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Abstract. A common way to support exploratory music retrieval scenarios is to give an overview using a neighborhood-preserving projection
of the collection onto two dimensions. However, neighborhood cannot
always be preserved in the projection because of the inherent dimensionality reduction. Furthermore, there is usually more than one way
to look at a music collection and therefore different projections might
be required depending on the current task and the user’s interests. We
describe an adaptive zoomable interface for exploration that addresses
both problems: It makes use of a complex non-linear multi-focal zoom
lens that exploits the distorted neighborhood relations introduced by the
projection. We further introduce the concept of facet distances representing different aspects of music similarity. User-specific weightings of these
aspects allow an adaptation according to the user’s way of exploring the
collection. Following a user-centered design approach with focus on usability, a prototype system has been created by iteratively alternating
between development and evaluation phases. The results of an extensive user study including gaze analysis using an eye-tracker prove that
the proposed interface is helpful while at the same time being easy and
intuitive to use.
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Introduction

There is a lot of ongoing research in the field of music retrieval aiming to improve
retrieval results for queries posed as text, sung, hummed or by example as well
as to automatically tag and categorize songs. All these efforts facilitate scenarios
where the user is able to somehow formulate a query – either by describing the
song or by giving examples. But what if the user cannot pose a query because
the search goal is not clearly defined? E.g., he might look for background music
for a photo slide show but does not know where to start. All he knows is that he
can tell if it is the right music the moment he hears it. In such a case, exploratory
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the objects to be projected – depending on the approach, this may be artists,
albums, tracks or any combination thereof – are analyzed to extract a set of
descriptive features. (Alternatively, feature information may also be annotated
manually or collected from external sources.) Based on these features, the objects can be compared – or more specifically: appropriate distance- or similarity
measures can be defined. The general objective of the projection can then be
paraphrased as follows: Arrange the objects in two or three dimensions (on the
display) in such a way that neighboring objects are very similar and the similarity
decreases with increasing object distance (on the display). As the feature space
of the objects to be projected usually has far more dimensions than the display
space, the projection inevitably causes some loss of information – irrespective of
which dimensionality reduction techniques is applied. Consequently, this leads
to a distorted display of the neighborhoods such that some objects will appear
closer than they actually are (type I error), and on the other hand some objects
that are distant in the projection may in fact be neighbors in feature space (type
II error). Such neighborhood distortions are depicted in Figure 1. These “projection errors” cannot be fixed on a global scale without introducing new ones
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on the technique used). In this sense, they should not be considered as errors
made by the projection technique but of the resulting (displayed) arrangement.
When a user explores a projected collection, type I errors increase the number
of dissimilar (i.e. irrelevant) objects displayed in a region of interest. While this
might become annoying, it is much less problematic than type II errors. They
result in similar (i.e. relevant) objects to be displayed away from the region of
interest – the neighborhood they actually belong to. In the worst case they could
even be off-screen if the display is limited to the currently explored region. This
way, a user could miss objects he is actually looking for.
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The interactive visualization technique described in this paper exploits these
distorted neighborhood relations during user-interaction. Instead of trying to
globally repair errors in the projection, the general idea is to temporarily fix
the neighborhood in focus. The approach is based on a multi-focus fish-eye lens
that allows a user to enlarge and explore a region of interest while at the same
time adaptively distorting the remaining collection to reveal distant regions with
similar tracks. It can therefor be considered as a focus-adaptive distortion technique.
Another problem that arises when working with similarity-based neighborhoods is that music similarity is highly subjective and may depend on a person’s
background. Consequently, there is more than one way to look at a music collection – or more specifically to compare two tracks based on their features.
The user-interface presented in this paper therefore allows the user to modify
the underlying distance measure by adapting weights for different aspects of
(dis-)similarity.
The remainder of this paper is structured as follows: Section 2 gives an
overview of related approaches that aim to visualize a music collection. Subsequently, Section 3 outlines the approach developed in this work. The underlying
techniques are addressed in Section 4 and Section 5 explains how a user can
interact with the proposed visualization. In order to evaluate the approach, a
user study has been conducted which is described in Section 6. Finally, Section 7
concludes with a brief summary.

2

Related Work

There exists a variety of approaches that in some way give an overview of a music
collection. For the task of music discovery which is closely related to collection
exploration, a very broad survey of approaches is given in [9]. Generally, there are
several possible levels of granularity that can be supported, the most common
being: track, album, artist and genre. Though a system may cover more than
one granularity level (e.g. in [50] visualized as disc or TreeMap [42]), usually a
single one is chosen. The user-interface presented in this paper focuses on the
track level as do most of the related approaches. (However, like most of the other
techniques, it may as well be applied on other levels such as for albums or artist.
All that is required is an appropriate feature representation of the objects of
interest.) Those approaches focusing on a single level can roughly be categorized
into graph-based and similarity-based overviews.
Graphs facilitate a natural navigation along relationship-edges. They are especially well-suited for the artist level as social relations can be directly visualized
(as, e.g., in the Last.fm Artist Map 1 or the Relational Artist Map RAMA [40]).
However, building a graph requires relations between the objects – either from
domain knowledge or artificially introduced. E.g., there are some graphs that use
similarity-relations obtained from external sources (such as the APIs of Last.fm 2
1
2
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or EchoNest 3 ) and not from an analysis of the objects themselves. Either way,
this results in a very strong dependency and may quickly become problematic
for less main-stream music where such information might not be available. This
is why a similarity-based approach is chosen here instead.
Similarity-based approaches require the objects to be represented by one or
more features. They are in general better suited for track level overviews due
the vast variety of content-based features that can be extracted from tracks.
For albums and artists, either some means for aggregating the features of the
individual tracks are needed or non-content-based features, e.g. extracted from
knowledge resources like MusicBrainz 4 and Wikipedia 5 or cultural meta-data
[54], have to be used. In most cases the overview is then generated using some
metric defined on these features which leads to proximity of similar objects in the
feature space. This neighborhood should be preserved in the collection overview
which usually has only two dimensions. Popular approaches for dimensionality
reduction are Self-Organizing Maps (SOMs) [18], Principle Component Analysis
(PCA) [15] and Multidimensional Scaling (MDS) techniques [19].
In the field of music information retrieval, SOMs are widely used. SOM-based
systems comprise the SOM-enhanced Jukebox (SOMeJB) [38], the Islands of
Music [36,35] and nepTune [17], the MusicMiner [30], the PlaySOM - and PocketSOM -Player [31] (the latter being a special interface for mobile devices), the
BeatlesExplorer [45] (the predecessor prototype of the system presented here),
the SoniXplorer [24,25], the Globe of Music [21] and the tabletop applications
MUSICtable [43], MarGrid [13], SongExplorer [16] and [8]. SOMs are prototypebased and thus there has to be a way to initially generate random prototypes and
to modify them gradually when objects are assigned. This poses special requirements regarding the underlying feature space and distance metric. Moreover,
the result depends on the random initialization and the neural network gradient
descend algorithm may get stuck in a local minimum and thus not produce an
optimal result. Further, there are several parameters that need to be tweaked
according to the data set such as the learning rate, the termination criterion for
iteration, the initial network structure, and (if applicable) the rules by which
the structure should grow. However, there are also some advantages of SOMs:
Growing versions of SOMs can adapt incrementally to changes in the data collection whereas other approaches may always need to generate a new overview
from scratch. Section 4.2 will address this point more specifically for the approach taken here. For the interactive task at hand, which requires a real-time
response, the disadvantages of SOMs outweigh their advantages. Therefore, the
approach taken here is based on MDS.
Given a set of data points, MDS finds an embedding in the target space
that maintains their distances (or dissimilarities) as far as possible – without
having to know their actual values. This way, it is also well suited to compute a
layout for spring- or force-based approaches. PCA identifies the axes of highest
3
4
5
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variance termed principal components for a set of data points in high-dimensional
space. To obtain a dimensionality reduction to two-dimensional space, the data
points are simply projected onto the two principal component axes with the
highest variance. PCA and MDS are closely related [55]. In contrast to SOMs,
both are non-parametric approaches that compute an optimal solution (with
respect to data variance maximization and distance preservation respectively)
in fixed polynomial time. Systems that apply PCA, MDS or similar force-based
approaches comprise [4], [52], [12], the fm4 Soundpark [10], MusicBox [22], and
SoundBite [23].
All of the above approaches use some kind of projection technique to visualize
the collection but only a small number tries to additionally visualize properties
of the projection itself: The MusicMiner [30] draws mountain ranges between
songs that are displayed close to each other but dissimilar. The SoniXplorer
[24,25] uses the same geographical metaphor but in a 3D virtual environment
that the user can navigate with a game pad. The Islands of Music [36,35] and
its related approaches [17,31,10] use the third dimension the other way around:
Here, islands or mountains refer to regions of similar songs (with high density).
Both ways, local properties of the projection are visualized – neighborhoods of
either dissimilar or similar songs. In contrast (and possibly as a supplementation)
to this, the technique proposed in this paper aims to visualize properties of the
projection that are not locally confined: As visualized in [33], there may be
distant regions in a projection that contain very similar objects. This is much
like a “wormhole” connecting both regions through the high-dimensional feature
space. To our knowledge, the only attempt so far to visualize such distortions
caused by the projection is described in [23]. The approach is to draw lines that
connect a selected seed track (highlighted with a circle) with its neighbors as
shown in Figure 2.
Additionally, our goal is to support user-adaptation during the exploration
process by means of weighting aspects of music similarity. Of the above approaches, only the revised SoniXplorer [25], MusicBox [22] and the BeatlesExplorer [45] – our original SOM-based prototype – allow automatic adaptation
of the view on the collection through interaction. Apart from this, there exist
systems that also adapt a similarity measure but not to change the way the collection is presented in an overview but to directly generate playlists: MPeer [3]
allows to navigate the similarity space defined by the audio content, the lyrics
and cultural meta-data collected from the web through an intuitive joystick interface. In the E-Mu Jukebox [53], weights for five similarity components (sound,
tempo, mood, genre and year – visually represented by adapters) can be changed
by dragging them on a bull’s eye. PATS (Personalized Automatic Track Selection) [37] and the system described in [56] do not require manual adjustment of
the underlying similarity measure but learn from the user as he selects songs that
in his opinion do not fit to the current context-of-use. PAPA (Physiology and
Purpose-Aware Automatic Playlist Generation) [34] as well as the already commercially available BODiBEAT music player6 uses sensors that measure several
6
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Fig. 2. In SoundBite
[23], a seed song and its nearest neighbors are connected
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currently
In this case not even a direct interaction of the user with the
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Outline

The! goal of our work is to provide a user with an interactive way of exploring
a music collection that takes into account the above described inevitable limitations of a low-dimensional projection of a collection. Further, it should be
applicable for realistic music collections containing several thousands of tracks.
The approach taken can be outlined as follows:
– An overview of the collection is given, where all tracks are displayed as points
at any time. For a limited number of tracks that are chosen to be spatially
well distributed and representative, an album cover thumbnail is shown for
orientation.
– The view on the collection is generated by a neighborhood-preserving projection (e.g. MDS, SOM, PCA) from some high-dimensional feature space
onto two dimensions. I.e., in general tracks that are close in feature space
will likely appear as neighbors in the projection.

"#!
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– Users can adapt the projection by choosing weights for several aspects of
music (dis-)similarity. This gives them the possibility to look at a collection
from different perspectives. (This adaptation is purely manual, i.e. the visualization as described in this paper is only adaptable w.r.t. music similarity.
Techniques to further enable adaptive music similarity are, e.g., discussed in
[45,48].)
– In order to allow immediate visual feedback in case of similarity adaptation,
the projection technique needs to guarantee near real-time performance –
even for large music collections. The quality of the produced projection is
only secondary – a perfect projection that correctly preserves all distances
between all tracks is extremely unlikely anyways.
– The projection will inevitably contain distortions of the actual distances of
the tracks. Instead of trying to improve the quality of the projection method
and trying to fix heavily distorted distances, they are exploited during interaction with the projection:
The user can zoom into a region of interest. The space for this region is
increased, thus allowing to display more details. At the same time the surrounding space is compacted but not hidden from view. This way, there remains some context for orientation. To accomplish such a behavior the zoom
is based on a non-linear distortion similar to so called “fish-eye” lenses.
At this point the original (type II) projection errors come into play: Instead
of putting a single lens focus on the region of interest, additional focuses are
introduced in regions that contain tracks similar to those in primary focus.
The resulting distortion brings original neighbors back closer to each other.
This gives the user another option for interactive exploration.
Figure 3 depicts the outline of the approach. The following sections cover the
underlying techniques (Section 4) and the user-interaction (Section 5) in detail.

4

Underlying Techniques

4.1

Features and Facets

The prototype system described here uses collections of music tracks. As a prerequisite, it is assumed that the tracks are represented by some descriptive features that can, e.g., be extracted, manually annotated or obtained form external
sources. In the current implementation, content-based features are extracted
utilizing the capabilities of the frameworks CoMIRVA [41] and JAudio [29].
Specifically, Gaussian Mixture Models of the Mel Frequency Cepstral Coefficients (MFCCs) according to [2] and [27] and “fluctuation patterns” describing
how strong and fast beats are played within specific frequency bands [36] are
computed with CoMIRVA. JAudio is used to extract a global audio descriptor
“MARSYAS07” as described in [51]. Further, lyrics for all songs were obtained
through the web service of LyricWiki7 , filtered for stop words, stemmed and described by document vectors with TFxIDF term weights [39]. Additional features
7
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that are currently only used for the visualization are ID3 tags (artist, album,
title, track number and year) extracted from the audio files, track play counts
obtained from a Last.fm profile, and album covers gathered through web search.
Distance Facets Based on the features associated with the tracks, facets are
defined (on subspaces of the feature space) that refer to different aspects of music
(dis-)similarity. This is depicted in Figure 3 (top).
Definition 1. Given a set of features F , let S be the space determined by the
feature values for a set of tracks T . A facet f is defined by a facet distance
measure δf on a subspace Sf ⊆ S of the feature space, where δf satisfies the
following conditions for any x, y ∈ T :
– δ(x, y) ≥ 0 and δ(x, y) = 0 if and only if x = y
– δ(x, y) = δ(y, x) (symmetry)
Optionally, δ is a distance metric if it additionally obeys the triangle inequality
for any x, y, z ∈ T :
– δ(x, z) ≤ δ(x, y) + δ(y, z) (triangle inequality)
E.g., a facet “timbre” could be defined on the MFCC-based feature described in
[27] whereas a facet “text” could compare the combined information from the
features “title” and “lyrics”.
It is important to stress the difference to common faceted browsing and search
approaches that rely on a faceted classification of objects to support users in
exploration by filtering available information. Here, no such filtering by value is
applied. Instead, we employ the concept of facet distances to express different
aspects of (dis-)similarity that can be used for filtering.
Facet Distance Normalization In order to avoid a bias when aggregating
several facet distance measures, the values should be normalized. The following
normalization truncates very high facet distance values δf (x, y) of a facet f and
results in a value range of [0, 1]


δf (a, b)
(1)
δf0 (a, b) = min 1,
µ+σ
where µ is the mean
µ=

1
|{(x, y) ∈ T 2 }|

and σ is the standard deviation
v
u
1
u
σ=t
|{(x, y) ∈ T 2 }|

X

X
(x,y)∈T 2

of all distance values with respect to δf .

δf (x, y)

(2)

(x,y)∈T 2

(δf (x, y) − µ)2

(3)
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Table 1. Facets defined for the current implementation.
facet name

feature

distance metric

timbre
rhythm
dynamics
lyrics

GMM of MFCCs
fluctuation patterns
MARSYAS07
TFxIDF weighted term vectors

Kullback-Leibler divergence
euclidean distance
euclidean distance
cosine distance

Facet Distance Aggregation The actual distance between tracks x, y ∈ T
w.r.t. to the facets f1 , . . . , fl can be computed by aggregating the individual
facet distances δf1 (x, y), . . . , δfl (x, y). For the aggregation, basically any function
could be used. Common parametrized aggregation functions are:
qP
l
– d=
wi δfi (x, y)2 (weighted euclidean distance)
Pl i=1
– d = i=1 wi δfi (x, y)2 (squared weighted eucl. distance)
Pl
– d = i=1 wi δfi (x, y) (weighted sum)
– d = maxi=1..l {wi δfi (x, y)} (maximum)
– d = mini=1..l {wi δfi (x, y)} (minimum)
These aggregation functions allow to control the importance of the facet distances d1 , . . . , dl through their associated weights w1 , . . . , wl . Default settings
for the facet weights and the aggregation function are defined by an expert (who
also defined the facets themselves) and can later be adapted by the user during interaction with the interface. Table 1 lists the facets used in the current
implementation.
4.2

Projection

In the projection step shown in Figure 3 (bottom), the position of all tracks on
the display is computed according to their (aggregated) distances in the highdimensional feature space. Naturally, this projection should be neighborhoodpreserving such that tracks close to each other in feature space are also close
in the projection. We propose to use a landmark- or pivot-based Multidimensional Scaling approach (LMDS) for the projection as described in detail in [6,7].
This is a computationally efficient approximation to classical MDS. The general
idea of this approach is as follows: A representative sample of objects – called
“landmarks” – is drawn randomly from the whole collection.8 For this landmark
sample, an embedding into low-dimensional space is computed using classical
MDS. The remaining objects can then be located within this space according to
their distances to the landmarks.
8

Alternatively, the MaxMin heuristic (greedily seeking out extreme, well-separated
landmarks) could be used – with the optional modification to replace landmarks
with a predefined probability by randomly chosen objects (similar to a mutation operator in genetic programming). Neither alternative seems to produce less distorted
projections while having much higher computational complexity. However, there is
possibly some room for improvement here but this is out of the scope of this paper.
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Complexity Classical MDS has a computational complexity of O(N 3 ) for the
projection, where N is the number of objects in the data set. Additionally, the
N ×N distance matrix needed as input requires O(N 2 ) space and is computed in
O(CN 2 ), where C are the costs of computing the distance between two objects.
By limiting the number of landmark objects m  N , an LMDS projection can
be computed in O(m3 + kmN ), where k is the dimension of the visualization
space, which is fixed here as 2. The first part refers to the computation of the
classical MDS for the m landmarks and the second to the projection of the remaining objects with respect to the landmarks. Further, LMDS requires only the
distances of each data point to the landmarks, i.e. only a m × N distance matrix has to be computed resulting in O(mN ) space and O(CmN ) computational
complexity. This way, LMDS becomes feasible for application on large data sets
as it scales linearly with the size of the data set.
Facet Distance Caching The computation of the distance matrix that is
required for LMDS can be very time consuming – not only depending on the
size of the collection and landmark sample but also on the number of facets and
the complexity of the respective facet distance measures. Caching can reduce the
amount of information that has to be recomputed. Assuming a fixed collection,
the distance matrix only needs to be recomputed if the facet weights or the
facet aggregation function change. Moreover, even a change of the aggregation
parameters has no impact on the facet distances. This allows to pre-compute
for each track the distance values to all landmarks for all facets offline and store
them in the 3-dimensional data structure depicted in Figure 3 (top) called “facet
distance cuboid”. It is necessary to store the facet distance values separately as
it is not clear at indexing time how these values are to be aggregated. During
interaction with the user, when near real-time response is required, only the
computational lightweight facet distance aggregation that produces the distance
matrix from the cuboid and the actual projection need to be done.
If N is the number of tracks, m the number of landmarks and l the number
of facets, the cuboid has the dimension N × m × l and holds as many distance
values. Note that m and l are fixed small values of O(100) and O(10) respectively.
Thus, the space requirement effectively scales linearly with N and even for large
N the data structure should fit into memory. To further reduce the memory
requirements of this data structure, the distance values are discretized to the
byte range ([0 . . . 255]) after normalization to [0, 1] as described in Section 4.1.
Incremental Collection Updates Re-computation becomes also necessary
once the collection changes. In previous work [33,45] we used a Growing SelfOrganizing Map approach (GSOM) for the projection. While both approaches,
LMDS and GSOM, are neighborhood-preserving, GSOMs have the advantage of
being inherently incremental, i.e. adding or removing objects from the data set
only gradually changes the way, the data is projected. This is a nice characteristic
because too abrupt changes in the projection caused by adding or removing some
tracks might irritate the user if he has gotten used to a specific projection. On
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the contrary, LMDS does not allow for incremental changes of the projection.
However, it still allows objects to be added or removed from the data set to
some extend without the need to compute a new projection: If a new track
is added to the collection, an additional “layer” has to be appended to the
facet distance cuboid containing the facet distances of the new track with all
landmarks. The new track can then be projected according to these distances. If
a track is removed, the respective “layer” of the cuboid can be deleted. Neither
operation does further alter the projection.9 Adding or removing many tracks
may however alter the distribution of the data (and thus the covariances) in such
a way that the landmark sample may no longer be representative. In this case,
a new projection based on a modified landmark sample should be computed.
However, for the scope of this paper, a stable landmark set is assumed and this
point is left for further work.
4.3

Lens Distortion

Once the 2-D-positions of all tracks are computed by the projection technique,
the collection could already be displayed. However, an intermediate distortion
step is introduced as depicted in Figure 3 (bottom). It serves as the basis for the
interaction techniques described later.
Lens Modeling The distortion technique is based on an approach originally developed to model complex nonlinear distortions of images called “SpringLens”
[11]. A SpringLens consists of a mesh of mass particles and interconnecting
springs that form a rectangular grid with fixed resolution. Through the springs,
forces are exerted between neighboring particles affecting their motion. By changing the rest-length of selected springs, the mesh can be distorted as depicted in
Figure 4. (Further, Figure 3 (bottom) and Figure 7 shows larger meshes simulating lenses.) The deformation is calculated by a simple iterative physical
simulation over time using an Euler integration [11].
In the context of this work, the SpringLens technique is applied to simulate
a complex superimposition of multiple fish-eye lenses. A moderate resolution is
chosen with a maximum of 50 cells in each dimension for the overlay mesh which
yields sufficient distortion accuracy while real-time capability is maintained. The
distorted position of the projection points is obtained by barycentric coordinate
transformation with respect to the particle points of the mesh. Additionally,
z-values are derived from the rest-lengths that are used in the visualization to
decide whether an object has to be drawn below or above another one.
Nearest Neighbor Indexing For the adaptation of the lens distortion, the
nearest neighbors of a track need to be retrieved. Here, the two major challenges
are:
9

In case a landmark track is removed from the collection, its feature representation
has to be kept to be able to compute facet distances for new tracks. However, the
corresponding “layer” in the cuboid can be removed as for any ordinary track.
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Fig. 4. The SpringLens particle mesh is distorted by changing the rest-length
of selected springs.

1. The facet weights are not known at indexing time and thus the index can
only be built using the facet distances.
2. The choice of an appropriate indexing method for each facet depends on the
respective distance measure and the nature of the underlying features.
As the focus lies here on the visualization and not the indexing, only a very basic
approach is taken and further developments are left for future work: A limited list
of nearest neighbors in pre-computed for each track. This way, nearest neighbors
can be retrieved by simple lookup in constant time (O(1)). However, updating
the lists after a change of the facet weights is computationally expensive. While
the resulting delay of the display update is still acceptable for collections with a
few thousands tracks, it becomes infeasible for larger N .
For more efficient index structures, it may be possible to apply generic multimedia indexing techniques such as space partition trees [5] or approximate approaches based on locality sensitive hashing [14] that may even be kernelized [20]
to allow for more complex distance metrics. Another option is to generate multiple nearest neighbor indexes – each for a different setting of the facet weights
– and interpolate the retrieved result lists w.r.t. to the actual facet weights.

4.4

Visualization Metaphor

The music collection is visualized as a galaxy. Each track is displayed as a star or
as its album cover. The brightness and (to some extend) the hue of stars depends
on a predefined importance measure. The currently used measure of importance
is the track play count obtained from the Last.fm API and normalized to [0, 1]
(by dividing by the maximum value). However, this could also be substituted
by a more sophisticated measure, e.g. based on (user) ratings, chart positions
or general popularity. The size and the z-order (i.e. the order of objects along
the z-axis) of the objects depends on their distortion z-values. Optionally, the
SpringLens mesh overlay can be displayed. The visualization then resembles the
space-time distortions well known from gravitational and relativistic physics.
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Filtering

In order to reduce the amount of information displayed at a time, an additional filtering step is introduced as depicted in Figure 3 (bottom). The user
can choose between different filters that decide whether a track is displayed collapsed or expanded – i.e. as a star or album cover respectively. While album
covers help for orientation, the displayed stars give information about the data
distribution. Trivial filters are those displaying no album covers (collapseAll) or
all (expandAll). Apart from collapsing or expanding all tracks, it is possible to
expand only those tracks in magnified regions (i.e. with a z-level above a predefined threshold) or to apply a sparser filter. The results of using these filter
modes are shown in Figure 5.
A sparser filter selects only a subset of the collection to be expanded that
is both, sparse (well distributed) and representative. Representative tracks are
those with a high importance (described in Section 4.4). The first sparser version
used a Delaunay triangulation and was later substituted by a raster-based approach that produces more appealing results in terms of the spatial distribution
of displayed covers.
Originally, the set of expanded tracks was updated after any position changes
caused by the distortion overlay. However, this was considered irritating during
early user tests and the sparser strategy was changed to update only if the
projection or the displayed region changes.
Delaunay Sparser Filter This sparser filter constructs a Delaunay triangulation incrementally top-down starting with the track with the highest importance
and some virtual points at the corners of the display area. Next, the size of all
resulting triangles given by the radius of their circumcircle is compared with
a predefined threshold sizemin . If the size of a triangle exceeds this threshold,
the most important track within this triangle is chosen for display and added
as a point for the triangulation. This process continues recursively until no triangle that exceeds sizemin contains anymore tracks that could be added. All
tracks belonging to the triangulation are then expanded (i.e. displayed as album
thumbnail).
The Delaunay triangulation can be computed in O(n log n) and the number
of triangles is at most O(n) with n  N being the number of actually displayed
album cover thumbnails. To reduce lookup time, projected points are stored
in a quadtree data structure [5] and sorted by importance within the tree’s
quadrants. A triangle’s size may change through distortion caused by the multifocal zoom. This change may trigger an expansion of the triangle or a removal
of the point that caused its creation originally. Both operations are propagated
recursively until all triangles meet the size condition again. Figure 3 (bottom)
shows a triangulation and the resulting display for a (distorted) projection of a
collection.
Raster Sparser Filter The raster sparser filter divides the display into a grid
of quadratic cells. The size of the cells depends on the screen resolution and
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Fig. 5. Available filter modes: collapse all (top left), focus (top right), sparse
(bottom left), expand all (bottom right). The SpringLens mesh overlay is hidden.
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the minimal display size of the album covers. Further, it maintains a list of the
tracks ranked by importance that is precomputed and only needs to be updated
when the importance values change. On an update, the sparser runs through
its ranked list. For each track it determines the respective grid cell. If the cell
and the surrounding cells are empty, the track is expanded and its cell blocked.
(Checking surrounding cells avoids image overlap. The necessary radius for the
surrounding can be derived from the cell and cover sizes.)
The computational complexity of this sparser approach is linear in the number of objects to be considered but also depends on the radius of the surrounding
that needs to be checked. The latter can be reduced by using a data structure
for the raster that has O(1) look-up complexity but higher costs for insertions
which happen far less frequently. This approach has further the nice property
that it handles the most important objects first and thus even if interrupted
returns a useful result.

5

Interaction

While the previous section covered the underlying techniques, this section describes how users can interact with the user-interface that is built on top of
them. Figure 6 shows a screenshot of the MusicGalaxy prototype.10 It allows
several ways of interacting with the visualization: Users can explore the collection through common panning & zooming (Section 5.1). Alternatively, they
can use the adaptive multi-focus technique introduced with this prototype (Section 5.2). Further, they can change the facet aggregation function parameters
and this way adapt the view on the collection according to their preferences
(Section 5.3). Hovering over a track displays its title and a double-click start
the playback that can be controlled by the player widget at the bottom of the
interface. Apart from this, several display parameters can be changed such as
the filtering mode (Section 4.5), the size of the displayed album covers or the
visibility of the SpringLens overlay mesh.
5.1

Panning & Zooming

These are very common interaction techniques that can e.g. be found in programs
for geo-data visualization or image editing that make use of the map metaphor.
Panning shifts the displayed region whereas zooming decreases or increases it.
(This does not affect the size of the thumbnails which can be controlled separately using the PageUp and PageDn keys.) Using the keyboard, the user can pan
with the cursor keys and zoom in and out with + and – respectively. Alternatively, the mouse can be used: Clicking and holding the left button while moving
the mouse pans the display. The mouse wheel controls the zoom level. If not the
whole collection can be displayed, an overview window indicating the current
section is shown in the top left corner, otherwise it is hidden. Clicking into the
10

A demo video is available at: http://www.dke-research.de/aucoma

Fig. 6. Screenshot of the MusicGalaxy prototype with visible overview window (top left), player (bottom) and SpringLens
mesh overlay (blue). In this example, a strong album effect can be observed as for the track in primary focus, four tracks of
the same album are nearest neighbors in secondary focus.
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overview window centers the display around the respective point. Further, the
user can drag the section indicator around which also results in panning.
5.2

Focusing

This interaction techniques allows to visualize – and to some extend alleviate –
the neighborhood distortions introduced by the dimensionality reduction during
the projection. The approach is based on a multi-focus fish-eye lens that is
implemented using the SpringLens distortion technique (Section 4.3). It consists
of a user-controlled primary focus and a neighborhood-driven secondary focus.
The primary focus is a common fish-eye lens. By moving this lens around
(holding the right mouse button), the user can zoom into regions of interest. In
contrast to the basic linear zooming function described in Section Section 5.1,
this leads to a nonlinear distortion of the projection. As a result, the region of
interest is enlarged making more space to display details. At the same time,
less interesting regions are compacted. This way, the user can closely inspect
the region of interest without loosing the overview as the field of view is not
narrowed (as opposed to the linear zoom). The magnification factor of the lens
can be changed using the mouse wheel while holding the right mouse button. The
visual effect produced by the primary zoom resembles a 2-dimensional version
of the popular “cover flow” effect.
The secondary focus consist of multiple such fish-eye lenses. These lenses
are smaller and cannot be controlled by the user but are automatically adapted
depending on the primary focus. When the primary focus changes, the neighbor
index (Section 4.3) is queried with the track closest to the center of focus. If
nearest neighbors are returned that are not in the primary focus, secondary
lenses are added at the respective positions. As a result, the overall distortion
of the projection brings the distant nearest neighbors back closer to the focused
region of interest. Figure 7 shows the primary and secondary focus with visible
SpringLens mesh overlay.
As it can become tiring to hold the right mouse button while moving the
focus around, the latest prototype introduces a focus lock mode (toggled with the
return key). In this mode, the user clicks once to start a focus change and a second
time to freeze the focus. To indicate that the focus is currently being changed
(i.e. mouse movement will affect the focus), an icon showing a magnifying glass
is displayed in the lower left corner. The secondary focus is by default always
updated instantly when the primary focus changes. This behavior can be disabled
resulting only in an update of the secondary focus once the primary focus does
not change anymore.
5.3

Adapting the Aggregation Functions

Two facet control panels allow to adapt two facet distance aggregation functions
by choosing one of the function types listed in Section 4.1 (from a drop-down
menu) and adjusting weights for the individual facets (through sliders). The control panels are hidden in the screenshot Figure 6) but shown in Figure 3 (bottom)
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Fig. 7. SpringLens distortion with only primary focus (left) and additional
secondary focus (right).

that depicts the user-interaction. The first facet distance aggregation function
is applied to derive the track-landmark distances from the facet distance cuboid
(Section 4.2). These distances are then used to compute the projection of the
collection. The second facet distance aggregation function is applied to identify
the nearest neighbors of a track and thus indirectly controls the secondary focus.
Changing the aggregation parameters results in a near real-time update of
the display so that the impact of the change becomes immediately visible: In
case of the parameters for the nearest neighbor search, some secondary focus
region may disappear while somewhere else a new one appears with tracks now
considered more similar. Here, the transitions are visualized smoothly due to
the underlying physical simulation of the SpringLens grid. In contrast to this, a
change of the projection similarity parameters has a more drastic impact on the
visualization possibly resulting in a complete re-arrangement of all tracks. This
is because the LMDS projection technique produces solutions that are unique
only up to translation, rotation, and reflection and thus, even a small parameter
change may, e.g., flip the visualization. As this may confuse users, one direction
of future research is to investigate how the position of the landmarks can be
constrained during the projection to produce more gradual changes.
The two facet distance aggregation functions are linked by default as it is
most natural to use the same distance measure for projection and neighbor retrieval. However, unlinking them and using e.g. orthogonal distance measures
can lead to interesting effects: For instance, one may choose to compute the
collection based solely on acoustic facets and find nearest neighbors for the secondary focus through lyrics similarity. Such a setting would help to uncover
tracks with a similar topic that (most likely) sound very different.
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Evaluation

The development of MusicGalaxy followed a user-driven design approach [32] by
iteratively alternating between development and evaluation phases. The first prototype [46] was presented at the CeBIT 2010 11 a German trade fair specialized
on information technology, in early March 2010. During the fair, feedback was
collected from a total of 112 visitors aged between 16 and 63 years. The general
reception was very positive. The projection-based visualization was generally
welcomed as an alternative to common list views. However, some remarked that
additional semantics of the two display axis would greatly improve orientation.
Young visitors particularly liked the interactivity of the visualization whereas
older ones tended to have problems with this. They stated that the reason lay
in the amount of information displayed which could still be overwhelming. To
address the problem, they proposed to expand only tracks in focus, increase the
size of objects in focus (compared to the others) and hide the mesh overlay as
the focus would be already visualized by the expanded and enlarged objects. All
of these proposals have been integrated into the second prototype.
The second prototype was tested thoroughly by three testers. During these
tests, the eye movements of the users were recorded with an Tobii T60 eyetracker that can capture where and how long the gaze of the participants rests
for some time (referred to as “fixation points”). Using the adaptive SpringLens
focus, the mouse generally followed the gaze that scans the border of the focus
in order to decide on the direction to explore further. This resulted in a much
smoother gaze-trajectory than the one observed during usage of panning and
zooming where the gaze frequently switched between the overview window and
the objects of interest – as not to loose orientation. This indicates that the
proposed approach is less tiring for the eyes. However, the testers criticized the
controls used to change the focus – especially having to hold the right mouse
button all the time. This lead to the introduction of the focus lock mode and
several minor interface improvements in the third version of the prototype [47]
that are not explicitly covered here.
The remainder of this section describes the evaluation of the third MusicGalaxy prototype in a user study [44] with the aim to proof that the userinterface indeed helps during exploration. Screencasts of 30 participants solving an exploratory retrieval task were recorded together with eye-tracking data
(again using a Tobii T60 eye-tracker) and web cam video streams. This data
was used to identify emerging search strategies among all users and to analyze
to what extent the primary and secondary focus was used. Moreover, first-hand
impressions of the usability of the interface were gathered by letting the participants say aloud whatever they think, feel or remark as they go about their task
(think-aloud protocol).
In order to ease the evaluation, the study was not conducted with the original MusicGalaxy user-interface prototype but with a modified version that can
handle photo collections depicted in Figure 8. It relies on widely used MPEG-7
11

http://www.cebit.de
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Fig. 8. PhotoGalaxy – a modified version of MusicGalaxy for browsing photo
collections that was used during the evaluation (color scheme inverted).
visual descriptors (EdgeHistogram, ScalableColor and ColorLayout) [28,26] to
compute the visual similarity (see [48] for further details) – replacing the originally used music features and respective similarity facets. Using photo collections
for evaluation instead of music has several advantages: It can be assured that
none of the participants knows any of the photos in advance what could otherwise introduce some bias. Dealing with music, this would be much harder to
realize. Furthermore, similarity and relevance of photos can be assessed in an
instant. This is much harder for music tracks and requires additional time for
listening – especially if the tracks are previously unknown.
The following four questions were addressed in the user study:
1. How does the lens-based user-interface compare in terms of usability to common panning & zooming techniques that are very popular in interfaces using
a map metaphor (such as Google Maps 12 )?
2. How much do users actually use the secondary focus or would a common
fish-eye distortion (i.e. only the primary focus) be sufficient?
3. What interaction patterns do emerge?
4. What can be improved to further support the user and increase user satisfaction?
To answer the first question, participants compared a purely SpringLens-based
user-interface with a common panning & zooming and additionally a combination of both. For questions 2 and 3, the recorded interaction of the participants
12

http://maps.google.com
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with the system was analyzed in detail. Answers to question 4 were collected
by asking the users directly for missing functionality. Section 6.1 addresses the
experimental setup in detail and Section 6.2 discusses the results.
6.1

Experimental Setup

At the beginning of the experiment, the participants were asked several questions
to gather general information about their background. Afterwards, they were
presented four image collections (described below) in fixed order. On the first
collection, a survey supervisor gave a guided introduction to the interface and the
possible user actions. Each participant could spent as much time as needed to get
used to the interface. Once, the participant was familiar with the controls, she
or he continued with the other collections for which a retrieval task (described
below) had to be solved without the help of the supervisor. At this point, the
participants were divided into two groups. The first group used only panning &
zooming (P&Z) as described in Section 5.1 on the second collection and only
the SpringLens functionality (SL) described in Section 5.2 on the third one. The
other group started with SL and then used P&Z. The order of the datasets stayed
the same for both groups. (This way, effects caused by the order of the approaches
and slightly varying difficulties among the collections are avoided.) The fourth
collection could then be explored by using both, P&Z and SL. (The functionality
for adapting the facet distance aggregation functions described in Section 5.3 was
deactivated for the whole experiment.) After the completion of the last task,
the participants were asked to assess the usability of the different approaches.
Furthermore, feedback was collected pointing out, e.g., missing functionality.
Test Collections Four image collection were used during the study. They were
drawn from a personal photo collection of the authors.13 Each collection comprises 350 images – except the first collection (used for the introduction of the
user-interface) which only contains 250 images. All images were scaled down to
fit 600x600 pixels. For each of the collections 2 to 4, five non-overlapping topics
were chosen and the images annotated accordingly. These annotation served as
ground truth and were not shown to the participants. Table 2 shows the topics
for each collection. In total, 264 of the 1050 images belong to one of the 15 topics.

Retrieval Task For the collections 2 to 4, the participants had to find five
(or more) representative images for each of the topics listed in Table 2. As
guidance, handouts were prepared that showed the topics – each one printed
in a different color –, an optional brief description and two or three sample
images giving an impression what to look for. Images representing a topic had
13

The collections and topic annotations are publicly available under
the Creative Commons Attribution-Noncommercial-Share Alike license,
http://creativecommons.org/licenses/by-nc-sa/3.0/ Please contact stober@ovgu.de.
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Table 2. Photo collections and topics used during the user study.
Collection

Topics (number of images)

Melbourne & Victoria –
Barcelona
Tibidabo (12), Sagrada Famı́lia (31), Stone Hallway in Park
Güell (13), Beach & Sea (29), Casa Milà (16)
Japan
Owls (10), Torii (8), Paintings (8), Osaka Aquarium (19), Traditional Clothing (35)
Western Australia
Lizards (17), Aboriginal Art (9), Plants (Macro) (17), Birds
(21), Ningaloo Reef (19)

to be marked with the topic’s color. This was done by double clicking on the
thumbnail what opened a floating dialog window presenting the image at big
scale and allowing the participant to classify the image to a predefined topic by
clicking a corresponding button. As a result, the image was marked with the
color representing the topic. Further, the complete collection could be filtered
by highlighting all thumbnails classified to one topic. This was done by pressing
the numeric key (1 to 5) for the respective topic number. Highlighting was done
by focusing a fish-eye lens on every marked topic member and thus enlarging
the corresponding thumbnails.
It was pointed out that the decision whether an image was representative for
a group was solely up to the participant and not judged otherwise. There was
no time limit for the task. However, the participants were encouraged to skip to
the next collection after approximately five minutes as during this time already
enough information would have been collected.

Tweaking the Nearest Neighbor Index In the original implementation, at
most five nearest neighbors are retrieved with the additional constraint that their
distance to the query object has to be in the 1-percentile of all distances in the
collection. (This avoids returning nearest neighbors that are not really close.) 264
of the 1050 images belonging to collections 2 to 4 have a ground truth topic label.
For only 61 of these images, one or more of the five nearest neighbors belonged to
the same topic and only in these cases, the secondary focus would have displayed
something helpful for the given retrieval task. This let us conclude that the
feature descriptors used were not sophisticated enough to capture the visual
intra-topic similarity. A lot more work would have been involved to improve the
features – but this would have been beyond the scope of the study that aimed
to evaluate the user-interface and most specifically the secondary focus which
differentiates our approach from the common fish-eye techniques. In order not to
have the user evaluate the underlying feature representation and the respective
similarity metric, we modified the index for the experiment: Every time, the
index was queried with an image with a ground truth annotation, the two most
similar images from the respective topics were injected into the returned list of
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Fig. 9. Usability comparison of common panning & zooming (P&Z), adaptive
SpringLens (SL) and the combination of both. Ratings were on a 7-point-scale
where 7 is best. The box plots show minimum, maximum, median and quartiles
for N = 30.

nearest neighbors. This ensured that the secondary would contain some relevant
images.
6.2

Results

The user study was conducted with 30 participants – all of them graduate or
post-graduate students. Their age was between 19 and 32 years (mean 25.5)
and 40% were female. Most of the test persons (70%) were computer science
students, with half of them having a background in computer vision or user
interface design. 43% of the participants stated that they take photos on a regular
basis and 30% use software for archiving and sorting their photo collection. The
majority (77%) declared that they are open to new user interface concepts.
Usability Comparison Figure 9 shows the results from the questionnaire comparing the usability and helpfulness of the SL approach with baseline P&Z. What
becomes immediately evident is that half of the participants rated the SL interface as being significantly more helpful that the simple P&Z interface while
being equally complicated in use. The intuitiveness of the SL was surprisingly
rated slightly better than for the P&Z interface, which is an interesting outcome
since we expected users to be more familiar with P&Z as it is more common in
today’s user interfaces (e.g. Google Maps). This, however, suggests that interacting with a fish-eye lens can be regarded as intuitive for humans when interacting
with large collections. The combination of both got even better ratings but has
to be considered noncompetitive here, as it could have had an advantage by
always being the last interface used. Participants have had time for getting used
to the handling of the two complementary interfaces already. Moreover, since
the collection did not change as for P&Z and SL, the combined interface might
have had the advantage of being applied to a possibly easier collection – with
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Table 3. Percentage of marked images (N = 914) categorized by focus region
and topic of the image in primary focus at the time of marking.
focus region

primary

ext. primary

secondary

none

same topic
other topic
no focus

37.75

4.27
4.49

30.74
13.24

4.38
2.08
3.06

total

37.75

8.75

43.98

9.52

topics being better distributed or a slightly better working similarity measure
so that images of the same topic are found more easily.
Usage of Secondary Focus For this part, we restrict ourselves to the interaction with the last photo collection where both, P&Z and the lens, could be used
and the participants had had plenty of time (approximately 15 to 30 minutes
depending on the user) for practice. The question to be answered is, how much
the users actually make use of the secondary focus which always contains some
relevant images if the image in primary focus has a ground truth annotation.14
For each image marked by a participant, the location of the image at the time
of marking was determined. There are four possible regions: primary focus (only
the central image), extended primary focus (region covered by primary lens except primary focus image), secondary focus and the remaining region. Further,
there are up to three cases for each region with respect to the (user-annotated or
ground truth) topic of the image in primary focus. Table 3 shows the frequencies
of the resulting eight possible cases. (Some combinations are impossible. E.g.,
the existence of a secondary focus implies some image in primary focus.) The
most interesting number is the one referring to images in secondary focus that
belong to the same topic as the primary because this is what the secondary focus
is supposed to bring up. It comes close to the percentage of the primary focus
that – not surprisingly – is the highest. Ignoring the topic, (extended) primary
and secondary almost contribute equally and only less than 10% of the marked
images were not in focus – i.e. discovered only through P&Z.
Emerging Search Strategies For this part we again analyze only interaction
with the combined interface. A small group of participants excessively used P&Z.
They increased the initial thumbnail size in order to better perceive the depicted
contents and chose to display all images as thumbnails. To reduce the overlap of
thumbnails, they operated on a deeper zoom level and therefore had to pan a lot.
The gaze data shows a tendency for systematic sequential scans which were however difficult due to the scattered and irregular arrangement of the thumbnails.
Further, some participants occasionally marked images not in focus because of
14

Ground truth annotation were never visible to the users.
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being attracted by dominant colors (e.g. for the aquarium topic). Another typical strategy was to quickly scan through the collection by moving the primary
focus – typically with small thumbnail size and at a zoom level that showed most
of the collection but the outer regions. In this case the attention was mostly at
the (extended) primary focus region with the gaze scanning in which direction
to explore further and little to moderate attention at the secondary focus. Occasionally, participants would freeze the focus or slow down for some time to scan
the whole display. In contrast to this rather continuous change of the primary
focus, there was a group of participants that browsed the collection mostly by
moving (in a single click) the primary focus to some secondary focus region –
much like navigating an invisible neighborhood graph. Here, the attention was
concentrated onto the secondary focus regions.
User Feedback Many participants had problems with an overcrowded primary
fish-eye in dense regions. This was alleviated by temporarily zooming into the
region which lets the images drift further apart. However, there are possibilities
that require less interaction such as automatically spreading the thumbnails in
focus with force-based layout techniques. Working on deeper zoom levels where
only a small part of the collection is visible, the secondary focus was considered
mostly useless as it was usually out of view. Further work could therefore investigates off-screen visualization techniques to facilitate awareness of and quick
navigation to secondary focus regions out of view and better integrate P&Z and
SL. The increasing “empty space” at deep zoom levels should be avoided – e.g.
by automatically increasing the thumbnail size as soon as all thumbnails can be
displayed without overlap. An optional re-arrangement of the images in view into
a grid layout may ease sequential scanning as preferred by some users. Another
proposal was to visualize which regions have already been explored similar to the
(optionally time-restricted) “fog of war” used in strategy computer games. Some
participants would welcome advanced filtering options such as a prominent color
filter. An undo function or reverse playback of focus movement would be desirable and could easily be implemented by maintaining a list of the last images
in primary focus. Finally, some participants remarked that it would be nice to
generate the secondary focus for a set of images (belonging to the same topic).
In fact, it is even possible to adapt the similarity metric used for the nearest
neighbor queries automatically to the task of finding more images of the same
to topic as shown in recent experiments [48]. This opens an interesting research
direction for future work.

7

Conclusion

A common approach for exploratory retrieval scenarios is to start with an overview from where the user can decide which regions to explore further. The focusadaptive SpringLens visualization technique described in this paper addresses
the following three major problems that arise in this context:
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1. Approaches that rely on dimensionality reduction techniques to project the
collection from high-dimensional feature space onto two dimensions inevitably
face projection errors: Some tracks will appear closer than they actually are
and on the other side, some tracks that are distant in the projection may in
fact be neighbors in the original space.
2. Displaying all tracks at once becomes infeasible for large collections because
of limited display space and the risk of overwhelming the user with the
amount of information displayed.
3. There is more than one way to look at a music collection – or more specifically
to compare two music pieces based on their features. Each user may have a
different way and a retrieval system should account for this.
The first problem is addressed by introducing a complex distortion of the visualization that adapts to the user’s current region of interest and temporarily
alleviates possible projection errors in the focused neighborhood. The amount
of displayed information can be adapted by the application of several sparser
filters. Concerning the third problem, the proposed user-interface allows users
to (manually) adapt the underlying similarity measure used to compute the arrangement of the tracks in the projection of the collection. To this end, weights
can be specified that control the importance of different facets of music similarity
and further an aggregation function can be chosen to combine the facets.
Following a user-centered design approach with focus on usability, a prototype system has been created by iteratively alternating between development
and evaluation phases. For the final evaluation, an extensive user study including gaze analysis using an eye-tracker has been conducted with 30 participants.
The results prove that the proposed interface is helpful while at the same time
being easy and intuitive to use.
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