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Abstract

Music consumption is biased towards a few popular artists. Br instance, in 2007 only 1% of
all digital tracks accounted for 80% of all sales. Similarly 1,000 albums accounted for 50%
of all album sales, and 80% of all albums sold were purchasedds than 100 times. There is
a need to assist people to lter, discover, personalise andecommend from the huge amount
of music content available along the Long Tail.

Current music recommendation algorithms try to accurately predict what people de-
mand to listen to. However, quite often these algorithms ter to recommend popular |or
well{known to the user| music, decreasing the e ectiveness of the recommendations. These
approaches focus on improving theaccuracy of the recommendations. That is, try to make
accurate predictions about what a user could listen to, or by next, independently of how
useful to the user could be the provided recommendations.

In this Thesis we stress the importance of the user'sperceived quality of the recom-
mendations. We model the Long Tail curve of artist popularity to predict |potentially|
interesting and unknown music, hidden in the tail of the popularity curve. E ective recom-
mendation systems should promote novel and relevant mateal (non{obvious recommenda-
tions), taken primarily from the tail of a popularity distri bution.

The main contributions of this Thesis are: (i) a novel network{based approach for
recommender systems, based on the analysis of the item (or @9 similarity graph, and the
popularity of the items, (ii) a user{centric evaluation that measures the user's relevace
and novelty of the recommendations, and(iii) two prototype systems that implement the
ideas derived from the theoretical work. Our ndings have sgnicant implications for
recommender systems that assist users to explore the Long Tadigging for content they
might like.
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Resum

Avui en dia, la rmusica est esbiaixada cap al consum d'alguns artistes molt populars. Per
exemple, el 2007 nones I'1% de totes les carcons en formaigltal va representar el 80% de
les vendes. De la mateixa manera, nones 1.000albums varerepresentar el 50% de totes les
vendes, i el 80% de tots elsalbums venuts es varen comprar mgs de 100 vegadesEs clar
gue hi ha una necessitat per tal d'ajudar a les persones a lItar, descobrir, personalitzar i
recomanar nusica, a partir de I'enorme quantitat de contingut musical disponible.

Els algorismes de recomanacd de rnrusica actuals intentermpredir amb precisp el que els
usuaris demanen escoltar. Tanmateix, molt sovint aquestslgoritmes tendeixen a recomanar
artistes famosos, o coneguts d'avantma per l'usuari. Ao fa que disminueixi I'e @cia i
utilitat de les recomanacions, ja que aquests algorismes &gntren kasicament en millorar
la precisb de les recomanacionsEs a dir, tracten de fer prediccions exactes sobre el que un
usuari pugui escoltar o comprar, independentment de quanttils siguin les recomanacions
generades.

En aquesta tesi destaquem la imporancia que l'usuari valai les recomanacions rebudes.
Per aquesta raa modelem la corba de popularitat dels artises, per tal de poder recomanar
nmusica interessant i desconeguda per l'usuari. Les pringals contribucions d'aquesta tesi
2on: (i) un nou enfocament basat en l'aralisi de xarxes complexes ial popularitat dels
productes, aplicada als sistemes de recomanacdqji) una avaluaco centrada en l'usuari,
gue mesura la imporancia i la desconeixerca de les reconmacions, i (iii) dos prototips
gue implementen la idees derivades de la tasca teorica. Elsesultats obtinguts tenen clares
implicacions per aquells sistemes de recomanaco que ajed a l'usuari a explorar i descobrir
continguts que els pugui agradar.






Resumen

Actualmente, el consumo de nusica esh sesgada hacia algwos artistas muy populares. Por
ejemplo, en el ano 2007 lo el 1% de todas las canciones ennfiato digital representaron
el 80% de las ventas. De igual modo, unicamente 1.000albures representaron el 50% de
todas las ventas, y el 80% de todos losalbumes vendidos sernpraron menos de 100 veces.
Existe, pues, una necesidad de ayudar a los usuarios a ltrardescubrir, personalizar y
recomendar nusica a partir de la enorme cantidad de conterdo musical existente.

Los algoritmos de recomendacon musical existentes intelan predecir con precison lo
gue la gente quiere escuchar. Sin embargo, muy a menudo estafjoritmos tienden a
recomendar o bien artistas famosos, o bien artistas ya conwmns de antemano por el usuario.
Esto disminuye la e cacia y la utilidad de las recomendacioes, ya que estos algoritmos se
centran en mejorar la precison de las recomendaciones. @olo cual, tratan de predecir lo
gue un usuario pudiera escuchar o comprar, independientem& de loutiles que sean las
recomendaciones generadas.

En este sentido, la tesis destaca la importancia de que el uatio valore las recomenda-
ciones propuestas. Para ello, modelamos la curva de populdad de los artistas con el n
de recomendar mnusica interesante y, a la vez, desconocidaapa el usuario. Las principales
contribuciones de esta tesis son(i) un nuevo enfoque basado en el aralisis de redes com-
plejas y la popularidad de los productos, aplicada a los sisimas de recomendacon(ii) una
evaluacon centrada en el usuario que mide la calidad y la needad de las recomendaciones,
y (iii) dos prototipos que implementan las ideas derivadas de la lay teorica. Los resul-
tados obtenidos tienen importantes implicaciones para losistemas de recomendacon que
ayudan al usuario a explorar y descubrir contenidos que le pedan gustar.
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Prologue

| met Timothy John Taylor (aka Tyla3) in 2000, when he established in Barcelona. He was
playing some acoustic gigs, and back then | used to record ati@f concerts with a portable
DAT. After a remarkable night, | sent him an email telling tha t | recorded the concert, so

| can give him a copy. After all, we were living in the same city He said \yeah sure, come
to my house, and give me the CD's". So there | am, another nervos fan, trying to look
cool while walking to his home...

My big brother, the rst\music recommender" that | reckon, b ought a vynil of The Dogs
d'Amour in 1989. He liked the art cover |painted by the singer, Tyla| so he purchased
it. The English rock band was just starting to be somewhat woldwide famous. They were
in the UK charts, and also had played in the Top of the Pops Then, they moved to L.A.
to record an album. Rock magazines used to talk about their chotic and unpredictable
concerts, as well as the excesses of the members. Both my bnetr and myself felt in love
with the band after listening to the album.

Tyla welcomes me at his home. We have a long chat surrounded by gaits, old amps,
and un nished paintings. | give him a few CDs including his last concert in Barcelona, as
well as two other gigs that | recorded one year before. All of asudden, he mentions the last
project he is involved in: he has just re{joined the classidogs d'’Amour line{up, after more
than six years of inactivity. In fact, they were recording a new album. He was very excited
and happy (ever after) about the project. | asked why they dedded to refjoin after all these
years. He said:\We've just noticed how much interest there is on the Internd about the
band". Indeed, not being able to nd the old releases made lot of prd for eBayers and
the like.

When | joined The Dogs d'Amour Yahoo! mailing list in 1998 we were just a few dozens
of fans that were discussing about the disbanded band, theirsolo projects, and related

3 http://www.myspace.com/tylaandthedogsdamour
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artists to fall upon. One day, the members of the band joined he list, too. It was like a big
|virtual] family. Being part of the mailing list allowed us t o have updated information
about what the band was up to, and chat with them. One day in 20®, they o cially
announced that the band was active again, and they had a new Bum! (...and | already
knew that!). Sadly, the reunion only lasted for a couple of yars, ending with a remarkable
UK Monsters of Rock tour supporting Alice Cooper.

During the last few years, Tyla has released a set of solo albums. He has made his life
based on viral marketing |including the help from fans| sett ing gigs, selling aloums and
paintings online, as well as in the concerts. Nowadays, he samuch more control of the
whole creative process than ever. The income allows him notaeding any record label |he
had some bad experiences with record labels back in the 80'pech, when they controlled
everything. Moreover, from the fan's point of view, living in the same city allowed me to
help him in the creation process of a couple of albums. | evenl@gyed some guitar bits in
two songs (and since then, | own one of his vintage Strat!).

Up to now, he is still very active; he plays, paints, manages Is tours, and a long etcetera.
Yet, he is in the \long tail" of popularity. It is dicult to di  scover these type of artists
when using music recommenders that do not support \less{knan" artists. Indeed, for a
music lover is very rewarding to discoverunknown artists that t into her music taste. In
my case, music serendipity dates from 1989; with a cool albuncover, and the good music
taste of my older brother. Now, | am willing to experience these feelings again. ..
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Chapter 1

Introduction

1.1 Motivation

In recent years typical music consumption behaviour has chaged dramatically. Personal
music collections have grown, aided by technological imprneements in networks, storage,
portability of devices and Internet services. The number am the availability of songs have
de-emphasised their value; it is usually the case that userswin many digital music les
that they have only listened to once, or not at all. It seems reasonable to suppose that
with e cient ways to create a personalised order of users' cdlections, as well as ways to
explore hidden \treasures" inside them, the value of their nusic collections would drastically
increase.

Users own huge music collections that need proper storage drabelling. Search within
digital collections gives rise to new methods for accessingnd retrieving data. But, some-
times, there is no metadata |or only le names| to inform us of  the audio content, and
that is not enough for an e ective navigation and discovery d the music collection. Users
can, then, get lost searching in their own digital collections. Furthermore, the web is in-
creasingly becoming the primary source of music titles in djital form. With millions of
tracks available from thousands of websites, nding theright songs, and being informed of
new music releases has become problematic.

On the digital music distribution front, there is a need to n d ways of improving music
retrieval and personalisation. Artist, title, and genre information might not be the only
criteria to help music consumers nd music they like. This is achieved using cultural
or editorial metadata (\this artist is somehow related to th at one"), or exploiting existing

9
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| Year | Num. papers |

1994 1
| |
2001 3
2002 4
2003 3
2004 8
2005 14
2006 19
2007 21

Table 1.1: Number of scienti c articles related to music reommendation, indexed by Google
Scholar (page accessed on October 1st, 2008).

purchasing behaviour data (\since you bought this artist, you might also enjoy this one"). A
largely unexplored |and potentially interesting| complem  ent is using semantic descriptors
automatically extracted from music les, or gathered from the community of users, via social
tagging. All this information can be combined and used for misic recommendation.

1.1.1 Academia

With one early exception, Shardanand's masters thesis §hardanand 1994 published in
1994, research in music recommendation did not really begimuntil 2001. To show the
increasing interest in this eld, Table 1.1 presents the number of papers related to music
recommendation since 2001. The table shows the list of relat papers indexed byGoogle
Scholart. From 2004 onwards we have seen a sharp increase in the numbef papers
published in this eld.

A closer look, focusing on the Music Information Retrieval (MIR) community, also shows
an increasing interest in music recommendation and discovg. Table 1.2 shows the list of
related papers, presented in ISMIR (International Societyfor Music Information Retrieval)
conferences since 2000. The early papers focused on confdaised methods (ogan, 2002
20049, and user pro ling aspects (Chai and Vercoe 2000 Uitdenbogerd and van Schnyde|
2002. Since 2005, research community attention has broadenedotother areas, including:
prototype systems (Celma et al., 2005 van Gulik and Vignoli, 2005 Pampalk and Goto,

1We count, for each year, the number of results from http://scholar.google.com that contain \music
recommendation" or \music recommender" in the title of the article. A ccessed on October 1st, 2008


http://scholar.google.com

1.1. MOTIVATION 11

| Year | Papers | References
2000 1 (Chai and Vercoe, 2000)
2001 0 |
2002 3 (Logan, 2002, (Pauws and Eggen 2002,
(Uitdenbogerd and van Schnydel, 2002
2003 0 |
2004 1 (Logan, 2004)
2005 4 (Celma et al., 2005), (Pampalk et al., 2005),
(Pauws and van de Wijdeven, 2005), (van Gulik and Vignoli , 2005
2006 6 (Cunningham et al., 2006), (Hu et al., 2006),

(Oliver and Kregor-Stickles , 2006), (Pampalk and Gasser, 2006),
(Pauws et al., 2006), ( Yoshii et al., 2006
2007 7 (Anglade et al., 2007b), (Celma and Lamere, 2007), ( Donaldson, 2007),
(McEnnis and Cunningham, 2007), (Pampalk and Goto, 2007),
(Tiemann and Pauws, 2007), (Yoshii et al., 2007)

Table 1.2: Papers related to music recommendation presentein the ISMIR conference since
2000. For each year, references are ordered alphabeticaliccording to the rst author.

2007, playlist generation including user{feedback (Pampalk et al., 2005 Pampalk and Gassey
2006 Pauws and van de Wijdeven 2005 Oliver and Kregor-Stickles, 2006, and sociologi-
cal aspects Cunningham et al., 2006 McEnnis and Cunningham, 2007. The \Music Re-
commendation Tutorial” ( Celma and Lamere 2007), presented in the ISMIR 2007 confer-
ence, summarised part of the work done in this eld.

1.1.2 Industry

Recommender systems play an important role in e{Commerce. Eamples such asAmazon
or Net ix , where the provided recommendations are critical to retainusers, show that most
of the product sales result from the recommendations. Greg inden, who implemented the
rst recommendation engine for Amazon, states?:

\(Amazon.com) recommendations generated a couple orders fomagnitude
more sales than just showing top sellers."

Since October 2006, this eld enjoyed an increase of interéghanks to the Netix com-
petition. The competition o ers a prize of $1,000,000 to thase that improve their movie

Zhttp://glinden.blogspot.com/2007/05/google-news-personalization-paper.html


http://glinden.blogspot.com/2007/05/google-news-personalization-paper.html

12 CHAPTER 1. INTRODUCTION

recommendation systeri. Also, the Netix competition provides the largest open dataset,

containing more than 100 million movie ratings from anonymaus users. The research com-
munity was challenged in developing algorithms to improve the accuracy of the current

Netix recommendation system.

State of the Music Industry

The Long Tail 4 is composed by a small number of popular items (thehits), and the rest
are located in the tail of the curve (Anderson, 2006. The main goal of the Long Tail
economics |originated by the huge shift from physical media to digital media, and the fall
in production costs| is to make everything available, in con trast to the limitations of the
brick{and{mortar stores. Thus, personalised recommendations and lters areneeded to
help users nd the right content in the digital space.

On the music side, the 2007 \State of the Industry" report by Nielsen SoundScan
presents some interesting information about music consumpon in the United States (Soundscan
2007. Around 80,000 albums were released in 2007 (not counting usic available in Mys-
pace.com and similar sites). However, traditional CD sales are down31% since 2004 |but
digital music sales are up 490%. Indeed, 844 million digitatracks were sold in 2007, but
only 1% of all digital tracks accounted for 80% of all track sdes. Also, 1,000 albums ac-
counted for 50% of all album sales, and 450,344 of the 570,0@fbums sold were purchased
less than 100 times.

Music consumption based on sales is biased towards a few pdpu artists. Ideally,
by providing personalised Iters and discovery tools to uses, music consumption would
diversify. There is a need to assist people to discover, reaumend, personalise and lter the
huge amount of music content.

1.2 The Problem

Nowadays, we have an overwhelming number of choices of whiamusic to listen to. We
see this each time we browse a non{personalised music cataglosuch asMyspace or iTunes.
Schwartz (2005 states that we, as consumers, often become paralyzed and dbtful when
facing the overwhelming number of choices. There is a need teliminate some of the

3The goal is to reduce by 10% the Root mean squared error (RMSE) of the predicted movies' ratings
“From now on, considered as a proper noun with capitalised letters
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choices, and this can be achieved by providing personalisetters and recommendations to
ease users' decision.

Music 6 movies and books

Several music recommendation paradigms have been proposéu recent years, and many
commercial systems have appeared with more or less succesklost of these approaches
apply or adapt existing recommendation algorithms, such asollaborative Itering, into the
music domain.

However, music is somewhat di erent from other entertainment domains, such as movies
or books. Tracking users' preferences is mostly done implity, via their listening habits
(instead of asking users to explicitly rate the items). Any user can consume an item (e.g., a
track or a playlist) several times, even repeatedly and corihuously. Regarding the evalua-
tion process, music recommendation allows users instant éelback via brief audio excerpts.

The context is another big di erence between music and the oher two domains. People
consume di erent music in di erent contexts; e.g. hard{rock early in the morning, classical
piano sonatas while working, and Lester Young's cool jazz wike having dinner. Thus, a
music recommender has to deal with contextual information.

Predictive accuracy vs. perceived quality

Current music recommendation algorithms try to accurately predict what people will want
to listen to. However, these algorithms tend to recommend ppular (or well{known to the
user) artists, which decreases the user's perceived qualitof the recommendations. The
algorithms focus, then, onpredicting the accuracy of the recommendations. That is, try to
make accurate predictions about what a user could listen topr buy next, independently of
how useful the provided recommendations are to the user.

Figure 1.1 depicts this phenomenon. It showsAmazon similar aloums for the Beatles'
White Album?®, based on the consumption habits of users. Top{30 recommeradions for
the Beatles' White Album are strictly made of oth