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Abstract

We present an efficient unsupervised approach in finding subjective artist meta-data on the
world wide web. Since we are interested in the collective knowledge on artists as available
on the web, our method is based on the extraction of information from multiple web pages.
We use co-occurrences of pairs of artists on the web to identify similarity between artists. To
determine the applicability of tags to artists we follow the same approach. We use Google to
find the co-occurrences on the web, either by analyzing Google excerpts found by querying
patterns or by scanning full documents. Since the same tags are often applicable to related
artists, we use similarity between artists to improve the tagging. We tested and compared the
two co-occurrence extraction methods on two different domains: finding the most appropriate
genres for music artists, and finding art-styles for painters. The results are convincing and
show that the use of similar artists indeed improves the precision of the tagging.
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1 Introduction

Popular internet radio stations, suchiast.fm provide their users with the possibility to anno-
tate their music. On the one hand users can indicate similarity between artists. For example a user
can indicate that/2is similar toColdplay On the other hand, users are offered the opportunity to
tagsongs, artists and albums (Figure 1). Examples of common tagénger-songwritergerman
andsexy Using thecollective knowledgef the users, an artist or album is characterized by the
tags mostly assigned to it (O’Reilly, 2005).

These tags and indications of similarity can provide meaningful data when browsing through
a collection. Moreover, they help people to discover new music. In addition to audio-extracted
features, subjective meta-data such as tags and similarity between artists are useful for a music
recommender.

The web is currently the de-facto source of information on popular music. Fan sites, artist
homepages, webpages with playlists etc. give valuable information on virtually every artist. In
this paper we present a method to compute (a) a measure of similarity between artists and (b) a
measure of applicability of tags to artists. We extract such meta-data from the web using Google.
Using multiple web pages, we want to compute such subjective meta-data using the collective
knowledge on the web. In line with the theory of latent semantic analysis (Manning 8tZgh
1999) we use the paradigm that related terms frequently co-occur in the same context.

This paper is organized as follows. In the next section we present the problem description,
followed by a brief overview of related work in Section 3. In Section 4 we discuss two efficient
methods to extract co-occurrences from the web. Such co-occurrences are used to compute a
measure of similarity between artists in Section 5. Using a list of tags, we use co-occurrences
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I’ItpOp canadian chill music chillax coldplay eclectic electro everything fav artists fave bands favourite artists
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overrated pop postorock pretty progressive metal b rOC romantic seenlive ska sleep soundtrack stoner
rock synthpop the best

Figure 1: Tags assigned to Coldplay by the last.fm users.

between tags and artists to compute the applicability of tags to artists (Section 6). In Section 7 we
discuss two experiments. In the first we test whether the tag that is most applicable to an artist
corresponds to the genre in an evaluation set. Moreover, we test whether similar artists, as found
with our method, indeed share the genre. In the second experiment we find the most applicable
art-styles for a set of painters.

2 Problem description

Given is a sef of artists and a set of tags (or labels). For each artst A we are interested
in the degree of similarity to any other artistAnas well as in the degree of applicability of the
labels inL to a. We compute values for the functionsA x A — [0..1] andp: Ax L — [0..1] such

thatvaeA(ZbeA\at(av b)=1AYcLp(al)=1).

Problem 1. For each artist paifa,b) € A x A, with a # b, find a measure of similarit(a, b) of a
to b such that for each we can give the ordered list of thmeartists inA most similar toa.

Problem 2. For each pai(a,l) € Ax L find a measure of applicabilitg(a,l) of | to a such that
for eacha we can give the ordered list of tmetags inL most applicable ta.

We assume two artists to be similar, if they are often mentioned in the same context.

We first extract co-occurrences from the web of names of artists. We do so by using the Google
search engine. Since current search engines only allow a limited amount of automated queries
a day, we focus on methods with a low Google Complexity (Geleigtsal., 2006). The co-
occurrences extracted are used to compute a similarity s$¢ae) for artista with respect to
artistb. A similar approach is taken to provisionally score the relasi@ql ) for artista and tag .

In this work, we use the hypothesis that the same tags are applicable on similar artists. We
combine the obtained scoring functiosig, | ) andt(a,b) into a final scoring functiom(a,1).

3 Related Work

Early work on relation identification from the web can be found in (Brin, 1998). Brin describes
a website-dependent system to identify fragments of hypertext that express a given relation. Such
fragments are called patterns. For example, on the Amazon website, patterns can be identified that
identify the relation between names of authors and novels due to the homogeneous structure of
the pages. For each web site, such patterns are learned and explored to identify instances that are
similarly related. SnowBall (Agichtein & Gravano, 2000) is a successor of Brin's system with an
embedded named-entity recognizer which can recognize occurrences of names of persons, cities

IFor clarity’s sake we use the teramtist in this paper. However, one may also read movie, painting or any other
instance in the arts and entertainment domain.



and organizations. The idea of extracting relations using patterns is similar to one of the methods
presented here. However, in Snowball the relations gathered are not evaluated.

Cimiano and Staab (2004) describe a method to use a search engine to verify a hypothesis
relation. For example, if we are interested in the ‘is @’ or hyponym relation and we have the
instanceNile, we can use a search engine to query phrases expressing this relationers.
such as the Nile'and “cities such as the Nilg” The number of hits to such queries is used
to determine the validity of the hypothesis. Per instance, the number of queries is linear in the
number of classes (e.gity andriver) considered.

In (Ravichandran & Hovy, 2002) a technique is introduced to find precise patterns using a
training set and a large text corpus. In (Geleijnse & Korst, 2006a) a method is presented to extract
information from the web using effective patterns. Search engine queries are constructed by com-
bining a pattern (e.gwvas born ifpwith an instance (e.gAnton Philipg into a phrase (e.gAnton
Philips was born inj. Such queries lead to precise search results, from which the related instances
(e.g.Zaltbomme) can be extracted and reused in different queries$ born in Zaltbomme}!

The number of Googléits for pairs of terms can be used to compute a semantic distance
between terms (Cilibrasi & Vitanyi, 2004). The nature of the relation is not identified, but the
technique can for example be used to cluster painters. In (Zadel & Fujinaga, 2004) a similar
method is used to cluster artists using search engine counts. In (®tldR005a), the number
of Google hits of combinations of artists is used in clustering artists. The same co-occurrence
count technique is recently used in (Scheidl., 2006) to assign genres to artists.

KnowltAll is a hybrid named-entity extraction system (Etziatial, 2005) that finds lists of
instances of a given class from the web using a search engine. It combines hyponym patterns
(Hearst, 1992) and class-specific, learned patterns to identify and extract named entities. More-
over, it uses adaptive wrapper algorithms (Crescenzi & Mecca, 2004) to extract information from
HTML markup such as tables. Contrary to our method, it does not use instances to formulate
gueries. In (Downeet al,, 2005) the information extracted by KnowltAll is evaluated using a
combinatorial model based on the redundancy of information on the web.

In (Boeret al, 2006) a number of documents on art styles are collected. Names of painters
are identified within these documents. The documents are evaluated by counting the number of
painters in a training set (of e.gxpressionisjsthat appear in the document. Painters appearing
on the best ranked documents are then mapped to the style. De Boer et al. use a training set and
page evaluation, where we simply observe co-occurrences.

In (Kneeset al,, 2004) clusters of artists are identified using similar terms on web pages describ-
ing the artists. The santéidf approach is used in (Brooks & Montanez, 2006) to automatically
tag weblogs.

4 Efficiently finding co-occurrences on the web

When two termau andv co-occur relatively often in the same context (e.g. within the same
web page), they can be assumed to be related (Manning &t8xh1999). With respect to the
Web, we expect terms to be related if a search engine retrieves many pages containing both terms.
In earlier work search engine queries were used that contained both the terms (e.g. (Cimiano &
Staab, 2004; Cilibrasi & Vitanyi, 2004; Scheastlal, 2005b)). The number of Google hits to such
queries were used as co-occurrence cou(u,e9.

In (Geleijnse & Korst, 2006b) and (Geleijnseal., 2006) we observed two drawbacks of such
an approach. On the one hand this approach leads to a high Google Complexity, i.e. many queries
to a search engine are required. If we are interested in co-occurrences of terms in two sets of sizes



nandm, this results in0(n-m) queries. On the other hand, the estimated numbers of hits to queries
can be unreliable (&ronis, 2006). Our earlier work shows that an approach using the number of
Google hits as co-occurrence measure between two terms indeed does not give satisfactory results,
we focus on more efficient methods in this work (Geleijnse & Korst, 2006b; Gelajrade 2006).

In this paper, we aim for an approach in which the number of queries is linear in the number
of terms in the sets. In this section, we present two alternative methods to acquire co-occurrence
counts using a linear Google Complexity. Earlier work showed that these alternatives yield better
results than a straight-forward quadratic approach where the number of co-occurrences af terms
andb equals the total number of hits to a query containing the two terms.

We next discuss a pattern-based approach (Section 4.1) and a document-based approach (Sec-
tion 4.2) to acquire co-occurrence counts. In Section 5 we use the number of co-occurrences of
pairs of artists to compute a similarity scdf@, b) for all artist pairs. The co-occurrence counts
of artists and tags are used in Section 6.

4.1 Pattern-based co-occurrence count (PAT))

The co-occurrence count using patternsT) is based on occurrences of terms in phrases on
the web (Hearst, 1992; Korstt al, 2006). We observe combinations of terms in phrases that
express the relation we are interested in. For example, if we are interested in the relation between
music artists and their genres, an appropriate phrase that links terms of the two cfaldibig
is one of the biggest [genre] artists”

We can identify these patterns automatically by using a training sésimilar artists and tags
(Ravichandran & Hovy, 2002; Geleijnse & Korst, 2006a). Learning patterns can be done with
O(|T|) queries.

We can learn patterns by querying combinations of related termsABBA anddiscg and
observe which text fragments relate the two terms. However, not all patterns found will provide
useful results. For example, the phrad@BA Fridge Magnets ‘Disco’!” leads to the pattern
‘[artist] Fridge Magnets [tag]ivhich may not be suited to find other artist-tag co-occurrences.
Therefore, we select the patterns that are likely to provide many useful results, by testing the
patterns found on effectiveness. The best ranked patterns, based on both precision and recall, are
considered to be the most effective ones.

We also construct a set of patterns expressing similarity between artistsTihis approach
gives us the opportunity to specify the relatedness between artists. For example, we can be solely
interested in artists who played together. A pattern sucfasst] recorded a duet with [artist]
could be suitable for this purpose.

We use combinations of a pattern and an instance or a category as a query to the search engine
(Geleijnse & Korst, 2006a). For example, if we have the patt@tayg] artist such as [artist]”
we use‘artist such as’in queries in combinations with all tags and artists. We use this pattern
e.g. both for the quer§Country artists such asind for the queryartists such as Princeln the
excerpts found with the first query, we identify artistsAimelated tocountry while in the results
for the second query we search for tags irelated toPrince

These queries provide access to relevant data. From the excerpts returned by the search engine,
we thus identify the elements of eithAror L to measure the number of co-occurrences of the
pairs. Hence, for termsandv the co-occurrence ¢, V) is defined as follows usingaT.

co(u,v) = ‘number of occurrences afby querying patterns witld' +
‘number of occurrences afby querying patterns with’



Retrieving co-occurrences of tags and artists requine§|A| + [L|) queries, when usingn
patterns. We perforrk- |A| queries to generate the data for finding the co-occurrences for relating
artists inA, wherek is the number of patterns expressing relatedness between two artfsts in
Consideringnandk as constances, the total amount of queries for this method ithas+ |L|).

4.2 Document-based co-occurrence count (DOC)

An alternative technique to efficiently find co-occurrence counts on the web focusses on observ-
ing co-occurrences within documentsqc). Here, we collect the firdt URLs of the documents
returned by the search engine for a given query. ThaseLs are the most relevant for the query
submitted based on the ranking used by the search engine (Brin & Page, 1998).

For each term in the sefsandL we collect the tofk documents. For artists iy, we retrieve
each document using therLs found by the search engine. We count the occurrences of the tags
in L in the retrieved documents. From the documents retrieved by querying altagénsimilarly
extract the occurrences of artistsAn

The documents obtained usimgpC are the most relevant for each elemér¢ A. For the
artists queried we expect biographies, fan pages, pages of museums, entries in database sites and
so on. The tags ih (e.g. the genres or styles) mentioned in these pages will most probably reflect
the genre of the artist queried.

The co-occurrences function is here thus defined as follows.

co(u,v) = ‘number of occurrences afin documents found when querying +
‘number of occurrences aofin documents found when querying

To find co-occurrences of artists and ta@§A| + |L|) queries are required. The documents
downloaded with the queries consisting of artist names can be reused when retrieving co-occurrences
of pairs of artists. Consequently, this method thus requires O(l§| + |L|) queries. However,
additional data communication is required since for each query Wpdimcuments have to be
downloaded instead of using only the data provided by the search engine.

5 Computing artist similarities

Using eitherPAT or DOC, we acquire co-occurrence counts for paas) € A x A.

Per artista € A we could consider the artibte A with the highest co-occurrence countadi)
to be the most similar ta. However, we observe that, in that case, frequently occurring artiats in
have a relatively large probability to be related to any artist. This observation leads to a normalized
approach, inspired by the theory of pointwise mutual information (Manning &i&eh 1999;
Downeyet al., 2005).

Per pair(a,b) € Ax A, with co(a,b) > 1, we compute the scordqa,b) andT (b, a).

T(ab)= —9&0D )
ZC,C;&b CO(C, b)

Note that, unlike c(a,b), T (a,b) is not symmetric in its arguments. The co-occurrence count
co(a,a) is undefined for alb € A, since no meaningful values can be identified using any of the
co-occurrence extraction methods. As a redu(s, a) is also undefined for al.



We introduce a normalized scdrsuch that(a,b) can be read as the probability that artiss
similar toa.

T(ab)
Zc,c;éaT (37 C)
If we are interested in the artist most similargove select thé for whicht(a,b) is maximal.

t(a,b) = )

6 Tagging artists

Using the co-occurrence counts(ad) of artistsa € A and tagd < L, we can find similar
scoring functionsS(a, 1) for all pairs(a,l) such that c¢a,l) > 1.

_co(a,l)
S(a7|) - ZbCO(b,I) (3)
Again, we normalize this function.
~ Sal)
S(a, I) = m (4)

Now, as a first approach, we could us@,|) to compute then most appropriate tags per
artist. However, since we also compute the similarities between artists, we can incorporate this
information to improve the tagging. We here use the hypothesis that for areaeigs applicable
to closely related artists are also applicabla.to

In earlier work, (Geleijnse & Korst, 2006b; Geleijnstal, 2006), we assumed the relation
between artists and tags to be functional. That is, each artist was assumed to be related to at most
one tag. We identified a list of the best applicable tags for ar#std itsk nearest neighbors. For
a final mapping betweemandL, we selected the most occurring tag in the list.

In this paper however, we assume that multiple tags can be applicable to one artist. We are
therefore interested in the probability that a taig applicable to artisa. The majority voting
technique as used in earlier work is thus not sufficient, we however do want to take similar artists
into account.

The degree of similarity of some artistto a was given byt(a,b). For tagl, the relatedness
betweenb and| is given bys(b,l). If b is closely related t@, we wants(b,l) to contribute
significantly to the final scor@(a,l). Using the normalized scoring functions, we can compute
the relatedness of tdgo artista as follows.

'(a]) = .b)-s(b,1 5
Pal) b,éat(a )-s(b,1) (®)

If for s(a,l) erroneously a high score is found, this error is decreased when the close related
artistsb have low scores fog(b, ).

Sincet(a, a) is not defined and we considsg(a, | ) relevant when computing the scores for the
tags with respect to artist we introduce a weighw for s(a,|) as a substitute fdr(a, a).

p(avl):W'S(aal)+(l_W)' g t(a,b)'S(b,l) (6)
b,b£a
Note thatp(a,l) = s(a,l) for w= 1. For artista and tad, p(a,l) can be read as the probability

that tagl is applicable taa. Now p(a,l) is a normalized scoring function for the applicability of
tagl to artista.



Zp(a,l) = Z(w-s(a,l)+(1—w)- éat(a,b)-s(b,l))
= Z(ws(al +Z (1—w) g t(a,b)-s(b,1))
= W~Zsa,l +(1—w)- Zéa t(a,b)-s(b,l)
- w+(1_w).zbéat(a,b)- s(b,1)
= w+(l—w)-g t(a,b)-s(b,l)
<a

= W+ (1-w)- ét(a,b)-Zs(b,l)

o

=

= 1-w)- t(a,b
W+ (1—w) bé (ab)

= w+(1-w)

=1

It now remains to find an appropriate value f@r One approach is to identify a training set
of artists and related tags. Using the co-occurrences acquired we can determine the walue of
0 < w < 1, for which the scores of the tags best fit the training set. In the following section, we
investigate whether the performance of the artist tagging method indeed improves for values of
smaller thari.

7 Experimental results

We present two experiments. The first experiment is in the music domain where we find artist
similarity among list of 224 artists. The artists are subdivided into 14 genres. We test whether
the most applicable tag corresponds to the genre in the reference list (&rele2004). In the
second experiment, we construct a list of painters and a list of art-styles using Wikipedia and link
the two.

In these experiments, we assume that per artist one tag is best applicable. We therefore only
test the performance of the best scoring tag. In future work however, we plan to test our approach
by creating a test set where multiple tags are applicable to an artist.

7.1 Tagging artists with genres

In the first experimentA is the set of all artists anld the set of all genres in the list composed
by Knees et al. (Kneest al,, 2004). This list consists of 14 genres, each with 16 artists. The genres
mentioned in the list are not all suitable for finding co-occurrences. For example, theléssital
is ambiguous andlternative Rock/Indiés an infrequent term. The set of tag¢herefore consists
of manually rewritten names of the genres (suchlassical musiinstead ofclassicdl. Moreover,
some synonyms were added. After collecting the numbers of co-occurrences of artists and genres,
we summed up the scores of the co-occurrences for synonyms. Thus, for eachtheisimber
of co-occurrences with the ternirsdie and Alternative Rockare added to the co-occurrencesof
with the genreAlternative Rock/Indie

We performed the experiments using bett andDocC to obtain the co-occurrences. FoaT,
we selected 16 learned patterns for finding co-occurrences of the elemAritsdh. For learning,
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Figure 2: Precision (%) for best scoring tags.

we used artists outside the test set. For the similarity between the artistshie patterns found
were mostly enumeration patterns, €igcluding [artist] and [artist]” We used seven of them.
UsingDboc, we downloaded the first 100 documents retrieved per query.

NUMBER OF NEAREST NEIGHBORS CONSIDERED

METHOD n=1 n=2 n=3 n=5 n=7 n=10 n=15
PAT 89.4 832 790 723 67.0 61.0 53.6
DOC 69.2 646 60.1 545 479 39.4 28.0

Table 1: Average precision of threnearest artists sharing the same genre.

We test the precision of the artist similarity method using the genres in the evaluation set. If two
artists in this set share the same genre, we consider them closely related. Using thg adores
for all artists we computed an ordered list of similar artists. Per atiste checked whether the
n nearest neighbors, based on the scofad), share the same genre in the evaluation set. In
Table 1 the average percentages of nearest neighbors can be found that share the same genre with
artista.

Using the co-occurrences found withT, the precision for one nearest neighbor is 89.4%. As
can be expected, the precision #xT decreases when considering more neighbors. However,
considering that per genre only 16 artists are identifiedhfer 15 the precision still is53.6%.

The performance oboc is less precise. For larger numbersnothe precision drops. This can

be explained by the fact that considerably smaller numbers of co-occurrences are found using this
method. For some artists, co-occurrences could be found with only five other artists. The pattern-
based methodAT thus performs best in precision and recall with respect to artist similarity.

In Table 2 and Figure 2, the precision of the genre tagging method can be found. Per artist, the
best scoring genre usinya, ) is evaluated using the evaluation set. Note that we only check for
precision, and not for recall. If no tags could be found for an artist, we considered the result as
erroneous.

When no similar artists are taken into account (hemce 1), boc outperformspAT. How-



ARTIST-GENRE TAGGING

METHOD w=1l w=0 best (correspw)
PAT 71.0 830 87.1 0.14
DOC 81.0 723 83.9 0.43

Table 2: Precision (%) for best and extreme valuesfor

ever, since the artist similarity scores usitrg are more reliable than those mbc (Table 1), the
performance oPAT increases with the weight of the neighboring artists. Hoc however, small
values ofw have a negative effect on the precision. The best results for both methods are never-
theless obtained usingva smaller than 1. We thus can conclude that incorporating similarities
between artists improves the performance in this experiment.

With the supervised music artist clustering method discussed in (Kne¢s2004) a precision
of 87% was obtained using complex machine learning techniques and a relatively large training set.
In (Schedlet al., 2005a) a precision of up ®5% precision was obtained using(|A|?) Google
queries. We can conclude that our simple and unsupervised method produces similar results.
Moreover, we explicitly tag artists with genres instead of computing clusters of artists. Recent
work by Schedl et al. (2006) does focus on the direct tagging of artists. The method described in
this work usesO(|A| - |L|) Google Complexity and uses a scoring function abk& |) to select
the most appropriate tag. They report a precisionl®oon a test set with only 9 distinct genres.

7.2 Tagging painters with art-styles

In this experiment we are interested in whether our method is also applicable to a different
domain. We map a set of paintekgo a set of styles and movements in art. (From Wikipedia
we extracted a list of 1,280 well-known painters from the artic of paintersand a list of 77 art-
styles fromList of art movements We tested the performance of the algorithm on the subset of
160 painters who could be extracted from pages describing styles (e.g. from the pabstiact
Expressionisim The other 1,120 painters are either not mentioned on the pages describing styles
or are mentioned on more than one page. However, when computing similarities between the
painters, we take all 1,280 painters into account.

"[painter] [movement]"

"[movement] [painter]"

"[painter] and other [movement]"
"[painter] and [movement]"

"[painter] tog initiativ til [movement]"
"[painter] and the [movement]"
"[painter] surrealism [movement]"
"[painter] synthetic [movement]"
“[movement] artist [painter]"
"[painter] express [movement]"
"[painter] of the [movement]"
"[painter] uit de [movement]"
"[painter] experimenting with [movement]"
"[painter] arte [movement]"
"[movement] painter [painter]"

Table 3: Best scoring learned patterns for painter - movement relation.

2www.wikipedia.org Both pages visited in April 2006.



For the elements df in this test no synonyms were added. For fairness, we excluded pages
from the domairwikipedia.org in the Google search queries.

In Table 3 we give the best scoring learned patterns for the painter-movement relation (used in
PAT). For the relation between pairs of artists, we used the same enumeration patterns as in the
first experiment.

In this experiment we do not have a ground truth for the best applicable movement to every
artist. We therefore cannot evaluate the performance of the artist similarity scores.

The results of the movement tagging experiment are given in Table 4 and Figure 3. Although
in the painter-movement experiment the number of categories (77) is much larger than in the first
one (14), the performance AT and especiallypoc is still good for smaller values af.

It is notable that in this experiment the precision of both methods improves when increasing
the effect of the neighboring painters (i.e. by decreasihgThe precision fow = 0 (the direct
scorings(a, ) not taken into account) is thus better than the performansgadf) (i.e. p(a,l) for
w = 1). Best results are obtained for bathT andpoc for values ofw around0.15.

Although the performance of the second experiment is less good than the one of the first exper-
iment, we can conclude that the results of the painters tagging task are convincing given the size
of the set of tagt.

PAINTER-MOVEMENT TAGGING

METHOD w=1 w=0 best (correspw)
PAT 48.1 55.6 63.8 0.05
DOC 58.8 66.3 78.8 0.18

Table 4: Precision (%) for best and extreme valuesvfor

painter-movement tagging
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Figure 3: Precision (%) for best scoring tags.



8 Conclusions and Future Work

We have discussed two efficient alternative metheds &ndboc) to obtain co-occurrences of
terms using a web search engine. These methods are applied to gain scoring functions for mutual
relatedness between artists (or painters) and for relatedness between artists and tags (genres or
art-styles). Using the assumption that the same tags are applicable to similar artists, we combine
these scoring functions into a final score. We use a waigdflor the initial scores between artists
and tags.

The method discussed to obtain the co-occurrences are linear in the number of items in the
sets of artists and tags, where alternative approaches in literature are quadratic. This distinction
is important for tagging large sets of artists, since search engines allow only a limited amount of
automated queries per day.

We can precisely find similar artists, especially usig. Both approaches lead to good results
when tagging artists with genres. A second experiment consisted of the tagging of painters with
their art-styles. Here, theoc method gives good results. However, it is not possible to identify a
uniform reliable value fow based on these experiments.

The results of the two experiments are encouraging. Using the computed similarities between
artists indeed helps to improve the tagging of the artists. The experiments show that taking similar
artists into account improves the performance of the tagging.

In future work, we do not only want to evaluate the best scoring tag, but rather tha best
tags. We want to compose a more diverse_ssith tags commonly used in folksonomies such as
last.fm. Using a larger set of artists, we want to evaluate the performance forbbhet scoring
tags per artists using data from such a large tagging community.

Moreover, currently we assume the tags in thelsé& be given. We are interested to ex-
ploit methods to learn new terms for the $et This can for instance be done with tifadf-
approach (Kneest al, 2004; Manning & Schitze, 1999).
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