

Distance, City-Block Distance, Tanimoto 
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Coefficient, Pearson‟s Correlation and Cosine 

Similarity. Ashish Pal, et al [2] provides an 

improved content-based collaborative filtering 

algorithm for movie recommendations which uses 

a hybrid approach, where hybrid content 

recommendation produced better MAE values and 

improved the sparsity of the dataset between 12, 

the results may vary when tested with a larger 

dataset. S. Rajaraj eswari, et al. [5] proposed a 

system in which they have performed a 

comparative study on different techniques in movie 

recommendation systems and came up with a 

hybrid recommendation algorithm to overcome to 

the problem of cold start. Tapestry was the first 

person who built a recommendation system based 

on CF, in which he first collected the user‟s rating 

given by different users implicitly or explicitly. And 

then provided ratings for an active user using CF 

[9]. Mukesh Kumar, et al. [9] proposed a model for 

item-based collaborative filtering in movie 

recommendation, which is quite dynamic and can 

regenerate fresh recommendation based on the up- 

dates done by the subscribers in real-time. This 

system is more suitable for large dataset but model 

accuracy is somewhat low as compared to 

contemporary recommendation models. Yassine 

Afoudi, et al. [10] provides a study on the impact of 

feature selection on content-based 

recommendation system. This paper used different 

feature selection methods with different similarity 

measurements.  
Table 2. Comparative study on related works and 

algorithms 

Techniqu
e 

Algorithm Drawback Remarks 

Content 
based and        

Collaborativ
e filtering  

K means For a larger 
dataset, if an 

initial partition 
is not proper 
then efficiency 
will decrease 

 

Memory 
based CF 

User based It increases 
computational 
cost as the 
number of 
users are 
generally 

higher than the 
number of 
items in the 
system, easy to 
game 

Compare to 
content-base
d technique 
it is more 
accurate  

Model 
based CF 

KNN  Not suitable for 
a highly sparse 
dataset 

 

Model 
based CF 

Decision 
tree 

For item 
evaluation, 
recommendatio
n list needs to 

Provides 
better result 
compare to 
other 

examine each 
time, Not work 
well if dataset 

consists of 
highly 
correlated 
items 

classifiers 
like SVM 

Model 
based CF 

Bayesian 
classifiers 

Not suitable for 
rapidly 
updated 
system 

Works well 
for noisy 
data  

Model 
based CF 

Matrix 
Factorizatio
n  
(eg. SVD) 

Not work well 
for a nonlinear 
dataset, the 
model building 
process is 

computationall
y expensive  

Solves the 
issue of 
scalability 
and sparsity 

 

III. AUTOENCODER FOR RECOMMENDATION 

SYSTEM 

A. Autoencoder  

Autoencoder is feed forward, non-recurrent deep 

neural network based on un- supervised learning, 

which only needs unlabeled data this is just a set of 

input data rather than input-output pair. AE is 

trained to copy its input to its out- put, with the 

typical purpose of dimension reduction [1]. Data 

denoising and dimensionality reduction for data 

visualization are considered as two main 

interesting practical applications of autoencoders 

[11]. The basic structure of an autoencoder 

consists of three layers: input layer, hidden layer, 

and output layer. 

 
Figure 2: Basic autoencoder model 

The transition from the input to the hidden layer is 

known as the encoding step and transition from 

hidden to the output layer is known as decoding 

step. The Encoder part of the network compresses 

the input into a latent-space representation. It can 

be represented by an encoding function h=f(x). 

Decoder part of the network aims to reconstruct 

the input from the latent space representation. It 
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can be represented by a decoding function y=g(h). 

The number of neurons in output layer is equal to 

the number of neurons in input layer. With 

multi-layer AE, the most middle layer is known as 

bottleneck layer(code). This bottleneck is a 

hidden layer that has a much smaller 

dimensionality than the input. For input vector x, 

encoding and decoding part can represent as:  

Encoding : f (x) = s (W x + b)     (1)  

Decoding : g' (z) = l (W ' z + b' )    (2)  

Where W is a weight matrix, b is a bias vector, s is 

any activation function and l is typically an identity 

function [12]. Autoencoder uses a backpropagation 

algorithm to apply training. The purpose of 

network learning is to make the output signal and 

input signal as similar as possible. This similarity 

is represented by the reconstruction error. The 

main objective of AE is to minimize the 

reconstruction error between the input and output. 

Reconstruction Error is typically a loss function 

that calculates the difference between original 

input and produced output. 

 

Algorithm 1: Basic Learning algorithm for AE 

Step 1:Take the input vector x 

Step 2:Encode the input vector x into another  
vector h which is a lower dimension  

vector thanthe input   h=f(Wx+b) 
Step 3:Decode the vector h to recreate the input  

y=g(W'h+b') 

Step 4: Calculate the Reconstruction error  

Step 5:Back propagate from output layer to the  
input layer to update the weights 

Step 6: Continue until desired threshold for loss  

is obtained 

 

B. Variants of Autoencoder  

In recent years, various forms of AE have 

appeared in deep learning. Meanwhile, many 

variants of AE are used in RS. This section briefly 

introduces common variants of AE used in 

recommender systems.  

Deep Autoencoder: Deep AE consists of two 

identical deep belief networks, one network for 

encoding and another for decoding. It consists of 

one input layer, one output layer and a minimum 2 

to 3 hidden layers, where the output of each hidden 

layer is connected to the input of the successive 

hidden layer. By training the input data it acquires 

learned data. The learned data from the previous 

layer is used as an input for the next.  

Denoising Autoencoder: It is a basic AE 

consisting of only one hidden layer. DAE is trained 

to reconstruct a clean „repaired‟ input from a 

corrupted version. In doing so, the learner must 

capture the structure of the input distribution to 

reduce the effect of corruption [13]. DAE aims to 

force the hidden layer to acquire more robust 

features and to prevent DAE from simply learning 

the identity function.  

Stack denoising autoencoder: SDAE stacks 

several DAEs together to get higher level 

representations. The training is conducted layer by 

layer. Although SDAE has advanced performance, 

it still has some drawbacks. The main draw- back 

of SDAE is the high computational cost of training 

and lack of scalability to high-dimensional 

features.  

Sparse autoencoder: Sparse AE has hidden nodes 

greater than input nodes. An advancement to 

sparse autoencoders is the k-sparse autoencoder. 

Here we choose k neurons with the highest 

activation functions and adjusting the threshold to 

find the largest neurons. Sparse autoencoders 

have a sparsity penalty which is applied on the 

hidden layer in addition to the reconstruction 

error. This prevents overfitting [14].  

Variational Autoencoder: VAE is same as deep AE 

where, bottleneck vector is replaced with two 

different vectors one representing the mean of the 

distribution and the other representing the 

standard deviation of the distribution. Loss 

function in variational autoencoder consists of two 

terms. First, one represents the reconstruction loss 

and the second term is a regularize. The encoder 

and decoder of VAE can be multilayer perceptron 

(MLP), convolutional network (CNN) or recurrent 

neural network (RNN) [15].  

The figure:3 summarized the paper counts for 

different variants of AE. we considered 40 most 

recently published papers of various well-known 

publications in different fields of the 

recommendation system which makes use of 

Autoencoder based deep learning approach. 

 
Figure 3: Autoencoder in recommender 

system paper count 
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C. Autoencoder based Deep Learning approach in 

Movie Recommender System  
Table 3. Related work on Autoencoder based movie 

recommendation 

Paper Techni
que 

Datas
et 

 

Remarks 

Jeffrey Lund, 
et al, “Movie 
Recommenda
tions Using 
the Deep 

Learning 
Approach” [1] 

Deep 
AE 

Movi
e-Len
s 

The experimental 
results show that this 
approach outperforms 
standard CF 
techniques KNN and 

matrix-factorization in 
terms of 0.4209 and 
0.3544 RMSE on 
Training and Testing 

predicted ratings 
respectively. 

Hanting Chu, 
et al, 
“Towards a 
Deep 
Learning 
Autoencoder 
algorithm for 
Collaborative 
Filtering 
Recommenda
tion” [15] 

AE-CF 
(AE & 
cluste
ring) 

Movi
e-Len
s 1M 

MAE: 0.7025 
Proposed algorithm 
outperforms 
user-based CF and 
SVD++ algorithms, 
Solves the issue of 
cold start and 
sparsity. 

Jian Wei, et 

al, 
“Collaborative 
Filtering and 
Deep 
Learning 
Based 
Recommenda
tion System 
for Cold Start 
Items” [16] 

SDAE, 

SVD+
+ 
(singul
ar 
value 
decom
positio
n) 

Netfli

x 
datas
et 

RMSE: 1.048 

Proposed model 
outperformed existing 
baseline approaches 
for cold start item 
recommendation 

Xiu Wang, et 
al, “A 
Recommenda
tion 
Algorithm for 

Collaborative 
Denoising 
Auto-Encoder
s Based on 
User 
Preference 
Diffusion” 
[17] 

DAE Movi
e-Len
s 
10M 

Precision: 0.1913 
Recall: 0.1951 
Solves the issue of 
data sparsity 

Dawen Liang, 
et al, 
“Variational 
Autoencoders
for 
Collaborative 
Filtering” [18] 

VAE Movi
e-Len
s 
20M,  
Netfli
x 

 

Bo Pang, et al, 
“A Novel 
Top-N 
Recommenda
tion Approach 
Based on 
Conditional 
Variational 

Condit
ional 
VAE 

Movi
e-Len
s 1M, 
Movi
e-Len
s 2k 

proposes an expanded 
VAE recommendation 
framework based on 
multiple condition 
labels added with side 
information. 
Split-Merge CVAE 
outperforms other 

Auto-Encoder
” [19] 

models  

Xin Dong, et 
al, “A Hybrid 
Collaborative 
Filtering 
Model with 
Deep 
Structure for 
Recommende
r Systems” 
[20] 

SDAE, 
matrix 
factori
zation 

Movi
e-Len
s 
100K
, 
Movi
e-Len
s 1M 

RMSE: 0.5079(100k) 
RMSE: 0.5023(1M) 
Hybrid CF model 
outperforms other 
basic CF methods in 
effectively utilizing 
side information and 
achieves performance 
improvement. 

 

The above table describes some of the related 

work in the field of Autoencoder based movie 

recommendation system. In the table reference, 

used technique and dataset, and the experimental 

results are mentioned. From the survey, we can say 

that autoencoders can be used to solve the issue of 

cold start and sparsity of CF and to enhance the 

capabilities of recommendation systems.  

The figure:4 summarized the paper counts in 

each of the three categorize of recommender 

models. we considered 35 most recently published 

papers in 2019 of various well-known publications 

for the movie recommendation system which 

makes use of Autoencoder based deep learning 

approach. we find that the majority of the recent 

publications use deep learning to enhance 

collaborative filtering capabilities. 

 
Figure 4: AE based approach in movie recommender system 

paper count 

IV. CONCLUSION 

Deep learning and recommender systems are 

ongoing hot research topics in re- cent decades. 

This paper provides a basic survey for movie 

recommendation system using an autoencoder 

based deep learning approach. In this review, 

firstly we have provided a basic overview of 

traditional recommendation systems such as 

content-based filtering, collaborative filtering and 

hybrid filtering with their limitations. Then, we 

have summarized basic supervised and 

unsupervised deep learning models used in the 

area of recommendation systems. Most deep 
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learning efforts have been towards enhancing 

collaborative filtering approaches. At last, we have 

discussed the use of autoencoder and its different 

variants for recommendation systems. 

Autoencoders can learn the latent representations 

of users and items from massive data, to construct 

a more accurate recommendation model by solving 

the issue of cold start and sparsity to provides an 

effective recommendation list for the user. As with 

added advantage of deep learning, this approach 

helps to improve the performance of RS in terms of 

predicting ratings. we hope that this review will be 

helpful for the researcher to understand the 

development and advantages of deep learning in 

recommendation systems. 
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