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ABSTRACT view. Thus, in the following, we describe the techniques we

We present a new way of accessing large sets of musicafPPlied for obtaining them, and some experiments to assess
artists based on high-level concepts. The concepts are detheir applicability. The remainder of this paper is orga«iz
rived and assigned to individual artists by an automatie pro &S follows: First, we give an overview of related work in
cedure: Using a list of music-related words and phrases, thé€ field of Music Information Retrieval (MIR). Then, af-
well-known TFxIDF approach is applied to analyse the 100 ter de.scrlblng the applied t.echnlques and pregentlng some
top web pages related to each artist, as delivered by a Wedexperlmental results, we discuss our observations with the
search engine. This data then is decomposed into a numiMPlemented prototype.

ber of “archetypical” bases or “concepts” by Non-Negative

Matrix Factorisation (NMF). Each artist is then described 2. RELATED WORK

by the amount by which it is related to each of these con-

cepts. In our browser application presented here, such-a reppioneering work for deriving information about musical ar-
resentation allows for independently adjusting the weaght  tists from data available on the internet was done in [1]. In
each of these concepts, to recommend those artists that beshis work, techniques from text information retrieval were

match the desired query profile. suggested to to be used for Music Information Retrieval
(MIR). In[2, 3, 4], these techniques have been further inves
1. INTRODUCTION tigated and additional applications have been proposeal. Th

task of finding typical artists from a set of artists was ap-

Have you ever heard somebody characterizing a musicalproached in [5]. In [6], groups of similar artists are formed
artist or band that is unknown to the one he is talking to? by clustering, enabling the user to browse through various
Likely he will do it by saying something like “their music  artist categories. In [7], we have applied a self organizing
sounds like(put some artist here that is known to bgth) map (SOM) to cluster songs based on their audio content.
but it is more(put distinctive attribute here: aggressive / The music contained in each cluster is then characterized
jazzy / funky..”) In this paper, we present an approach to by combining the descriptions of the artists appearingén th
a computer program offering the user such an intuitive way cluster. Terms are selected based on how well they discrim-
to discover new music she may like (cf. Fig. 1). First, the inate the music in the cluster to label and the other clusters
user selects a “seed artist” from the dropdown list located a In [8], it is investigated in which way artists are connected
the center of the top area. Based on the chosen seed artisgnd related in the large scale in artist recommendation sys-
the program then displays two types of information. On tems. Recent work in web-based artist similarity compu-
the right panel, a list is shown that contains the artiststmos tation is [9]. An example of MIR-related work applying
similar* to the seed artist. The left panel shows attributes Non-Negative Matrix Factorization is [10].
assigned to the seed artist and their respective weighes. Th
user is free to modify the weights of the attributes, and as
he changes the weights, the list of best-matching artists is
dynamically adapted.

For such a software to be of use, of course it is cru-
cial that the underlying artist description matches the &mam

3. PROPOSED PROCEDURE

In this section, we first give an overview of the proposed
procedure. Afterwards, some of the steps are discussed in
more depth, including motivations for the choices we made
Las defined by an underlying similarity measure while realizing the approach. Experimental results aremgiv




in the next section. descriptions: Manually compiled, community-derived, and
The outline of the proposed procedure is as follows: automatically extracted from the web.

1. Obtain artist names.This step is quite straightfor-
ward. The most common source of artist names are

precompiled artist catalogues, or artist lists from the 1o describe artists in a uniform way, one could think of a
web. If an application such as the proposed artist similar strategy as applied by théusic Genome Projedt
browser should be used e.g. in a record store, the listfor music tracks. In this project, for each track a large num-
of artists would contain the artists whose music can per of annotations is created by specially trained persons.
be bought at the store. This approach has the advantage that the descriptions can
2. Obtain artist descriptionsi-or this step, we can think be e_lssumed to be meaningful. However, we see a number
of three different possibilities for realizing it: Manu- of d|§advantaggs. The annotators nged to know not.only t.he
music by the artists they are annotating, but also theicsoci

ally compiled, community-derived, and automatically o
extracted from the web. These three are discussed incultural background. For example, when thinking of Reg-

Section 3.1. The output of this step is a long list of ghae, many people also tlh'nkhOf \Ilamalcr?. O';ly I|_:ste|2:“r11gfto
words or concepts associated with each artist. Eacht € music may not reveaisuchre ationships. Particularly
of the words or concepts has a weight associated. ra_ther unknown artists such issues may be a pro.blem, and
this may also be a source of inconsistent annotations. Fur-
3. Analyse artist descriptions for common propertis. thermore, the way an artist is referred to changes over time.
the description (a long vector of weighted terms) that For example, during th&0*, nobody would have thought
is output by the previous step is too long, it is nec- of the music of th&/(° as “oldies”, which nowadays is one
essary to compress it to few — ideally meaningful — very common description for this kind of music. Also, as
concepts that make a high-level interaction feasible. trends change, new artists appear and new genres emerge.
This step is elaborated on in Section 3.2. Thus, a constant work would be necessary to keep the an-

notations up to date.
4. Representeach artist as a mixture of the common prop-

erties. This means to apply the transformation calcu-
lated in the previous step to obtain a compressed rep-
resentation for each artist. For example, the output There are web services such as Musicstramasl Audio-

of step Step 2 may a length of ab@@00, which is scrobble? that collect user-assigned data about musical artists.
mapped to e.gl6 concepts here. Inthese systems, each artist is assigned a number of wdighte
tags by the users. Audioscrobbler offers a public web API

The last step above yields a vector for each artist. AS a4 can he used to obtain this data. For our experiments, we
the user query also is represented by a vector of the SaMe <o this web service, as described in Section 4.

length, it is possible to calculate a similarity between the
query vector and each artist by applying the cosine similar- ) _ o
ity measure. The user query can be seen as a user-generatédt-3- Extracting Artist Descriptions from the Web
artist description. Similarities are presented to the user
the form of an artist list.

In the following sections, we will focus on the descrip-
tion of Steps 2 and 3, because the other steps are trivial.

3.1.1. Manually Compiling Artist Descriptions

3.1.2. Community-Derived Artist Descriptions

The third way we see to obtain the artist representations is
to use data available on the internet that was not created
with MIR applications in mind. Most notably, these are
real-language music reviews that were written for human
readers. As described in [1, 3, 4, 6], a search engine can be
3.1. Obtaining Artist Descriptions used to query text documents related to an artist name, and
the top-ranked pages returned by the search engine can be

Given a list of artists (obtained in Step 1), it is necessary analysed with text information retrieval techniques tcairiot

to obtain a description for each artist on the list (Step 2). a vector of weighted terms describing each diiSuch a

This descrlptpn has to be done uniformly fgr all artisteg an TFxIDF vector is constructed based on the frequency cer-
should contain as many aspects as possible. Only a few,

binary labels per artist (as e.g. found on All Music Giéide tain words appear on the ana_lysed web pages. L
- : For our experiments, we finally opted for a combination
seem not to be sufficient for our purpose. Instead, we think : : . .
. e ; of the techniques described in Sections 3.1.2 and 3.1.3.
of the artist descriptions as taking the form of a long (at
least several hundred) list of terms with associated weight  3http://pandora.com/mgp.shtml

We see three different approaches for obtaining such artist *http:/Awww.livestrands.com/
Shttp:/fwww.lastfim.com
2allmusic.com 6Note that data obtained this way is calle@mmunity metadatay [1]




3.2. Analyze Artist Descriptions for Common Proper- the terms allowed for describing the artists are now fixed.
ties In the next step, for each artist we assign a weight to these

. . . . _terms, as described in the next section.
As the number of terms associated with each artist descrip-

tion vector is too large to be individually adjusted via the ) i
user interface, this large amount is reduced by a computa?-2-1- TFxIDF Artist Analysis

tional technique (Step 3). To obtain TFxIDF for the artists, we apply a similar ap-
For dividing collections of documents (represented by proach as in [3]. For each artist name, a search efigine
lists of words) into categories, a number of approaches haves queried with the terms“ arti st name” +music +
been used, for example Latent Semantic Indexing (LSI), k- review The 100 top-ranked web pages are retrieved and
Means Clustering and Bottom-Up Clustering Techniques. stored locally.TFxIDF calculation is accomplished by re-
In [11], these technlques are discussed with regard to thelrgarding all web pages belonging to one artist as one single
ability to cluster documents based on their main topics, anddocument (i.e., the texts of all web pages of the artist are
Non-Negative Matrix Factorisation (NMF [12]) is found to  concatenated). The resultiffgFx IDF vector representing

be favourable. an artist assigns each term a specific weight, i.e., itis e cha
Here, we are not interested in grouping similar artists, acteristic artist profile.

but in grouping similar terms to compress the long artist
descriptions. In principle, all of the above techniques can k-NN 1-NN | 5-NN | 10-NN | 20-NN
be used for this task. We investigated Principal Compo- Accuracy | 90.9% | 90.1% | 89.1% | 87.8%
nent Analysis (PCA), clustering of term similarities based

on term NCI(\)A'ISCC\;J\; refncez, s&dFNon-Nekgstlve Mr?trrl]x Factor- 155 1. Averagek-NN leave one out classification accu-
ization ( )- We foun to work best, which seems racy when calculating artist similarities difrx IDF vectors

n acc.ordarrzce Withl[llf]' , q based or2048 terms. Baseline20.9%. Classification ac-
Given the resut.o an NMF, an gmst represente as curracy is probabilistic, e.g., if 3 out of 5 closest neighim

TFxIDF can be projected to a low-dimensional represen- have the same genre as the seed artist, this couéts .

tation (Step 4).

At this stage of the experiments, we conduct an interme-

4. EXPERIMENTAL SETUP diate test to estimate how well the artists are described by
o . the calculated@FxIDF data. We assume that artists that are
4.1. Obtaining Artist Names (Step 1) similar belong to the same genre. Thus, when comparing

For our experiments, we chose an artist repository of 1979artists bY calculating the cos[ne distance of thix IDF
artists, taken from the web site All Music Gufde The vectors, |d§all_y the CIO_S_ESt artists should belong 'th S8
artists are labelled with genres as followdazz(40.9%), genre. This is quantified by &-NN genre _cIaSS|f|cat|on
Heavy Meta(13.2%), Country(12.4%), RnB(10.2%), Blues experiment. The average genre classification accuracy for

. k = {1,5,10,20} is given in Table 1. In our experimental
9.4%), Electronica(4.8%), Folk (4.1%), Regga&(3.0%), ; ; o
;ndRO;pQ.l%). (4.87) (4.17) 992¢(3.0%) setup, the obtained values of up406.9% give an indica-

tion that the artists are accurately described byTthg IDF

. . L. representation.
4.2. Calculating Artist Descriptions (Step 2)

The artist list contains a large number of rather unknown 4.3. Extracting Concepts (Step 3)
artists, so the attempt to obtain community-assignedtartis
tags from the Audioscrobbliveb service failed for most
of them. After cleaning the obtained data (which included
removing tags that appear only for one artist), osgy of

the 1979 artists had valid tags.

Although the tag data itself could not be used in our
experiments, we assume that in general the tags that userg
assign to artists reflect the way people think and talk about
music. So we compiled a list of all tags appearing for these
331 artists, and merged it with the Audioscrobbler list of

We apply NMF to compress ti#48 terms that remain after
cleaning®. When applying NMF, one can choose into how
many factors- (i.e., bases) the data should be divided. We
calculated NMF forr = {2,4,8,16, 32,40, 50}, each of
these with64 random initializations, antl00 iteration steps.
NMF yields a projection matrix that can be used to project
longTFx IDF representation of an artist down to few di-
mensions. In more detail, this means to multiply the agtist’
TFxIDF vector with ther (non-negative) basis vectors. Each

“most frequent tags”. The result is a list 826 tags. Thus, Swe used Google.com
101.e., removing terms that appear only for zero or one agtist, remov-
7allmusic.com ing terms that appear for more than 99% of the artists. Tlis sutomated

8www.audioscrobbler.net procedure, no manual selection has taken place.



basis vector has the same length asTtRe IDF vector,and  using the browser, and setting all query concepts to zero ex-
can be thought of to represent a particutgic (cf. [11]), cept this, the top artist in the suggestion list is Lars GulhA
or “concept”. look at how Lars Gullin is described on web pages reveals
In general, for deciding which model fits the data best, that even short descriptions of him stress the fact that he
information criteriacan be applied. In our experiments, we was an European saxophonist who never visited the United
both used the Akaike Information Criterium (AIC) and the States, and that his impact would have been bigger if he had
Bayesian Information Criterium (BIC). However, like other done so. Thus, one can indeed say that this is an artist with
researchers before us, we found that these formulae do no& strong “locality” attribute.
well fit large models (as at hand), and the results are not  Although geographical regions may be an important as-
of use. Thus, we proceed by manually selecting the modelpect when characterizing an artist, in the way it is repre-
that appears to be best. It turns out thatifor 8, each of sented here it may not contribute to artist browsing. In such
the found factors (or “concepts”) could clearly be assigned a case —i.e., if a found concept should not be considered for
a genre label, except for one concept, which seemed to beartist recommendation — it may be advisable to remove this
both related tdPopandRap / Hip Hop Thus,r = 8 seems  concept by ignoring it duringFx IDF computation. This is
to be too small, and for further evaluation, we concentrate easily implemented by setting all values of the correspond-
onr = 16. ing dimension to zero.

4.4. Applying the projection (Step 4) 5.1. Assessing the Assignment of Artist to Categories

To confirm that instead of th2048 dimensionalTFx IDF
vector, thel6 dimensional concept vector found by NMF
can be used to calculate artist similarity, we repeat the cla

e e, 9Se Mot aritsar assgne o accoring o te Al M-
- Agam, 9 . sic Guide data? First, there is a category that could be best

L?Jgo%f ;V(\:/gu\?g?o;?’owee%pgg ﬂ;ﬁ %?Ismieemlizzutre. Crl_assp described byswing / 40s JazzThe most important terms
y dropp y slgntly, 1.€. e of this category ardazz Vocaland40s Looking at the

centage points (e.g., 7d~NN, the accuracy dropped from low-dimensional artist data created by NMF, we find that

90.9% 10 89.2%). indeed artists like Glenn Miller, Jimmi and Tommy Dorsey,

Aiter applying the projection, each artist is not repre- Sarah Vaughan, Louis Armstrong, and Ella Fizgerald have
sented by a longFxIDF vector any more. Instead, each this category as their most dominant category.

artist is represented by a vector of lenglit Each of these Another category that is obviously strongly related to

16 dimension is not a smgle; word (gs it is t.he case for the Jazz is the category we calebop / Hard Bop / Free Jazz

TFxIDF vector), but rather is associated with a number of . '

(weighted) words category. The most important terms of this category are

' Hard Boh Blue Noteand Free Jazz Well-known artists
that have this as their most dominant category in the 16-

5. RESULTS dimensional representation are Art Blakey, McCoy Tyner,
_ . and John Coltrane.

In Table 2, the most important terms belonging to each of  comparable results can be obtained for most of the other

the found categories are given. Each of the boxes containgategories. Thus, from our usage of the system, we find that

project the high-dimensiondlFxIDF -vectors down to the  an artist is a category where one would intuitively expect

16 categories. the artist to be. Together with the results of the experiment

~ When looking at these categories, interesting observa-presented in Section 4.4, we see this as a clear indication fo
tions can be made. Most of the categories are clearly relatetthe actual usability of the system.

to a genre. We see this as an indication that genre categories

are the dimensions that are best suited to describe musical

artists’* Also, there is one category that contains mostly 5.2. Browsing Experience
terms related to geographic entities. The fact that these ar
seen as a distinct category has no immediately obvious rea
son. One possible explanation is that “local flavour” or “ge-
ographic locality” is an additional attribute of artists.héh

When several of the found categories are related to the same
genre, they can be associated with different sub-genrest Mo
notably, this can be observed for the gedaez which is the

When changing slider values, the user interface is quite re-
sponsive. In most cases, the order of suggested artistehang
even for rather small slider changes. This is an important
improvement over the first experimental version containing

1This may sound trivial. However, other categorizationshsasinstru-
mentation or mood also could have resulted. 12These genre labels were not used in this experiment.
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Fig. 1. Demonstration of the artist browser. Internally, eaclstig represented asl&-dimensional vector giving the amount
this artist is related to each of thé categories given on the left panel. When the user selecischasést (via the dropdown
list located at the top), this artist’s representationdaasferred to the sliders. Here, the representation of Nhikegs is shown.
At the right, the artists most similar to the current slidesitions are listed. When the user modifies the slider postithe
list of most similar artists gets updated.



jazz vocals garth brooks breakbeat grindcore funky soul muddy waters|
40s americana progressive hous¢ doom metal funk rock blues guitar
music i like | traditional country deep house black metal music to get slide guitar
traditional pop alan jackson fatboy slim century media  funkadelic delta blues
jazz vocal johnny cash dnb death metal favorite artist | electric blues
jump blues bluegrass progressive trance speed metal funk classic blues
30s alt country drum n bass sepultura | psychedelic sou| mississippi
dokken motown hard bop jah best ever electronic music
melodic rock| the temptations blue note | jamaican rocknroll ambient techno
aor oldies modern jazz| dancehall prog math rock
deep purple| classic soul free jazz jamaica | progressive rock ambient
dio stax tenor sax rasta dance pop krautrock
hair metal soul artists post-bop | rocksteady| frank zappa synthpop
whitesnake | northern soul the jazz ragga 70s post-rock
research slipknot pop rap pra
indiana kyuss dr dre vivaldi
united states green day gangsta jazz-fusion
massachusetts  pop punk rappers peter white
european audioslave gangstarap soothing
scandinavia | rock alternative def jam larry carlton
sweden punk rock old school rap| spyro gyra

Tab. 2. Thel6 categories that were found by the NMF decomposition offfhg IDF vectors. For each category the 7 terms
with the largest weight are given.



