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Abstract          Like in many other research areas, deep learning (DL) is increasingly adopted in music 

recommendation systems (MRS). Deep neural networks are used in this domain particularly for 

extracting latent factors of music items from audio signals or metadata and for learning sequential 

patterns of music items (tracks or artists) from music playlists or listening sessions. Latent item factors 

are commonly integrated into content-based filtering and hybrid MRS, whereas sequence models of music 

items are used for sequential music recommendation, e.g., automatic playlist continuation. This review 

article explains particularities of the music domain in RS research. It gives an overview of the state of the 

art that employs deep learning for music recommendation. The discussion is structured according to the 

dimensions of neural network type, input data, recommendation approach (content-based filtering, 

collaborative filtering, or both), and task (standard or sequential music recommendation). In addition, we 

discuss major challenges faced in MRS, in particular in the context of the current research on deep 

learning. 

Index Terms:- deep learning,music,collbrative  filtering, content-based filtering, hybrid MRS 

 

I Introduction 

Research on music recommendation systems 

(MRS) is spiraling . So is research in deep 

learning (DL). Despite their potential, neural 

network architectures are still surprisingly 

sparsely adopted for MRS, even though the 

number of respective publications is increasing. 

In this review article, we discuss the most recent 

research that involves DL in the context of MRS 

and we identify possible reasons for the still 

limited adoption of DL techniques in this 

recommendation domain. 

Music Information Retrieval 

 

     MIR has its origins in library science and 

signal processing. It has therefore for a long time 

focused strongly on content-based approaches, 

where “content” refers to information extracted 

from the actual audio signal (compared with the 

common meaning of the term in RS research 

below). MIR research has created exciting tools 

and applications, e.g., musical score following, 

intelligent music browsing interfaces or 

automatic music categorization (for instance, 

into genres or affective categories such as 

mood), just to name a few. However, while 

much research in MIR has addressed the topic of 

audio similarity, which is a prerequisite to build 

content-based MRS, surprisingly little research 

by the MIR community has been devoted 

specifically to music recommendation. A simple 

quantitative investigation highlights this fact: 

According to the computer science bibliography 

database DBLP1 only 29 papers (or 1.6%) 

published at the main venue for MIR research, 

i.e., the ISMIR conference between 2002 and 

2018 (out of 1,840 total papers) contain the term 

“recommendation” or “recommender” in the 

title. For comparison, 120 papers (or 6.5%) 

contain the term “similarity” in their title. 

Recommender Systems 
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      RS research , in contrast, has traditionally 

been strongly driven by the task of movie 

recommendation, not least thanks to the Netflix 

Prize . While collaborative filtering (CF) has 

been the most common choice in those early 

days of RS research, approaches based on 

content-based filtering (CBF) have gained 

popularity in recent years. In short, collaborative 

filtering approaches exploit interactions between 

users and items, e.g., clicks or ratings, which are 

represented in a user–item (rating) matrix R. The 

task is then to predict missing 

ratings rˆu,ir^u,i for pairs of users u and items i, 

and recommend to the target user u the (unseen) 

items with highest predictions. To this end, CF 

identifies similarities between users and/or items 

either in a low-dimensional joint representation 

of users and items (model-based CF) or by 

directly computing similarities from the user–

item matrix (memory-based CF). In the latter 

case, we can distinguish between user-based 

CF and item-based CF, depending on whether 

recommendations are made based on similarities 

between users or between items. To give an 

example, user-based CF approaches often 

compute user similarities using Pearson's 

correlation coefficient (cf. Equation 1), 

where suv is the similarity between the item 

ratings given by users u and v; I uv are the items 

both users u and v have rated; r¯¯ur¯u (r¯¯vr¯v) 

is the mean rating of user u (v) and included to 

account for the user rating bias. A missing 

rating rˆuir^ui is then computed according to 

Equation (2), where Nu is the set of u's nearest 

neighbors (who rated item i) with respect to the 

similarity score su· Finally, items with 

highest rˆuir^ui are recommended to u. 

Probably the earliest work that uses DL for 

content-based MRS is van den Oord et al.'s, who 

adopt a convolutional neural network (CNN) 

using rectified linear units (ReLU) and no 

dropout to represent each song by 50 latent 

factors learned from audio features . As input, 

they use short music audio snippets retrieved 

from 7digital for tracks in the Million Song 

Dataset (MSD) . Training the CNN is then 

performed on log-compressed Mel spectrograms 

(128 frequency bands, window size of 23 ms, 

50% window overlap), computed from randomly 

sampled 3-second-clips of the audio snippets. 

Two algorithmic variants are investigated: 

minimizing the mean squared error (MSE) and 

minimizing the weighted prediction error (WPE) 

as objective function. Experiments are 

conducted on 382 K songs and 1M users of the 

MSD. Play counts for user–song pairs are 

converted to binary implicit feedback data (i.e., 

1 if user u listened to item i regardless of the 

listening frequency; 0 otherwise). Considering 

500 predictions per user, the experiments show 

that a CNN using MSE as objective function 

performs best (AUC: 0.772). Linear regression 

using a common bag-of-audio-words 

representation (vector-quantized MFCCs) 

performed substantially worse (AUC: 0.645). 

2 Literature survey 

We currently live in an era of information. We 

are surrounded by a plethora of data in the form 

of reviews, blogs, papers and comments on 

various websites. The number of people around 

the world who use the internet has witnessed an 

increase of approximately 40% since 1995 and 

reached a count of 3.2 billion. The increased 

information flow has opened more avenues, but 

it has also led to added confusion for the user. 

Amidst this huge amount of data, the task of 

making certain decisions becomes difficult. It is 

rightly said that one should make an informed 

decision, but too much information can also 

hinder the decision-making process.  

Thus, in order to save a user from this confusion 

and make the experience of surfing the internet a 

pleasurable one, recommender systems were 

introduced. Francesco Ricci, LiorRokach and 

BrachaShapira define the recommender systems 

as software tools that make relevant suggestions 

to a user Depending upon the user profile and 

the product profile, which are formed using 
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various techniques and algorithms, suggestions 

are made. More than 32% of consumers rate a 

product online, over 33% writes reviews and 

nearly 88% trust online reviews [14]. Thus, 

reviews play an essential role in affecting the 

sales of a commodity or a service. Each review 

posted on the web consists of the user’s 

sentiments (positive or negative) and 

preferences.  

Sentiment analysis helps in determining the 

attitude of the writer by computationally 

dividing opinions in a piece of text into positive, 

negative or neutral [11]. Extracting the 

sentiments in reviews can largely contribute to 

the quality of the recommender system by 

incorporating in it valuable information present 

in the reviews and also help in the understanding 

that how a particular review affects the 

consumer 26 [11], [13]. Different techniques 

such as the weighted algorithm are used to 

produce scores for different texts [13].The usage 

of the process of sentiment analysis paves the 

way for the development of personalized 

recommender system. Extensive research has 

been done in this field of recommendation 

systems. Recommendation systems have been 

broadly divided into three categories. These 

categories are collaborative filtering, content 

based and context based recommendation 

systems. 

 

Collaborative filtering (CF) uses the numerical 

reviews given by the user and is mainly based 

upon the historical data of the user available to 

the system [4], [5]. The historical data available 

helps to build the user profile and the data 

available about the item is used to make the item 

profile. Both the user profile and the item profile 

are used to make a recommendation system. The 

Netflix Competition has given much popularity 

to collaborative filtering [7], [5]. Collaborative 

filtering is considered the most basic and the 

easiest method to find recommendations and 

make predictions regarding the sales of a 

product. It does have some disadvantages which 

has led to the development of new methods and 

techniques. 

        Content based [9] systems focus on the 

features of the products and aim at creating a 

user profile depending on the previous reviews 

and also a profile of the item in accordance with 

the features it provides and the reviews it has 

received [8], [5].It is observed that reviews 

usually contain product feature and user opinion 

in pairs [5], [9], [10]. It is observed that users’ 

reviews contain a feature of the product 

followed by his/her opinion about the product. 

Content based recommendation systems help 

overcome sparsity problem that is faced in 

collaborative filtering based recommendation 

system. 

        Collaboration filtering is a technique for 

predicting unknown preferences of people by 

using already known preferences from many 

users [6 and the other is the item. It uses cosine 

and Pearson correlation s main challenges that 

Collaborative Filtering deals with are data 

sparsity, scalability and cold start problem. CF 

introduces three main algorithms: memory 

which are used to combine CF with oth with the 

challenges [5]. 

3 Implementation Study 

Various algorithmic approaches have been 

proposed over the years for music-related 

recommendation scenarios. 

Three types of approaches generally exist:  

  1.Collaborative techniques  

     recommending music liked by similar users  

 2.Content-based techniques 

   only filtering techniques are applie 

3.Hybrid techniques 

   combining both previous approache 

   Disadvantages: 

   only filtering techniques are applied 

   accuracy is less  

3.1proposed methodology 

In the proposed system we have implemented 

the collaboration techniques with machine 
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learning algorithm. called multilinear perception 

model and this system gives the better results 

comparing with the existing approaches 

Advantages: 

more accurate 

multiple layers extract the feature 

both filtering extractand machine learning is 

applied 

both filtering and machine learning is applied 

 

 
Fig 1: - proposed model 

4. Methodology 

1.Add music Details 

To build project I used some sample products 

image to train music  identification models 

2.Train Model 

In this Module screen train model generated 

with 100% accuracy and now show music 

recomendation 

3. Add/Remove music  

To allow application to identify music song and 

then show in text area and if we again show 

same music then application will remove from 

text area 

5  Results and Evolution Metrics 

 
Fig 2 Then, for each user, average precision at 

each k is evaluated. 

 
Fig 3:- In above screen code we are loading 

python packages and then reading dataset and 

then normalizing it. In below screen printing 

dataset values 

 
Fig 4:- here we can see some of songs data 

 
Fig 5:- In below screen we can see plotting 

songs graph in each year  

 
Fig 6:- In above screen selected blue colour text 

is the input data and then displaying 
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recommendation list and you can scroll down to 

view all recommendation songs 

5 Conclusion 

This is a project of our Artificial Intelligence 

course. We find it is very good as we got a 

chance to practice theories that we have learnt in 

the course, to do some implementation and to try 

to get a better understanding of a real artificial 

intelligence problem: Music Recommender 

System. There are many different approaches to 

this problem and we get to know some 

algorithms in detail and especially the four 

models that weve explained in the paper. By 

manipulating the dataset, changing the learning 

set and testing set, changing some parameters of 

the problem and analyzing the result, we earn a 

lot practicing skills. Weve faced a lot of problem 

in dealing with this huge dataset, how to explore 

it in a better way and we also had difficulties in 

some programming details. However, with lot of 

efforts, we have overcame all of these. The best 

part of this project is the teamwork. Both of us 

come from different countries and thus have 

different 

cultures and ways of working. We took a bit of 

time to get to know each other, to adjust 

ourselves and to perform like a team. We 

become much more efficient by the time the 

team spirit is formed and we also enjoy more. 

We both find this project a nice experience and 

all the effort put is worthy. We have learnt a lot 

from this project. In terms of research, we still 

have a lot to do to make our studies a better one. 

Music Recommender System is such a wide, 

open and complicated subject that we can take 

some initiatives and do a lot more tests in future. 

We also got to realize that building a 

recommender system is not a trivial task. The 

fact that its large scale dataset makes it difficult 

in many aspects. Firstly, recommending 500 

correct songs out of 380 million for different 

users is not an easy task to get a high precision. 

Thats why we didnt get any result better than 10 

%. Even the Kaggle winner has only got 17 %. 

Secondly, the metadata includes huge 

information and when exploring it, it is difficult 

to extract relevant features for song. Thirdly, 

technically speaking, processing such a huge 

dataset is memory 

and CPU intensive. All these difficulties due to 

the data and to the system 

itself make it more challenging and also more 

attractive. We hope that we will get other 

opportunities in the future to work in the domain 

of artificial intelligence. We are certain that we 

can do a better job. 
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