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Abstract

Due to efcient compression algorithms like MP3, the number and size of digital music repositories have
increaseddramatically over the past few years. Consequently, the demand for obtaining digital music from
the Internet has beenrising. Hence, effective methods for nding pieces of music in such repositories are
becoming more and more important. Unfortunately , when working with traditional user interfaces which
solely provide text-based search, the user already hasto know certain textual properties of the songs he/she
is looking for (e.g. name of the artist or album). In contrast, the prototype of the user interface which has
been developed by the author is basedon graphical visualizations of musical similarities between the pieces
contained in the repository. This enablesthe user to exploratively browse through the collection, an approach
which is especially useful for discovering formerly unknown piecesof music.

In order to provide dif ferent views of the music collection, two algorithms were chosento processthe audio
signals. Thesealgorithms measure musical similarities according to rhythmic and timbral properties.

The developed user interface “ViSMuC” (Visualizationof StructuredMusic Collectionsymplements an arti -
cial intelligence method called Aligned Self-OmganizingMapsin which high-dimensional data is representedby
a 2-dimensional map. The piecesof music are visualized according to an adjustable weighting of their rhyth-
mic and timbral properties. Forming clusters of similar pieces,the resulting groups are colored with respectto
the number of songsthey represent. Different colormaps are available for this purpose. Sinceillustrating all
piecesof amedium or large collection on asingle map would yield atremendously complex and thus unusable
visualization, the user interface contains two hierarchical components. Firstly, for eachregion of the map that
representsa large number of songs,anew map is provided. Secondly, the dir ectory structur e of the repository
is taken into account sinceit usually forms a meaningful hierarchy. Another important part of the user inter-
faceis the visualization of arbitrary meta-information, which can be taken, for example, from ID3-attributes
or external databases.The employed technique illustrates the distribution of the values assignedto the meta-
information attributes over the complete map. Together with visualizations that are based on the features
gained from the similarity measuresand their projection to the map, the images showing these distributions
facilitate the interpr etation of the map.

For the purpose of testing the user interface, a test repository composed of more than 800 MP3- les was
created and various meta-data was inserted into a databaseby the author. Finally, a short usability study was
conducted and suggestionsfor applications aswell asfor impr ovement of the prototype were elaborated.

Motivation and Introduction

Over the past few years, the demand for digitally stored music has risen drastically. The availability of
algorithms for music compression, especially MPEG-Layer 3 (MP3), together with high-speed Internet ac-
cess,yielded an enormous increasein digital music distribution (DMD). The growing number of large music
databases,which are very important for commercial music stores like AMG All Music Guide!, Amazor? or
iTunes®, just to name a few, raisesthe demand for methods to ef ciently browse through and search in such
repositories. Most of the existing interfaces perform quite well when the taskisto nd music by a given artist
or on a speci ed album, i.e. when the user knows exactly what he/she is looking for, but are unsuitable to
support the user in discovering unknown music. For this reason, a user interface based on Self-Oganizing
Maps(SOMs)—neural networks used to cluster high-dimensional data—hasbeendeveloped. The data consist
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of feature vectors, eachof which describessome musical properties, e.g. rhythm or timbr e, of one piece of the
repository.

The basic idea of the user interface is to visualize the repository on a map where songs that are similar
according to acertain property canbefound closetogether. Thus, there areregions representing a lot of pieces
aswell asvery sparseareason the map. Thesedif ferencesin density canbe visualized by applying acolormap,
which enablesthe user to distinguish certain clusters, each of which representsmusic with similar rhythmic
or timbral properties. In the developed interface, a colormap similar to the “Islands of Music” described in
[PamO01]] is used by default, becausethe metaphor of geographic maps where the clusters are representedby
islands which are separated by the seaseemedto be very intuitive to the user. In addition, other colormaps

are available. ) S o )
The user interface is based on the visualization approach of [Pam01]. This original approach restricts the

visualization to one single map, thus is not suitable to deal with large music repositories. Addr essing this
shortcoming, the developed prototype combines dif ferent hierarchies, which are not necessarily compatible,
and visualizes them by linked maps. Unlike in [PamO01], two existing similarity measureswere chosento let
the user shift the view between arhythmical and atimbral clustering of the repository. The choice for the two
measuresis basedon an analysis of ve similarity measures.

Furthermor e, the developed system also takes into account the hierarchical structur e of the music reposi-
tory, which comprises two aspects—the musical structur e and the dir ectory structure.

The former is given by the distribution of the pieceson the map. If the number of songs assignedto one
region exceedsa xed limit, afurther re nement of this areais done by intr oducing a new hierarchical level,
i.e. displaying a new map which contains only the piecesof the particular region. In this case,just a prototype
piece that bestrepresentsthe music of the underlying hierarchy level is displayed on the original map. Using
this technique of hierarchically organizing the map according to the musical similarity structure of the pieces,
the system s capable of visualizing an unlimited number of tracks.

The latter, the dir ectory structure, is usually very important to the provider of music databasessince it
offers an easyway to organize the repository on the harddisk according to varying preferences.For example,
a supplier of digital music could createdir ectoriesfor eachgenre, whereasanother may prefer to name them
after the artists. For this reason,the user interface offers the possibility to easily jump into the dir ectory of each
displayed piece of music.

Mor eover, the user can get deeper insights into the clustering of the piecesby browsing different views.
This is done by shifting the focus between timbral and rhythmic aspects,which leads to dif ferent maps and
clusters [PDWO3].

Another important part of the user interface is the visualization of additional meta-information. Since
many people use the ID3 tagging systent to label and categorize their songs, presenting these data is usually
very valuable to the user. Therefore, they are visualized in two ways. Firstly, a textual presentation of the
most frequently used ID3-attributes appears when the mouse is moved over the label of an arbitrary song.
Secondly, a graphical visualization of the genre distribution is shown for eachmap, which supports the user
in interpr eting the clusters, i.e. assigning a genre to eachcluster.

Due to the fact that the ID3-standard de nes a limited number of attributes, one could prefer using a
databaseproviding advanced information for eachtrack of the repository. The user interface also permits the
visualization of such extra information given by an external database.

On the whole, the developed user interface offers a wide range of possibilities to exploratively discover
formerly unknown music aswell asto browse through well-known repositories. It can be used by commercial
music storesthat want to offer an explorative way of nding new music according to the personal taste of their
customers. Private music lovers owning large databasescould also bein favor of such a system.

Feature Extraction

To calculate the similarity of two arbitrary piecesof music, it is necessaryto extract low-level featuresfrom the
audio signal. Thesefeaturesdescribe speci ¢ musical properties like timbr e or rhythm. For the calculation of
the SOMs for the user interface, two techniques for feature extraction and similarity measurement were used.

The rst oneis arhythm-based measure called rhythm patterns/modied uctuation strength (RP/MFS).
It aims at detecting reoccuring beatsat certain frequencies. For this reason,a matrix describing the modi ed
uctuation strengths for 20 frequency bands and 60 levels of modulation frequenciesranging from 0to 10Hz,
thus from 0 to 600 beatsper minute (bpm) is calculated for every piece of music. Technical details of the algo-
rithm canbe found in [PRM024d)].

As second feature extraction technique, spectrum histograms (SH) are used. Such spectrum histograms
describetimbral aspectsof music. The approachpresentedin [PDWO03] and used hereis quite simple and very
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fast compared to other timbr e-basedtechniques, but neverthelessyields respectableresults. The calculation of
a spectrum histogram matrix for a specic piece of music is done by counting how many times the piece of
music reachesor exceedsa speci ¢ loudnessin eachfrequencyband. Hereafter, the sum of the resulting matrix
is normalized to 1in order to cope with the different play lengths of the piecesin a collection. The resulting
matrix has 20 rows and 50 columns. The rows representthe frequency bands, whereasthe columns indicate
the loudness level.

Organization and Visualization of High-Dimensional Data

The result of the feature extraction is a high-dimensional data item for each piece of music in the collection
under consideration (1200dimensions in caseof RP/MFS, 1000in caseof SH). Sincecalculating the SOMs for
the developed user interface dir ectly from the original feature vectors would lead to unacceptable computa-
tion times, a dimensionality reduction to 80is performed by compressingthe data using Principal Component
Analysis (PCA) [Hot33, Jol8§. The compressedfeature vectors are then clustered with a Self-Oganizing Map
(SOM). Finally, the calculated SOM is visualized with a Smoothedata Histogram (SDH). Sincethe SOM and
the SDH are the most important techniquesinvolved in the creation of the user interface, they are explained in
the following.

Self-Organizing Map (SOM)

The Self-OganizingMap (SOM) [Koh82, Koh01, SJ02Ves0(q is a powerful neural network algorithm basedon
unsupervised learning. The main idea of the SOM is to organize multivariate data on a usually 2-dimensional
map in such a way that data items which are similar in the high-dimensional data space are projected to
locations which are closeto eachother on the map. Therefore, probably the most important application area
of the SOM is the representation of high-dimensional data sets.

Basically, the SOM consists of an ordered set of map units, each of which is assigned a modelvector® m;
of the same dimensionality as the original data space. The map units are arranged either rectangularly or
hexagonally to form agrid. The setof all model vectors of a certain SOM is referred to asits codebook

Before training the SOM, the model vectors are initialized. This canbe accomplished by assigning random
values or by using more sophisticated methods. For example, the rst m principal components can be calcu-
lated in order to linearly initialize the model vectors along the m greatesteigenvectors, where m denotes the
cardinality of the codebook, i.e. the number of map units.

The training processitself can either be performed sequentially or by using the batchmap[Ves0(Q. Both of
thesemethods are explained brie y below.

Sequential Training The basicalgorithm for the SOM [Koh82] usessequential training, alsoknown asonline
training, which is performed iteratively . Eachtraining iteration starts by choosing one randomly selecteddata
item x out of the data setdenoted by X. Subsequently, the distance between x and each model vector m; is
calculated — e.g. according to the Euclidean norm. The map unit possessingthe model vector myny, that is
closestto the data item X is referred to as bestmatchingunit (BMU) and is further used to representx on the
map. Formally, the selection of the BMU is given by Expression1.

kx  mpmuk= minfkx mjkg (1)
1

In the next step, the model vectors are updated to reduce the distance between the data item x and the
model vectors of the BMU and its surrounding units. Sincean important aspectof the SOM is to preservethe
distancesbetween the items in the data space,aneighborhood kernel hpmg:i (t) centered on the BMU is de ned.
Hence, the model vectors of units close to the BMU are adapted more than those far away from the BMU,
which ensuresthat neighboring map units representsimilar data items. This is of particular importance since,
especially at the beginning of the training processand when random initialization is used, the model vectors
exceedingly dif fer from the data items. The neighborhood kernel can be de ned by a Gaussian as shown in
Expression 2, where rpm, and r; denote the 2-dimensional position of the respective units on the map. Thus,
by krpmu 1k the distance between the units bmu and i within the output spaceis given. The time-varying
parameter ensuresa decreasing size of the neighborhood kernel during the training process,which enables
the formation of large clusters in the beginning aswell asallowing a selective ne-tuning towards the end of
the training.

5In some publications the model vectors are denoted as refeencevectors prototypevectorsor weightvectors
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Furthermor e, a learning rate (t) is used to gradually decreasethe overall amount of adaptation. The
complete update rule for the model vectors is given by Expression 3.

mi(t+ 1) =mit)+ (1) Pomui (1) [x  mi(t)] ®3)

Either the learning rate and the neighborhood kernel decreasegradually with the iteration cyclet since
high adaptations are necessaryin the rough training phase at the beginning and smaller ones for the ne-
tuning towar ds the end of the training.

The number of performed iterations mainly depends on the cardinality of the training setand the number
of map units but should be at least one epoch, i.e. eachdata item is presentedonceto the map.

hpmui (t) = exp

Batch Map The batch map version of the SOM-algorithm as proposed in [Koh92] is also performed iter-
atively, but instead of presenting a single data item to the SOM at a time, the whole data set is taken into
account at eachiteration step. The main advantage in comparison with the sequential training is that execut-
ing the batch map algorithm on the samedata setwith the same parameters more than once produces similar
maps. However, it is necessaryto have accesso the complete data setin order to use the batch map. Sinceall
data items are presentedto the map at the sametime, no learning rate is needed.

Eachtraining iteration involves two steps,which are executed until no further signi cant changesof the
model vectors occur. First, the data setis divided according to the Voronoiregionsof the map, i.e. the BMU for
eachdata item is calculated (cf. Expression1) and eachmap unit i is assigneda VoronoisetV ; which points to
all data items that are bestrepresentedby this unit. Having determined the Voronoi sets,in the second step,
the new model vectors are calculated according to Expression4, where n denotes the number of items in the
data setand bmu; is the best matching unit of data item x; . Therefore, the new model vector is the weighted
average of the data items, wher e the weight of eachitem ¥x; is given by the value of the neighborhood function
hpmu, ;i (1) atits BMU. Hence, the Voronoi setswhich arespatially closeto map unit i in uence the model vector
m; more than those farther away.

P
ﬂr;:l hmej i (1) X
jn:1 hmej i (t)

m; (t+ 1)= 4)

Using the Batch Map for the User Interface  The batch map algorithm is stable with respectto repeated
calculations performed on the samedata set. This is why it has beenchosenfor the developed user interface.
Sinceusability was one of the most important requirements, the user should not be compelled to learn totally
new positions for the same piecesof music every time when afew songsare added to the repository.

Aligned Self-Organizing Maps

De ning similarity is often a quite dif cult task, which may involve several aspects.For example, images are
distinguishable according to the used colors, shapes,textur esor other criteria. Theseaspectscan be extracted
from dif ferent low-level featuresin various ways. Furthermore, they can be weighted differently and also
compared on the basisof diverse metrics.

Generating one SOM for eachof the dif ferent aspectsraisesthe problem that the resulting SOMsaredif cult
to compare dir ectly since the same data items are located in dif ferent regions of the map and also the cluster
structur e differs heavily. Addr essing this issue, Aligned SOMs as intr oduced in [Pam03, PDWO03] offer the
possibility of gradually shifting the focus from one aspectto another by providing a number of aligned views.
Mor e precisely, multiple SOMsaretrained on the samedata using slightly but gradually modi ed parameters.
The resulting stack consistsof the SOMs that representthe two extreme values of the aspectsand a number of
SOM layers that are inserted between them to allow smooth transitions since neighboring SOM layers project
samedata items to similar regions.

Like the standard SOM, also the Aligned SOMSs can be trained either sequentially or using batch training.
However, to align the SOMsduring training, it is necessaryto de ne adistance between layers that determines
the smoothnessof the transitions betweenthem. Given this distance, it is possible to calculate the pairwise dis-
tancesbetween arbitrary items within the complete stack. The inter-layer distances,i.e. the distancesbetween
units of different layers, are used to align the layers in the sameway the intra-layer distances between units
within a map are used to preservethe topology of the data space.



The sequential training processis basically the sameasthat for the standard SOM. In the rst step of each
iteration, a data item x and a layer | are randomly selected. Hereafter, the BMU for x is calculated within
the chosenlayer. The adaptations of the model vectors within layer | are calculated based on the intra-layer
distancesexactly asshown in Expression3. The update function for all other layers takesinto accountthe inter-
layer distancesand adapts the model vectors according to the representation of the data item in the respective
layer. As for the representation of the samedata item in dif ferent layers, eachdata item is assignedone feature
vector x| for eachlayer |, where eachx, is composed of at leasttwo feature sets(one for eachaspect),which are
weighted dif ferently according to the feature balanceof the layer. After having updated all model vectorsin all
layers, the described processis repeatediteratively until ade ned convergenceor some other stop criterion.

As for the batch training version of the Aligned SOMs, a very good explanation canbe found in [PDWO03].
However, since the calculation of aligned maps requires considering the relations between a large number
of map units and dif ferent representations of same data items, the Aligned SOMs are computationally quite
complex.

A Simpler Approach of Aligned Maps for the User Interface  Using the developed Matlab® -program in
order to createa hierarchical user interface for a given music repository involves calculating a large number
of visualizations on dif ferent hierarchy levels. Therefore, a simpler and less time-consuming approach was
chosento generate multiple SOMs for dif ferently weighted feature sets. This approachinvolves a new form
of codebook initialization. In particular, given an already calculated SOM, its neighboring (with respectto
the feature balance) SOMs are initialized by taking the model vectors of the existing one as their codebook.
Although this is a very simple approach,it usually yields smooth transitions between neighboring SOMs (cf.
Figure 6).

Smoothed Data Histogram (SDH)

The Smoothedata Histogram (SDH) as proposed in [PRMO02b] as a cluster visualization method for SOMs,
aims at estimating and visualizing a probability density of the high-dimensional data items on the map. This
estimation is based on a voting mechanism of the underlying multivariate feature vectors. Given a spread
parameter s, eachdata item votes for the s map units whose model vectors best resemblesthe feature vector
of the data item. Taking into account the increasing distancesto the s BMUs, the closestmap unit is assigned
avalue of s, the second closesta value of s 1, and so forth, until the s-th closestone is eventually assigned
the value 1. Allpother map units receive O of this “similarity points”. Mor eover, the values of eachrating are
normalized by, iin order to ensure that the sum of the votes equals 1 for eachdata item. s

After having processedall data items, the resulting distribution of the votes exhibits high values for regions
on the map where the respective model vectors are similar to a large number of feature vectors. Therefore,
visualizing this distribution shows typical clusters of the SOM. Sincean important property of the SDHs are
their smoothness,the distribution matrix is expanded by inserting interpolates between eachpair of values in

order to offer amore attractive view. S .
As for the in uence of the spread parameter s on the visualization, in the caseof s = 1, the SDH equalsthe

standard data histogram sinceonly the BMUs are taken into account. With increasingvalues of s, the apparent
clusters grow until they begin to merge and eventually result in only one big cluster at very high values of s.

Prototype of the User Interface

The principal motivation for creating a user interface that visualizes the results of perceptual similarity mea-
sureswas to support the user in exploring formerly unknown music. This would be dif cult with traditional
text-based search engines that are used by the majority of content providers of actual DMD-systems. Since
usersdo not always know how to specify what they are seeking, nor even what they are looking for, develop-
ing solutions that addressthis issuesis an important and challenging task [Pac03.

To generatethe user interface for a given repository, aMatlab® -program, which processeghe available data
and nally createsa setof linked HTML- les and pictur eswas developed. HTML and JavaScriptwere used
to ensure the independence from the operating system since web browsers supporting JavaScriptare available
for nearly all platforms.

The remainder of this section is organized as follows. In the rst subsection, the data sourcesthat can
be used by the code generating Matlab® -program are reviewed. Hereafter, the structure and design of the
user interface are presentedaswell asits functions. Subsection then illustrates the dif ferent parts of the user
interface that was generated based on the data of the test repository. Finally, the last subsection provides
some results of a short usability study that was conducted to reveal shortcomings and gather suggestions for
impr ovement.



Available Data Sources

In this section, the various data sourcesthat can be exploited to generatethe user interface for a given reposi-
tory are discussed.

Similarity Measures

The similarity measuresform the most important data sourcesincethe SOMsare basedon them. The RP/MFS-
measure is chosento calculate the rhythmic featuresfor the user interface. The spectrum histograms (SH)
model the timbral aspects.

User-De ned Directory Structure

Most users organize their music repositories with respectto some individual ontology. For this reason,they
often create a dir ectory structur e that consists of folders for dif ferent genres, artists, alboums or other criteria.
This user-de ned dir ectory structure is taken into account by recursively accessingall dir ectories of a given
repository and creating visualizations for every visited folder. Regarding the SDH-visualizations of the user
interface, for each piece of music that is not situated on a map which already representsthe content of the
dir ectory containing the piece, alink to the appropriate folder enablesthe userto browse according to his/her
familiar dir ectory structure.

ID3-Tags

The ID3-tags of all MP3- les contained in the repository are extracted by a Matlab® -program which createsa

le in every dir ectory of the repository. This le consistsof ID3-tags ® of all music les that reside either in this
folder or in dir ectories at deeper levels.

Meta-Information from External Databases

A databasecontaining categorizations for each piece of music in the test repository was created by the author
in order to illustrate the visualization of arbitrary meta-information. In detail, every piece of music has been
assigneda value for the following attributes:

mood (values: sad, neutral, happy)

tempo (values: very slow, slow, medium, fast, very fast, varying)
complexity (values: low, medium, high)

emotion (values: soft, neutral, aggressive)

focus (values: instruments, vocals, both)

genre, subgenre, subsubgenre (values taken mainly from descriptors of the All Music Guide’)

The usage of external meta-data for creating the user interface is not restricted to a speci ¢ databaseformat. A
Matlab® -program is used to import the data from arbitrary external databasesinto Matlab® .

Structure and Design

The structure and design of the user interface were elaborated in accordance with the most common princi-
ples for data visualization, namely focusingand linking [BMMS91]. These concepts and their application to
the developed ViSMuC-interface are explained in the second part of this subsection. First, the functions and
visualizations that are provided by the user interface are described.

6The following ID3-tags are used: title, artist, album year, genie, commentbitrate, bitrate2 playtime. In caseof variable bitrate encoding
the attributes bitrate and bitrate2indicate the minimum and maximum data throughput, respectively. If the encoding is performed using
a constant bitrate, bitrateand bitrate2are the same.
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The Dif ferent Parts and Functions of the User Interface

To geta rst impr essionof the user interface, the readeris invited to take alook at Figure 1. This gur e shows
the threemain parts of the ViSMuC-interface: control panel, main visualization areafor SOMs, and meta-data
visualization area.

The leftmost frame contains the control panel (cf. Figure 2) that is used to change the content of the other

two areas.This control panel is split into four parts. At the very top of it, threenavigation buttons canbe found.

Sincethe “back”- and “forwar d”-buttons of all popular Internet browsers areincapable of updating more than

one frame at a single click, correctly working functions to go back and forwar d one view are provided by the
leftmost and the rightmost of the three buttons, respectively. By clicking on the center button the user can
always jump to a standard view of the root level dir ectory that usesthe colormap “islands” and is basedsolely
on the rhythmic features. The metaphor of arrows as symbols on the navigation buttons was chosenbecause
most users are familiar with it since it is very common. Below the navigation buttons, the feature balance
selector is situated. Depending on the chosennumber of aligned SOMs, the in uence of either rhythmic and

timbral featureson the visualization can be adjusted gradually with this selector. Moving the mouse slowly

from the topmost blue square over the intermediate links to the lowermost square results in loading aligned

SOMs that successivelyshift their focus from rhythmic to timbral properties of the music. The next part of the
control panel is the colormap selector, which is used to changethe appearanceof the actually displayed SOM
by applying dif ferent color models.

Occupying the most spaceon the screen,the main visualization area,situated in the center frame, is used
to display the SDH-visualizations. Furthermor e, some important additional information can be found above
the graphical representation: the root dir ectory on which the actual visualization is based,the feature balance,
and the current hierarchy level. As for the images of the SOMs/SDHs, displaying agrid on the map leads to
easily distinguishable map units. The labels showing the song titles are truncated to either 15or 20 characters
depending on the total number of map units in order to t into the grid elements. They directly link to the
corresponding MP3- les. Furthermor e, moving the mouse over alabel opensapop-up window containing the
full name of the piece of music aswell asadditional information gained from its ID3-tags. An example of such
an “id3-tag info”-box can be found in Figure 5. As for the red and yellow squareson the map, their function is
explained in the next subsection.

The rightmost frame of the user interface representsthe meta-data visualization area.Here,the distribution
of attribute values given, for example, by ID3-tags or external databasesis illustrated. This is accomplished by
counting the number of songsthat satisfy a certain (attribute, value)-assignment for eachmap unit and visual-
izing a smoothed version of the resulting quantity matrix. Thesemeta-data visualizations support identifying
the clusters formed by the SOM.

Using Focusing and Linking in the Hierarchical Structure

The concept of creating easyto understand illustrations each of which focuseson a particular aspectof the
underlying data is usually referred to asfocusing [BMMS91].

Very common focusing techniques are selectingsubsetsand dimensionalityreduction Both are applied each
time a ViSMuC-user interface is created. Dimensionality reduction is achieved by using the data projection
techniques PCA and SOM, whereas subset selection mainly aims at choosing those pieces of music that are
displayed on eachSOM. In the developed Matlab® -program, the cardinality of such a subsetis determined by
two factors: the number of map units of the SOM and the number of songs mapped to eachunit.

Sincethe number of map units should be dependent on the number of data items, the map size is deter-
mined by taking the square root of the cardinality of the data set and multiplying it with a constant value.
The result is rounded to obtain a column/r ow-ratio of 3:2. Moreover, there is a minimum map size of 2 3
since creating smaller maps does not make senseand furthermor e would violate the constraint given by the
column/r ow-ratio. Also the maximum number of map units is limited by a constant of the program that forces
greatermaps to reducetheir size to either 54 or 96 map units, which leadsto 6 9-or 8 12-SOMs,respectively.
This was necessaryin order to avoid visual overloading of the user asa result of displaying too many song
tittes on a single map. The presentedapproach for determining the map size works very well for the inves-
tigated repositories that contained between 15 and 834 pieces of music. Due to the size restrictions it is also
appropriate for larger collections.

As for the number of songsthat are projectedto eachmap unit, it has beendecided to display a maximum
of ve on asingle unit. Nevertheless, the user can identify the real quantity by considering the number at
the lower left corner of eachmap unit. If morethan ve piecesof music are projectedto a certain map unit,
the best matching data item in the respective Voronoi set,i.e. the song with the minimum Euclidean distance
between its feature vector and the model vector, is chosento representa prototype of the map unit. Sincethis
selection usually hides great parts of the repository, the omitted piecesof music have to be made available to



the user by other views. For this purpose, eachVoronoi set containing morethan ve piecesis visualized by
anew SOM that is situated on a lower hierarchy level. The need for connecting the dif ferent hierarchy levels
accountsfor the seconddesign principle —linking.

In general, a consequenceof focusing is that eachview only presentspartial information about the under-
lying data. Connecting thesesingle views by inserting links between them is crucial to form a coherent image
of the whole data. In the ViSMuC-interface, views of dif ferent hierarchy levels are linked by either yellow and
red squaresat the bottom of the map units at the higher level SOMs. While the red links point to those SOMs
that were generated becausethe number of songsrepresentedby a single map unit exceeded ve, the yellow
onesoffer aconvenient way to browse the dir ectory in which the displayed songis stored. Hence, the red links
connectthe SOMs according to the hierarchy formed by musical properties, the yellow onesaccording to the
dir ectory structure.

In Figures3 and 4 the results of the focusing and linking techniques, asdescribed above, can be seen.

Visualization of the Test Repository

As for the test repository, it consists of 834 MP3- les in 81 dir ectories. The total play length is 3666 minutes,
thus about 61 hours. The music coversawide range of dif ferent genresand styles.

Basically, all images produced by the ViSMuC-pr ogram are stored in the PortableNetwork Graphics(PNG)
format [RPea99 since it combines losslesscompressionwith small le sizes,even for truecolor images. Fur-
thermor e, using a color depth of 24 bits was crucial to preservesmooth color shadings.

Aligned SOMs/SDHs

An example of aligned SOMsthat arevisualized by SDHs canbefound in Figure 6, which revealsthe changing
cluster structure when the feature balanceis shifted gradually from 100percentrhythm to 100percenttimbr e.

Comparing the two extreme views, the dif ferent clustering criteria become obvious. While the RP/MFS-
measure clusters the pieces of music according to reoccurring activations in each of the 20 frequency bands,
the SH-measure takes into account the intensity and recurrency of sounds that are quantized according to the
critical-bands. Therefore, the SOM that is based solely on the results of the RP/MFS-measure projects songs
with similar rhythm patterns, e.g. frequently reoccurring strong beatsat low frequencies,to similar locations
on the map. In contrast, the map which was generated exclusively on the basis of the timbral SH-features
arrangesthe piecesof music according to the similarity of their spectral shapes.

Taking a closerlook at the rhythmic perspective, it can be observed that the clustering coincides quite well
with adistinction by genre.

Analyzing the SOM basedon the SH-measure revealsone huge island which occupiesthe center and right
regions of the map. Another much smaller one is spread along the leftmost two columns. Basically, these
two islands differ in regard to the emotions the respective piecesof music are likely to invoke. In fact, while
moving from the right areasof the map to the left ones, an increasein aggressiveness(and also in loudness)
is noticeable. The peninsula with the little mountain which residesin the lower right corner is composed
mainly of very soft songs— e.g. tracks from the albums “KuscheliockVol. 117, “Celtic Myths” and “Mystera IX”
—while the leftmost island on the map primarily representsTechno and Trance music —e.g. “ThunderdomdV”
or “Frankfurt BeatProductions”.

Colormaps

To addressthe varying preferencesof dif ferent usersin regard to the visual representation of the music repos-
itory, more precisely the visualization of the SDHSs, threevery dissimilar colormaps are made available.

Islands The colormap denoted as“islands” is amodi ed version of the one used in [Pam01]. It hasbeen
slightly adapted in order to better resemblethe usual color scaleof printed maps. However, the idea of em-
phasizing the transitions between seasand islands by inserting a “beach level” was preserved.

Basically, areaswith few pieces of music mapped to them form oceansand lakes on the map, thus being
colored in shadesof blue. The darker the blue, the fewer songsarerepresentedby the area. Those songswhich
lie in suchregions are mostly outliers and often dif fer heavily from the main clusters which are illustrated by
islands. As already mentioned, the borders between water and land are colored yellow since they represent
beaches. For the clusters themselves the color scale covers a range from dark green (dense woods) to light
green (light forestsand veldts) to brown (hills) and nally to hues of gray and white (glaciers and snow-
covered mountain tops).



Fire This newly created colormap emphasizesregions with many votes according to the calculation of
the SDH (cf. Subsection). Dark colors ranging from black to red are used in nearly two thir ds of the available
shadesin order to suppressareaswith few votes. The remaining thir d is acolor gradient from orangeto yellow.
Due to the glowing appearanceof the maps visualized with this colormap, it was named “r e”.

Jet Providing the highest contrasts between neighboring color levels, the colormap “jet” is capable of vi-
sualizing evensmall dif ferencesin the probability distribution calculated by the SDH. It is a standard colormap
of the Matlab® -environment whose colors begin with dark blue, range through shadesof blue, cyan, green,
yellow and red, and end with dark red.

Distribution of Meta-Data Values

Visualizing meta-data — for example, those gained from ID3-tags or external databases— is accomplished by
using an approachthat is commonly known ascomponenplanegKNK98]. A component plane visualizes the
in uence of eachvariable in the feature set on the cluster structur e of the SOM. Since (attribute, value)-pairs
can be considered asfeatures,it is possible to apply the sametechnique, which has already been explained in

Subsection.
In Figure 7 an assortment of component planes is presented. The leftmost group shows the distribution of

the genres“Classical”, “Rock” and “Electronica’according to the ID3-tags. It canbe observed that classicalmusic

is mapped exclusively to the island with the high mountain, which is situated in the upper right corner of the

map. Furthermor e, the lowermost component plane revealsthat electronic music canbefound in regionseither

at the lower right and the lower left. The other four groups of component planes show the distributions of

some attribute values from the manual categorization. The illustrated attributes are emotion tempqg complexity
and focus Analyzing thesedistributions, severalinteresting correlations between some of the attribute values
can be observed. For example, the ID3-genre “Classical” coincides with neutral emotion, slow tempo, low

complexity, and strong vocal appearance. Another interdependence can be stated between electronic music

and focus on instruments, although the instruments used in this kind of music are mostly virtual.

Usability Considerations

Since usability is a key-feature, especially for commercial DMD-systems, a small qualitative usability study
surveying threepersonshasbeenconducted in order to reveal possible shortcomings. Its setup and results are
presentedin this subsection.

According to [GB99], information exploration activities can be characterized by the three dimensions of
users tasks/goaland environment Eachdimension is assigneda value that varies from “r eal” to “synthetic”. All
possible combinations of values for eachof thesedimensions form the design spacefor evaluation experiments.

Users

As for the participating persons, neither of them is a music expert but all enjoy listening to music of various
genres. Two of the test persons can be regarded as computer experts since they are advanced in their studies
of computer science,whereasthe thir d one hasjust basicknowledge in this eld. Furthermor e, eachof the test
persons stated that a system for exploring music collections by using dif ferent graphical visualizations would
be useful. Therefore,they can be considered asreal users.

Tasks/Goals

The following tasksand goals were elaborated.

. Find music of the genre “electronica”.

. Find soft piecesof music aswell asaggressiveones.

. Find all songsby the artist “Nightwish” and also some similar piecesof music.

. Try out the dif ferent colormaps. Which one do you prefer?

a A W N P

. Investigate dif ferent settings for the feature balance. Can you observe remarkable changeswhen the
focus is shifted from rhythm to timbr e?



The rst threetasksillustrate typical queries a user may want to raise when searching for music. Hence, these
tasks could be regarded asreal. The fourth issue on the list takes into account the personal taste of the test
persons. Eventually, the fth one aims at examining the usefulnessof presenting dif ferent views according to
musical properties.

Environment

The evaluation was carried out using the complete test repository composed of 834 pieces. Sincea large num-
ber of songscontained therein were completely unknown to the test persons, the setting is quite real according
to the dimension environment— assuming the user interface is used for commercial DMD-systems with hun-
dreds of thousands of dif ferent piecesof music. The ViSMuC-interface for the usability study was generated
utilizing all available meta-data visualizations and threedif ferent views with respectto the feature balance.

Results

Tasks 1 and 2 were completed quickly and successfully by all test persons making intensive use of the meta-
data visualizations to interpr et the map. However, it was very interesting to observe the dif ferent approaches
of the experienced computer users and the novice. While the former used the trial-and-err or method, the
actions performed by the latter were moreintended and planned. In fact, the experienced usersdiscovered the
functions of the system by clicking on all that seemedto be a link. In contrast, the novice was a bit afraid of
doing something wrong. After an intr oduction to the system, however, the novice performed the mentioned
tasks ef ciently without unnecessaryclicks.

Task 3 — nding songs by “Nightwish” — turned out to be more dif cult. Since neither of the three test
persons knew any songs by “Nightwish” , they had moved the mouse over a lot of labels to view the ID3-
tags before they nally succeeded. A possible solution to this problem would be to display another set of
component planes that illustrates the distribution of the songsaccording to their artists. As for issue 4, while
both of the computer experts were in favor of the colormap “islands”, the thir d test person preferred “jet” due
to its high color contrasts. Finally, the results of the last task are quite disappointing sincethe dif ferent feature
balancesrather confused the test personsthan supported them in gaining new insights.
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Figure 1: The user interface for the root dir ectory of the test repository (hierarchy level 0) incorporating a
SOM with 54 map units. The left frame representsa control panel, the centered one exhibits the actual SDH-
visualization, and that at the right displays information about the distribution of meta-data values over the
map.
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Figure 2: A closeview of the complete control panel. From top to bottom: navigation buttons, feature balance
adjustment, colormap selector, links to codebook visualizations.

Bear Cage

Figure 3: A closeview of 6 map units. The number in the lower left corner of eachunit indicates the quantity
of songsrepresentedby it. If this number is greaterthan 4, a map containing only the piecesof the particular
unit can be accessedby clicking on the red square. The yellow squaresare links to maps of those dir ectories

where the displayed tracks reside.
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Figure 4: Depiction of two SDHSs in hierarchy level 1, which are both accessiblethrough links of the map unit
in hierarchy level 0 (cf. Figure 1) whose prototype is “Master of the Wind” (situated at the very lower left).
The upper visualization was created according to the dir ectory structur e of the repository, thus showing the
contents of the folder “Manowar” , where the mentioned prototype song resides. The lower one contains a view
showing all piecesof music that are projectedto the samemap unit asthe prototype. Hence, this view is based
on the results of the similarity measures.
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Figure 5: Example of the pop-up window that appears when the user moves the mouse over the label of an
arbitrary piece of music. In this case,the ID3-information of the respectivesong is displayed.
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Figure 6: lllustration of the modi cations of the cluster structure when the focus is gradually shifted from 100
percent rhythm to 100 percent timbr e in 5 steps (100/0, 75/25, 50/50, 25/75, 0/100). The user interface was
createdusing a6 9-SOMand taking “V ariousArtists” asroot dir ectory.
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Figure 7: lllustration of distributions of some attribute values. The leftmost pictur e visualizes the distribution
of the values assignedto the ID3-tag gente The other images provide information about some of the attributes
that were used in the manual classi cation.
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