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Chapter 1

Introduction

Music has accompanied social activities on our daily lives and has influenced
the shape of the technology landscape that we have today. Portable media
players, mobile device applications or music streaming services enable us
the access to a large volume of digital recorded music. This vast range of
music tracks might include songs that are relevant or not to a listener, being
necessary to develop facilities to bring out appropriate musical pieces to an
user.

Recommender systems can be described as engines that guide the users
to suitable objects from a large number of options in a particular domain
such as books, films or music. The available information of users and items’
attributes is analysed and exploited by the recommender systems to produce
a list of previously unseen items that each user might find enjoyable. De-
pending on the analysed data, the design of a recommender can be focused
on historical ratings given by users or similarities between the attributes of

items that an user already rated.



1.1 Motivation

Due to the available information of relationship between users and items
would be sparse, e.g., most part of the users tend to do not give enough rat-
ings, the accuracy of predictions would decrease. Another disadvantage of
traditional recommender systems, referred as cold-start problem, arises when
a new item cannot be recommended until it gets enough ratings, or, equiv-
alently, when a new user does not have any ratings (Melville & Sindhwani
2010). In order to alleviate the rating sparsity and cold-start problems, there
is the motivation to combine two or more recommendation designs into hy-
brid approaches.

Deep learning is an approach to artificial intelligence for describing raw
data as a nested hierarchy of concepts, with each abstract concept defined
in terms of simpler representations. For example, deep learning can describe
high-level features of an image of a car such as position, color or brightness
of the object, in terms of contours, which are also represented in terms of
edges. (Bengio et al.[2015)

Inspired in natural evolution of species, Estimation of Distribution Algo-
rithms (EDAs) (Larranaga & Lozano|2002) are robust techniques developed
during the last decade for optimisation in Statistics and Machine Learning
fields. EDAs can capture the explicit structure of a population with a prob-

ability distribution estimated from the best individuals of that population.



1.2 Aim

We aim to design and implement a hybrid music recommender to suggest
new music tracks that an user would find them appealing and enjoyable.
The architecture of our hybrid recommender combines two recommendation
techniques.

the second technique is content-based filtering where recommendations
are produced by computing similarities between representations of content
of items that an user

in which are correlated to compute similarities between them.

Users’ information is obtained from the Taste Profile dataset, which is a
complementary subset of the Million Song Dataset]'] The music library that
contains sample audio clips of the rated songs in the Taste Profile dataset is
consolidated by fetching audio files using 7digital API.

A convolutional neural network (CNN), which is a deep learning model, is
employed to describe each audio file of the music library with a n-dimensional
vector, whose dimensions represent music genres.

An Estimation of Distribution Algorithm (EDA) technique is implemented
to model user profiles in terms of music genres in order to compare each pro-
file with the vector representation of the audio clips to compute similarities
between them. Recommendation is achieved by choosing the clips with high-
est similarity values.

The evaluation of our hybrid music recommender will be assessed by com-

paring the prediction accuracy with a traditional content-based recommender

Thttp://labrosa.ee.columbia.edu/millionsong /



1.3 Outline of the thesis

The rest of the report is organised as follows: Chapter 2 provides an overview
in recommender systems. Recommendation process, associated challenges,
and related work based on state-of-the-art techniques are discussed. In Chap-
ter 3, we present our proposed hybrid recommendation approach and describe
the stages and algorithms in detail. The experiments and evaluation proto-
cols are to assess the performance of the hybrid recommender presented in
Chapter 4. We proceed to discuss and analyse the results from the conducted
experiments to evaluate the proposed hybrid music recommender. In Chap-

ter 6, we present the conclusions and some thoughts for further research.



Chapter 2

Background

Recommender systems set up opportunities and challenges for industry to
understand consumption behaviour of users. In particular, for music indus-
try, the develop of recommender systems could improve sales for artists and
labels, and the discovery of new songs for listeners. However, regarding that
music tastes vary from one person to another person, an advantageous mu-
sic recommender system should be able to infer listeners needs through their
historical listening preference information, similarities with another listeners,
and audio signal features from their music collections.

In the following sections, the importance of online social networks for
retrieving user-item information among with previous work on music recom-
mender systems are presented. Subsequently, a novel approach of an hybrid
recommender system based on Estimation of Distribution Algorithm (EDA)

is introduced and examined.



2.1 Online Social Networks

boyd & Ellison| (2007) describe social network sites (SNSs) as:

“Web-based services that allow individuals to (1) construct a pub-
lic or semi-public profile within a bounded system, (2) articulate
a list of other users with whom they share a connection, and (3)
view and traverse their list of connections and those made by

others within the system.”

During the last decade, online social networks have become the outstand-
ing source of multimedia information.

social net info edges between user

2.1.1 Last.fm

Last.fm is a social network system that accumulate a list of played audio
tracks from registered users through scrobbling to provide to any user a detail
about listening preference and taste similarites between connected friends in
the network. Last.fm also uses scrobbling to feed its music recommendation
service to help to users to discover new artists.

Users’ information such as recently played tracks, loved tracks, or top
songs over a time period e.g. weeks, months, can be retrieved by using

Last.fm AP methods.
Thttp://www.last.fm/api




2.2 Music services platforms

2.2.1 Echonest

2.2.2 TDigital

Both Echo Nest and 7digital require to sign up to their API to get unique
keys for OAuth authentication in order to retrieve desired information. As
well, free account has limited number of calls, in the case of Echo Nest is
limited to 20 request per minute and in the case of 7digital is limited to 4000

request per day.

2.3 Recommender Systems

Recommender systems are software or technical facilities to provide items
suggestions or predict customer preferences. These systems play an impor-
tant role in commercial applications to increase items sales and user satisfac-
tion. In general, recommender systems can be categorised in the following

groups: collaborative filtering and content-based methods.

2.3.1 Collaborative filtering

In collaborative filtering (CF), recommendations are based on correlation
between users’ ratings or they can be predicted from historical user data.
The strength of CF is that the recommendation process is independent from
the item features. On the other hand, CF would not be suitable if the user-

item matrix is sparse. (Burke|2002)



2.3.2 Content-based methods

Content-based methods build user profiles by analysing the users’ rated
items. Each profile is then processed to be correlated with another item,
which has not been rated, to compute the interest of the user on this object.

(Lops et al.|[2011))

2.4 Hybrid recommender methods

Hybrid recommendation is based on the combination of techniques mentioned
above, by using the advantages of one system to compensate the disadvan-
tages of the other system.

In this project, CF, that provides song ratings, is integrated with a
content-based method, that compare spectral features of song to achieve

hybridisation.

2.5 Music Information Retrieval

Music Information Retrieval (MIR) is an extend of audio signal processing
for understanding the usefulness and applications of music data by using
time-frequency representations or low-level features. Applications of MIR

include artist identification, genre classification and music recommendation.

2.5.1 Musical genre classification

Music classification is one of the principal components for clustering audio

tracks based on similarities between features of pieces of music. Automatic



musical genre classification approach proposed by Tzanetakis & Cook| (2002),
which uses GTZAN genre dataset?] has been widely used in the past decade.
Nonetheless, the GTZAN dataset has inaccuracies (Sturm|2012)), it still pro-

vides an useful baseline to compare musical genre classification systems.

2.5.2 Deep Learning

One of the aims of learning algorithms is to identify high-level features that
help us make sense of an observed data., e.g. genre, mood or release time
in a music library. However, it could be difficult to compute these abstract
features directly from audio waveforms. Deep learning can solve the diffi-
culty of extracting high-level representations by expressing them in terms of
simpler features, e.g. spectrograms. Deep learning allows the computer to
build complex concepts out of simpler concepts. (Bengio et al.|2015])

Sigtia & Dixon| (2014) examined and compared three implementations
of deep neural networks to learn features for music genre classification, us-
ing Rectifier Linear Units (ReLUs), dropout regularisation and Hessian Free

optimization.

2.5.3 Convolutional Neural Networks

Convolutional Neural Networks (CNNs) are type of neural networks that uses
convolution operation instead of matrix multiplication for processing data

that has grid-like topology (Bengio et al|2015]) such as images collection.

2http://marsyas.info/downloads/datasets.html



van den Oord et al| (2013) used a convolutional network approach to
predict latent factors from music audio in a content-based recommendation

system.

2.6 Estimation of Distribution Algorithms

Estimation of distribution algorithms (EDAs) (Pelikan et al.[2015) are opti-
misation techniques by constructing a probabilistic model from a sample of
solutions, generating a new population and leading to an optimal solution
(Santana et al.[2010).

Liang et al. (2014) exploited an EDA to model user profiles by using
weighted featured vectors of keywords from a set of items that the user had
rated above a threshold.

These algorithms were applied in complex problems such as load bal-
ancing for mobile networks (Hejazi & Stapleton2015)) or software reliability

prediction

In this chapter, previous work on recommender systems has been reviewed
and novelty techniques for representing acoustical features and for modelling
user profiles has been presented. The next step is to implement the algo-
rithms to collect the dataset by crawling online social information, to extract
the acoustical features of a collection of songs for representing them as vec-
tors, to model the user profiles by an EDA, and therefore, to return predicted

recommendations.

10



Chapter 3

Methodology

The methodology used to develop the hybrid music recommender consists of
three main stages. First, the collection of real users’ data corresponding to
the number of playings of specific songs and the retrieval of audio samples
of the identified songs in the users’ data. Secondly, the implementation of
the deep learning algorithm to represent the songs as vectors and the EDA

to model the user profiles

3.1 Data collection

The Million Song Dataset (Bertin-Mahieux et al.|[2011)) is a collection of audio
features and metadata for a million contemporary popular music tracks which
purpose in MIR is to provide a ground truth for evaluation research. This
collection is also complemented by the Taste Profie subset [[| which provides

48,373,586 triplets that consists of Last.fm user ID, Echo Nest song ID and

thttp://labrosa.ee.columbia.edu/millionsong /tasteprofile
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play count of the song.

3.1.1 Taste Profile subset cleaning

Due to potential mismatches between song IDs and track IDs on the Echo
Nest database, it is required to filter out the wrong matches in the Taste
Profile subset. A Python script is implemented to discard the triplets that
contain the song ID values from the mismatches list available also on the

Million Song Dataset webpage. The resulting triplets are stored in a new

CSV file.

3.1.2 Audio clips retrieval

The list of songs IDs from the triplets obtained in the last step are used to
retrieve the track IDs through a Python script that includes the Pyechonest
P| package which allow us to acquire track ID with get_tracks method through
Echo Nest API| requests. The reason behind obtaining track IDs is because
for each ID we can retrieve a 30-60 seconds preview audio clips through
7digital API]

Additionally, the Python script accumulates the song ID, the URL, artist
and song metadata of each track available in a text file. If the track for
a song ID is not available, the script skips to the next song ID to retrieve
information of it. The generated text file can be used to reduce more the

triplets dataset from the last section.

2http://echonest.github.io/pyechonest /
3http://developer.echonest.com
4http://developer.7digital.com

12



3.1.3 Intermediate time-frequency representation for

audio signals

For representing audio waveforms of the song collection obtained through
7digital API, a similar procedure suggested by van den Oord et al. (2013) is

followed:

e Read 3 seconds of each song at a sampling rate of 22050 Hz and mono

channel.

e Compute log-mel spectrograms with 128 components from windows of

1024 frames and a hop size of 512 samples.

The Python script for feature extraction implemented by [Sigtia & Dixon
(2014) is modified to return the log-mel spectrograms by using the LibROSAE]
package.

“Representations of music directly from the temporal or spectral domain
can be very sensitive to small time and frequency deformations”. (Zhang

et al.[2014)

3.2 Data preprocessing

e Rating complementary cumulative distribution

e Flatenning spectrogram Sidsig

https://bmcfee.github.io/librosa/index.html

13



3.3 Algorithms

3.3.1 CNN architecture

The input of the CNN consist of the 128-component spectrograms obtained
in feature extraction. The batch size considered is 20 frames. Each convo-
lutional layer consists of 10 kernels and ReLUs activation units. In the first
convolutional layer the pooling size is 4 and in the second layer the pooling
size is 2. The filters analyses the frames along the frequency axis to con-
sider every Mel components with a hop size of 4 frames in the time axis.

Additionally, there is a hidden multi perceptron layer with 513 units.

Genre classification

The classification of genre for each frame is returned by negative log likelihood

estimation of a logistic stochastic gradient descent (SGD) layer.

3.3.2 Continuous Bayesian EDA

3.3.3 EDA-based hybrid recommender

14



Chapter 4

Experiments

In order to evaluate the performance of a recommender system, there are
several scenarios to be considered depending on the structure of the dataset
and the prediction accuracy. It is therefore necessary to determine a suitable
experiment for evaluation of the proposed hybrid music recommendation sys-
tem that employs an user-item matrix and vector representation for songs
as inputs to predict ratings of items that an user has not previously listened
to. In addition, the performance of the hybrid approach is compared with a

pure content-based recommender algorithm.

4.1 Evaluation for recommender systems

4.1.1 Types of experiments

The scenarios for experiments requires to define an hypothesis, controlling
variables and generalization of the results. Three types of experiments (Shani

& Gunawardanaj 2009) can be used to compare and evaluate recommender

15



algorithms:

e Offline experiments: where recorded historic data of users’ ratings
are used to simulate online users behaviour. The aim of this type of
experiment is to refine approaches before testing with real users. On

the other hand, results may have biases due to distribution of users.

e User studies: where test subjects interact with the recommendation
system and its behaviour is recorded giving a large sets of quantita-
tive measurements. One disadvantage of this type of experiment is to
recruit subjects that represent the population of the users of the real

recommendation system.

e Online evaluation: where the designer of the recommender appli-
cation expect to influence the users’ behaviour. Usually, this type of

evaluation are run after extensive offline studies.

Besides, evaluation of recommender systems can be classified (Celma

2008) in:

e System-centric process has been extensively exploited in CF sys-
tems. The accuracy of recommendations is based exclusively on users’

dataset.

e Network-centric process examines other components of the recom-
mendation system, such as diversity of recommendations, and they are

measured as a complement of the metrics of system-centric evaluation.

e User-centric: The perceived quality and usefulness of recommenda-

tions for the users are measured via provided feedback.

16



4.2 Evaluation method

The hybrid music recommender system proposed in this project is evaluated
through an offline experiment and the results are presented with system-

centric metrics.

4.2.1 Dataset description

For the purpose of evaluation of the hybrid recommender system, a sam-
ple from the Taste Profile subset is used because the data format includes
user-item ratings and it is publicly available. A 10-fold cross validation is

performed which splits the data set in 90% for training and 10% for testing.

4.2.2 Evaluation measures

Because the dataset does not include explicit ratings, hence, the number of

plays of tracks are considered as users’ behaviours,

17



Chapter 5

Results

fadslkfjdsalfjdsalf el mindsafa se va a cabarakl;dflakdjfl;akds dflk;djfikajfikajf
jlkd;fjlk;ajdlf;kajsld
jkdl;fkaj
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Table 5.1: Genre classification Results

Trial Validation error (%) Test error (%) Iterations Time elapsed (min.)

1 58.0 65.2 650 7.00
2 37.6 46.0 2150 13.07
3 39.6 46.0 700 7.54
4 35.6 36.8 550 6.01
5 36.4 40.0 250 5.47
6 40.4 44.8 150 5.41
7 324 40.4 800 8.64
8 36.0 38.8 250 5.42
9 34.0 38.8 850 9.14
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Chapter 6

Conclusion

6.1 Future work

20
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