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ABSTRACT  

This paper presents an innovative integrated visual approach for indexing music and for automatically composing 
personalized playlists for radios or chain stores. To efficiently index hundreds of music titles by hand with artistic descriptors, 
the user only needs to drag and drop them onto a dynamic music landscape. To help the user we propose different dynamic 
visualization tools, such as the semantic spectrum and semantic field lenses. An algorithm then propagates artistic values that 
are hidden in the landscape into the titles being indexed. Different propagation algorithms are tested and compared. The 
dynamic composition methodology is then described with its class n-gram algorithm and its means for personalization based 
on the same music map as the visual indexing method. The technological leap that is proposed here is to turn musical 
experience into an integrated visual experience that may generate new kind of music knowledge and emotion.  

Topics: Measurement and Modeling (performance measurement of multimedia systems) – Multimedia Computing 
(development tools) – Case Studies and Applications (multimedia authoring)  

Keywords: Multimedia Indexing, Information Visualization, MultiDimensional Scaling, Musical Landscape, Playlist 
composition, class n-grams. 

1. INTRODUCTION 
A playlist is a succession of music titles to be broadcasted in order, either on radios, in chain stores’ sound space, or at home 
for private usage. Composing playlists at home is usually performed manually according to personal ‘mood’. Composing 
playlists for other contexts (radio stations, chain stores) requires on the one hand considerable editorial and artistic knowledge 
of available musical objects and on the other hand artistic expertise in musical programming which depends on the target. DJs 
are alleged experts in setting up such programs according to some artistic criteria and several constraints.  Our concern is to 
build an automatic playlist composer application which captures and implements this knowledge and this expertise 
particularly targeted to playlist composition for chain stores.   

Semi-automated or even automated music playlist composition is not new and several applications can be found on the market 
of which we can synthetically distinguish two main categories. On the one hand we find those applications for private use 
such as iTunes’ Smart Playlist, or Windows Media Player, that build playlists through filtering a music database using the 
mood, the genre, personal rating and other private criteria.  The user can enter her selection criteria through menus, and then 
she can manually edit the playlists that are proposed - often at random after selection - by the application.  On the other hand 
we find commercial radio applications, such as RCS’ Selector XV or Netia’s Music All that rely on a different philosophy. 
The criteria are more focused on ‘rotation’ (limitation of repetition), frequencies, and many other commercial considerations. 
Composition relies then heavily on constraint solving methods.  

Due to their specific targets, home and commercial radios are limited in three ways, particularly when we want to target 
playlist composition for chain stores.  One limit concerns the succession of music titles, what we shall call later ‘diachrony’. It 
is either limited to a particular ‘color’ or ‘mood’ of music (home applications) or it is more the result of commercial constraint 
application and the ‘color’ is not the main dragging force. There is no real artistic approach compared to a real DJ’s practice.  

The second difficulty is the necessity of indexing all titles. Although a lot of research has been conducted on automated music 
indexing, there are few results on indexing with high level criteria (see state of the art below). Either this is done by the user 
(such as the ‘rating’), or it is imported (such as the ‘interpreter’, or the ‘genre’), which may not reflect the user’s point of view 



on some criteria.  As a consequence, most of the time indexing has to be done manually using menus. This task is particularly 
boring and error prone since the user may not bother spend a lot of time indexing and may neglect many interesting criteria. 

The third difficulty is the menu and key words based interfaces that do not fit the artistic nature of music. Some applications 
described above try to give real colors to criteria, but the metaphor is somehow misleading when turned into practice.  

Our contribution is three-fold.  Firstly, we propose an integrated visual dynamic environment to assist the user when indexing 
music titles, preparing learning material, composing, and editing the resulting playlists if necessary. This dynamic ‘look and 
feel’ environment makes use of a music knowledge map. It is very different from those found in all other indexing and playlist 
composition applications and closer to the artistic nature of music. Secondly, we propose an innovative way for indexing 
music titles with artistic criteria based on visual cues. It is more efficient and less error prone than menu driven indexing. 
Finally we describe a new way for composing playlists based on learning DJs’ expertise. It takes into account the artistic 
approach for performing title scheduling. It does not replace other composition approaches such as constraint solving 
methods, but it addresses a new dimension that was up to now missing, particularly when the target is chain stores.  

The name of the project is MBox and its context is industrial, with a software company partner whose clients are radios and 
chain stores. Two playlist experts from this partner help to unveil the expertise and to validate our solutions. This paper 
presents this application with the different algorithms that are used to achieve the different goals: build a music knowledge 
map,  assist during indexing, prepare learning playlists, compose and edit. 

The next sections are organized as follows. First we justify our visual method for indexation through visual maps. Then we 
detail our indexing approach describing its three fundamentals: the music landscape, the different visual supports provided by 
MBox to help managing semantics in a complex world and the indexing algorithms. After this description we discuss the 
reliability of the indexing method considering the performance of the different indexing algorithms.  

We then describe our dynamic composition method and its visual approach which also makes great use of the knowledge map 
designed for indexing. In the state of the art that follows, we compare the performance of our method to other indexing 
methods and other composition algorithms; we argue that our method is not only better on a semantic point of view than 
totally automatic methods, but also that it is the only one we know that gives a high degree of integration through a unique 
view and such a level of creative functionalities.  

2. PRINCIPLE OF INDEXING THROUGH VISUAL INTERACTION 
Musical sensations, being a sensual experience, are not far from visual sensations; therefore a visual map representing artists 
or musical styles can be an interesting metaphor for a mental map of musical knowledge. The central idea is to allow experts 
to interact with musical objects the way a DJ interacts with record jackets when he prepares music playlists in real time. To 
materialize this idea, we imagine a DJ displaying a group of titles in 2D space according to some criteria of similarity between 
one another. The result would be a 2D landscape where geographic neighbourhood represents artistic neighbourhood. 

2.1 The building of a music landscape for indexing and composing 
Indexing consists of giving values to a set of attributes attached to objects, which in our case are music titles. There has been a 
great concern on music indexing; we shall give a quick synthesis on the state of the art in this matter in a later section. 

For the time being, let us consider that a title is described with 20 to 30 descriptors (in our example 23) such as ‘Taste’, 
‘Attitude’, ‘Intelligence’, etc. with values between 0 to 100 denoting a semantic scale. For instances, the 0 value for ‘Taste’ 
means ‘soft’, and 100 means ‘spicy’; 0 for ‘Attitude’ means ‘respectful’ and 100 means ‘rebel’. This semantic was designed 
by our industrial partner’s music experts, deriving the vocabulary from several readings about music, composers and 
interpreters.  

The drawback of this type of description is that it cannot be computed automatically (the descriptors are totally cultural, social 
and subjective), which means that each title has to be described by hand using some sort of editor. Since there are more than 
2000 titles to characterize, it is clear that a manual process is bound to be slow and error-prone (that would damage the 
composition step). The goal of our visual paradigm is to provide an easy, fast and fair method for indexing several thousands 
titles with more than 20 semantic descriptors keeping the expert in a well known context (the jackets on a table).  

2.2 Building the music landscape 

2.2.1 Technical approach for building an information 2D map 
Many applications have been reported to build a visual map representing proximity between heterogeneous objects. We are 
interested here in those applications that deal with sounds or pictures, or both. They use different methods to perform a 



projection of a cloud of points that represent multivariate data from an m-dimensional space to a k-dimensional space, k<m. 
In our case, the points are music titles, the m dimensional space is composed of 23 descriptors (m=23) and k=2. The Self 
Organizing Maps method (SOMs – [17]) is often applied. For example [9] use it to visualize and compare image collections. 
[24] also use SOMs for visualizing music archives from automatically extracted physical features. Another class of techniques 
is MultiDimensional Scalling (MDS) where two approaches are distinguished [27]. The analytic approach (for example 
Principal Component Analysis – PCA [13]) uses the distance matrix eigen values and vectors to rotate the property axis and 
project the objects on the best dimensions for visibility. However this leaves us with little place for interaction [27]. FastMap 
is an interesting PCA variant ([14]) but with the same limit in interaction facilities.   

 

Figure 1: A 46 title music landscape obtained from vectorial description (with 23 artistic descriptors) 

A better approach for interactivity consists of minimizing a ‘stress’ function between n points that are described in an m-
dimensional space, after the compression or extension of their distances when projected onto a space with less dimensions 
([3][7][29]). Several stress functions can be applied. The most common one is: 

 STRESS =  �  (DJK - dJK)² 

where djk is the Euclidian distance between points j and k in the destination space, and djk the distance between points j and k 
in the origin space. 

2.2.2 The spring Algorithm applied to MDS 
Various algorithms can be applied to minimize the stress function [3]. In our case, we use the Spring Embedding Algorithm 
since it also adds a considerable degree of interactivity. This algorithm is well recognized for meeting certain aesthetic criteria 
in the visual presentation of data or graphs ([4][11][12]). It works by considering each point as a node of a graph where 
virtual springs are attached between all pairs of nodes so that they must maintain a certain distance. This algorithm is slow 
when many points are considered but efficient enough when the number of nodes is limited ([29]), as in our project. When the 
number of nodes becomes important the drawback can also be overcome with some improvements in the algorithm like in [8] 
and [20]. 



To apply the FDP heuristics to produce an MDS projection, all the points are nodes in a complete graph. The distances 
between the nodes are their distances in the original descriptor space. A spring is attached between the n(n-1)/2 pairs of nodes 
with a length equal to the original distance. The result of applying the spring force ([11]) in the 2D space to meet in the plan 
the m-dimensional space’s original distances spontaneously produces, after several iterations, a minimization of the stress 
function, provided the graph does not get stuck in a local minimum. To avoid the last case, the application authorizes the 
intervention of the experts to help the landscape to get out of possible local minima through agitation or through moving some 
nodes. In practice this help from the experts appeared to be rarely necessary, our MDS projection being remarkably efficient 
at finding an optimum fitting the experts’ expectation. 

Figure 1 shows the result of such an algorithm applied on 46 music titles, described in a 23 descriptor space and represented 
by their record jackets. Clicking on an object shows the corresponding descriptor values in the list on the left.  

For indexing, we now imagine this landscape as a semantic 2D space containing semantic fields that are able to reveal the 
semantic profile of any object dropped at a particular place.  

3. VISUAL INDEXING ON A MUSIC LANDSCAPE AND  
INFORMATION VISUALISATION ASSISTANCE 

3.1 Visual Indexing  
Semantically, the validity of the visual indexing method we propose is sustained by the way a radio DJ often presents a new 
artist in one sentence, just citing two or three similar known artists or styles of music. For instance, a DJ would say that Linkin 
Park’s style of music is a mixture of Eminem, the Rolling Stones and some other rock star. We turn this musical assimilation 
into a visual neighbourhood in the music landscape. It is easy for a music expert to drag and drop the picture of a to-be-
indexed object (we call it an indexable) among the landmarks, i.e. the pictures composing the landscape. The values of the 
indexable descriptors can then be inferred from the landmarks’ descriptor values by applying a particular propagation 
algorithm. It is as if the landscape was containing 23 semantic fields supported by the presence of the music landmarks and 
their organization. An indexable which is dropped somewhere onto the landscape is bound to be semantically determined by 
its localization. This approach is somehow the dual of the SOM classification method. Whereby the SOM algorithm 
automatically places vectorised objects on a 2D space by looking for a similar neighbourhood and then gives as output the 
‘xy’ localization, here we give the ‘xy’ localization by hand and the objects inherit the similarity of the neighbourhood. 

Figure 2 presents the visual indexation of an indexable called ‘Syracuse’ by the popular French singer ‘Henri Salvador’. The 
indexing algorithm which is used is the 4-Nearest-Neighbours, which will be described in section 4.1.3. The four neighbours 
are indicated by visible liaisons. A later section presents our study of different algorithms and the evaluation methodology for 
choosing the best one. The neighbours and the indexable are represented in Figure 2 by their semantic spectrum whose 
importance is now demonstrated. 

 

Figure 2 : Detail of the landscape with the title 'Syracuse' indexed using  the 4NN method.  



 

3.2 Visual Assistance: towards semantic spectrum lenses 
The MBox application is derived from a more general agent oriented environment called Molage that we develop to build 
adaptive information visualization and interface applications. Molage stands for ‘Molecular Agents’ since it is based on a 
molecular metaphor in order to provide self-adaptive capacities. The objects in Molage are interacting atoms that are 
animated thanks to different forces. Numerous interactive functionalities are available to perform information visualization 
and manipulation, such as graph drawing, atom typing or selective force application. Several are applied in MBox to assist the 
indexer in controlling semantics and complexity. They are available through different tunable magnification and magic lenses. 

When looking at the landscape in Figure 1, little information is given to the indexer about the semantic nature of the 
landscape. He only sees pictures laid on a 2D space. This is enough at a high level for dragging an indexable somewhere on 
the landscape. He can also inspect the whole descriptor values for any music landmark by clicking on it and looking at the 
descriptor list on the left. But the interface does not say much about the propagation of values, particularly when different 
algorithms can be applied as it will be described below.  

In order to give an instant view of the semantic propagation, the expert can ask Molage to apply different lenses according to 
his semantic enquiry to reveal a different view of the landscape. Figure 2 presents the application of a particular 
parameterized lens that shows different information in the (tunable) proximity of the mouse:  

- the names of the interpreters and the songs; 
- the landmarks involved in the active indexing algorithm (they are linked by a straight line with the indexable); 
- the semantic spectrums of all the landmarks that are involved and the indexable which is computed.  

The semantic spectrum of a title is a set of coloured bars, the length of each bar being proportional to a corresponding 
descriptor value. The bars are presented in the same order from top to bottom as the descriptors in the list on the left (see 
Figure 2). Since the number of descriptors varies from an application to another, it is not possible to have a one-to-one 
mapping between a particular colour and a descriptor. As a result, a small limited set of colours is used and we emphasize on 
the contrast between adjacent colours. The expected perception is more like a ‘colour profile’ of an object compared to other 
objects rather than a precise independent analytical view which is actually given by the descriptor list on the left.  

This particular lens has proved to be very helpful for our experts that test the system. The fact that the indexer can see at a 
glance all the spectrums of the neighbours and the resulting spectrum of the indexable gives him instant feedback on the 
semantic propagation. He uses this information to decide whether to move slightly the indexable on the landscape to improve 
its spectrum, or to drop it if the latter is satisfactory. If moving the indexable does not improve the spectrum, the indexer can 
still go to the descriptor list on the left and change some values with the corresponding sliders. This adjustment has no impact 
on the ‘xy’ position of the indexable. Practically, this last correction is rarely made which shows the pertinence of the visual 
indexing. 

3.3 Revelation of the semantic fields in the landscape 
The landscape in Figure 1 does not give any hints either about each descriptor or how its semantic force field is spread. The 
expert sometimes would like to know more about this specific distribution in order to follow semantic directions when 
dragging an indexable. To meet this need, we unveil semantic fields in Figure 3 by combining some modeling and algorithmic 
facilities offered by Molage (atom typing,  transtyping and selective attraction force).  A semantic field is a pair of atoms, 
called indicators, linked by a visible line, and endowed with a unique descriptor. One atom (max-indicator) is given the 
maximum value for the descriptor (100); the other atom of the pair (min-indicator) receives the minimum value (0) for the 
same descriptor. The pair is displayed on the landscape and each atom is attracted by all the landmarks without interfering 
with them according to its unique descriptor value. As a result, the max-indicator is attracted to a zone where landmarks have 
a high value for this descriptor; conversely the min-indicator finds the minimum value zone for the descriptor. The link 
unveils the direction between the max and the min values (see Figure 3), which is a way to indicate a linear semantic gradient 
about the descriptor that may be followed by an indexable1. 

                                                                 
1 In reality, this gradient is not linear, but the way we unveil it uses a linear representation which is sufficient for our purpose. 



 

Figure 3: A music landscape with semantic fields 
 

4. INDEXING ALGORITHMS AND ASSESSMENT METHODOLOGY 
Figure 2 gave a hint on a particular indexing method based on a K-Nearest-Neighbour (KNN) algorithm (see 4.1.3). We 
designed, implemented and tested different propagation methods to assess their reliability and select the best one. These 
methods are not the only variables that influence the indexing method’s reliability. Three other main variables are of 
particular interest: the density of the landscape, i.e. the number of landmarks in the landscape; the locality of the dropping, 
that is, in the centre of the landscape or at the edge; and the choice of the landmarks. The influence of these variables will also 
be reported. 

4.1 The indexing algorithms 
In some algorithms all the landmarks on the landscape are involved in the propagation. Others consider the indexable’s 
neighbourhood only. They are local algorithms. In the following, we just sketch the different algorithms that we tested and 
only detail the one that has finally been selected, i.e. KNN.  

4.1.1 The whole landscape gravitational method (Newton) 
All the landmarks in the landscape influence the indexable’s descriptor values according to a gravitational law, i.e. with a 
weighting based on the inverse of the quadratic distance. 

ei
indexable = � k (e

i
k /dk²) / � k 1 /dk² 

with dk being the distance between the indexable and the landmark k, provided that dk ¹  0. If dk = 0, we force dk = 1 (the 
distance is measured in pixels). 

4.1.2 The m-Dimensional Spring heuristics (NDS) 
We designed this original indexing algorithm as the dual of the spring MDS algorithm presented in section 2.2.2. The idea is 
to use the known 2-Dim distances between the indexable and the landmarks as the target values for the springs attached 
between the indexable and the landmark in m-Dim space, with each dimension corresponding to each descriptor value. We 
then apply the spring algorithm to (virtually) ‘move’ the indexable to a stable position in the m-Dim space.  



4.1.3 The weighted K-Nearest Neighbours method (KNN) in detail 
The KNN method is widely used in many fields for classification, prediction and missing data estimation. We are more 
concerned here with missing data estimation such as in [30]. Given a set of m-dimensional points aj with all known values, 
and given an m-dimensional point t with some missing values among the m-dimensions, the objective is to derive the missing 
values of t using the corresponding values of points from aj. The KNN estimation method consists in finding the t’s K nearest 
neighbours with some metric that involves the known values of t and aj. The unknown values of t are then computed as the 
mean, or (better) as a weighted mean, of the identified neighbours’ respective known values. A very similar algorithm is also 
popular in interpolation methods under the name of Inverse Distance Weighted (IDW) [31]. It gives good results with some 
limits that we will mention in the last section. 

In our case, the given points are the landmarks with their descriptor values and their x and y positions. An indexable is an 
unknown point whose only known values are the x and y positions. The metric we use to identify the K nearest neighbours is 
the xy-euclidian distance (which is often the case with this method). Then each indexable value eiind is computed by applying 
a weighted mean on the K nearest landmarks’ respective descriptor’s value. 

Our KNN method is a modification of the traditional KNN (or IDW) algorithm. When the indexer drops the indexable right 
onto a precise landmark, we impose that the indexable takes the whole descriptor values of this particular landmark (we thus 
prevent division by 0, commonly baldy treated through a condition in the traditional KNN method). 

Inputs: a set of landmarks, an indexable in position x,y, an integer value for K 

1) find the K nearest neighbors of the indexable: 
Compute all the xy-euclidian distances between the indexable and the landmarks.  
Select the landmarks whose distance to the indexable is the smallest. If conflict, choose at random. 

2) index: 
Let ak be one of the K nearest neighbors (k Î  [1..K]),   
Dk = dk², and eik its descriptor value for descriptor i. Then: 

ei
ind = � k e

i
k pk 

with: pk = (1 /Dk) / � k (1 / Dk) which can be rewritten:  
pk = hk / � u=1..K hu ,  
where hu = P v=1..K Dv with Dv =1 when v = u. 

For example, if K= 3, p1 = D2 D3 / (D2 D3 + D1 D3 + D2 D1). This formula gives p1 = 1 and p2 = p3 = 0 for D1 = 0, which is 
what we are looking for. This method mimics the best what is supposed to motivate the expert when dropping an indexable 
near a group of landmarks or onto a particular landmark (landmark 1 in our example above). 

In order to explore the influence of the number K, we have made trials with K = 2, 3 and 4. In the assessment section (4.2), 
we will discuss the results calling them 2NN, 3NN, and 4NN. 

4.1.4 The Nearest Friend and K Nearest Neighbours (KNF) 
This original method is a slight modification of the preceding one. We consider that the expert does not drop an indexable in 
the middle of a group of landmarks, but near a particular landmark, called its friend, with influences from other neighbours. 
Therefore, we find first the best neighbour (the friend f), and then the other nearest neighbours. 

4.2 Reliability assessment methodology for the different indexing algorithms 
We studied and tested three different evaluation methods that seemed the most interesting to compare the indexing algorithms 
and understand the meaning of the results. We quickly present them and detail only the last one in the limits of this paper. 

4.2.1 First evaluation method 
The first evaluation method consists of taking a set of indexables, and asking the expert to visually index them. We then use 
the transtyping facility in Molage to dynamically turn them into a particular type called ‘index test’. An atom of this type 
behaves like an indicator, i.e it moves autonomously in the landscape according to its acquired new values (over all 
descriptors) without affecting the landscape. This displacement is due to the fact that the indexing method is not perfect. It 
gives an indexable values that are slightly different from those a landmark would have at this precise position in the 
landscape. The best indexing method should limit the displacements.  



Results: Newton provokes unpleasant displacements; NDS performs better although not perfectly; KNN and KNF are very 
good, and even perfect when an indexable is dropped onto a landmark. This last result is not a surprise since these two 
heuristics were designed with this purpose. We conclude in the limits of this particular test that KNN and KNF are the best 
approaches. 

4.2.2 Second evaluation method 
We ask the indexer to first index by hand a set of indexables with the sliders (on the left in Figure 1), and then to index them 
visually on the landscape with the different algorithms. We then compare the two sets of descriptor values for each algorithm 
for each indexable and for all of them.  

Results: The results are not far from those produced with the next method which is simpler in practice since it does not 
require the expert. We detail now this third method and its results. 

4.2.3 Third evaluation method 
In this method, we choose a subset of landmarks according to their position in the landscape. We save their original 
descriptor values. We then use the transtyping facility in Molage to turn the selected landmarks into indexables without 
moving them. We visually index them with the different algorithms. We can now compare the new descriptor values for each 
algorithm with the original ones applying the following estimation method.  

Suppose there are m descriptors. Each descriptor can be considered as a point with two coordinates in a 2D Euclidean plane, 
one coordinate being the original value, the other one the computed value. If the indexing method is perfect, these two values 
are identical, and the point is on the first bisector which should be the regression line. A perfect indexing algorithm should 
give m descriptor points aligned on the first bisector. Since the algorithm is certainly not perfect, the points are scattered in 
the up-right sub-plane. Figure 4 shows an example of a correlation line for the 2NF method applied to a particular title (‘Kiss’ 
by Prince). 

In order to quantitatively assess the bias of each indexing algorithm, for each atom that is used for testing we compute the 
correlation coefficient (CC) between the set (OV) of original descriptor values and the set (CV) of computed values. CC is a 
real value given by the cosine between the two vectors:  

CC (OV, CV) = cos (OV, CV) = OV *  CV / ||OV|| *  ||CV|| 

If CC is near 1, then the correlation angle between the two vectors is near 0 and the method is good because it retrieves the 
original values. If it is not, the method (or something else that needs to be investigated) is (partly) wrong.  Now let us see how 
this CC can be used to assess the different indexing parameters. 

We computed this correlation coefficient for all the indexing algorithms by the following method: First we turned 10 test 
landmarks (coming from different positions) into indexables and using each algorithm on a 20 landmark landscape we 
calculated the descriptor values’ CC for each one of these test titles. Then we resumed the computation for a 40 landmark 
landscape.  

Our first goal was to check whether a 40 landmark landscape performs better than a 20 landmark landscape or not. Our 
second goal was to compare the indexing performance of the different methods. 

Results for the number of landmarks in the landscape: Figure 5 shows the results for a particular title (‘Kiss’ by Prince) 
which is situated near the edge of the landscape. It seems that a 40 landmark landscape performs better than a 20 landmark 
landscape and that the best method is 3NF, and the worst is NDS. To test this hypothesis we applied a paired Student t-test 
with a 95% confidence interval, 6 degrees of freedom and with the null hypothesis being that both means are equal. This test 
was performed with Excel’s analysis tool. It showed that the null hypothesis cannot be rejected. It can be concluded that on 
this particular title, the number of landmarks in the landscape is not statistically significant.  

In order to compare the different methods, we then computed a CC-mean for each algorithm by using the CCs that came from 
the 10 test landmarks. This computation was conducted twice on the two different landscapes. 

Results: A first Student t-test performed to compare the two landscapes confirmed the precedent null hypothesis. Comparing 
the methods with a Student t-test, there is no statistic evidence that, besides Newton which is weaker, any method outperforms 
the other methods. The CC-means for all methods but Newton and for both landscapes are around 0.7, which is rather good. 



4.3 Choosing the best indexing algorithm 
Putting together all the results from all the assessment methods, it appears that the whole landscape algorithms (Newton and 
NDS) perform better at the centre of the landscape (mean(CC)»0.8), and the local algorithms perform better at the edge 
(mean(CC)»0.9).  

This result can be understood in this way. At the edge of the landscape, the landmarks are much correlated along a few 
descriptor dimensions. Therefore, using the neighbours for indexing is a natural way for recovering common attribute values. 
The centre of the landscape is more like a melting pot which can create hazardous neighbourhoods, and indexing only with 
the neighbours is a haphazard operation. In that case, Newton performs better than local methods, and NDS even better. 
However altogether, Newton is the weakest of them all.  

 

 
 

Figure 4: Example of a correlation line for 2NF 
applied to a particular title (‘Kiss’ by Prince)  

Figure 5: Comparison of CCs from the different methods for a 
particular title on a 20 (left) and 40 (right) titl e landscape 

In conclusion, theoretically we should choose an indexing method relative to the place where the indexer drops an indexable. 
We would then perform with a rather stable mean (CC) of 0.85 wherever on the landscape. Practically it appears that the 
experts prefer a ‘nearest neighbours’ method, particularly when they see the lines showing the neighbours like in Figure 4. To 
comply with this wish, we decided to keep the 4NN method. As a result, we have a good correlation at the edge (0.9) and a 
rather weak at the centre (0.5). More studies will be undertaken in the future to improve the indexing methods and their 
assessment.  

5. PERSONALIZED PLAYLIST COMPOSITION 
At this point in the playlist composition process we have two results: a music landscape with few landmark titles (40 titles) 
and several thousand indexed titles within the landscape (most of them hidden by lenses). The following phases are targeted 
toward playlist composition. We synthesize the approach and its algorithms, enhancing the importance of the landscape for 
preparing the composition 

5.1 Playlist composition principles 
A playlist is a sequence of music titles that matches several objectives and a few constraints whose content greatly depend 
upon the targeted audience (a particular chain store, a private audition, a teenager party, etc.). We consider two main 
objectives: harmony and diachrony. According to harmony, we expect that the titles that are present in the playlist should 
match some music preferences and some mood (it should be in ‘harmony’ with the audience’s mood). For a personal playlist, 
the preferences should be personal. For radios and store chains, the preferences should match shared preferences among the 
targeted audience, a particular music ‘color’. Harmony means here ‘agreement in feeling and opinion’.  As we shall see in the 
state of the art, this is the main concern in the playlist composition research community.  

Our second objective is pertinent diachrony, which is not really taken into account in the playlist composition research 
community although it appears to be the real DJ’s expertise. Diachrony is the ‘change of colour occurring over time’. A 
pertinent playlist diachrony (we call it ‘diachrony’ for short) is a title sequence that matches some explicit or implicit artistic 
rules. Making these rules explicit is particularly difficult. Since it is the core of the playlist expertise, the search for good 
diachrony is also the core of our playlist composition approach. Although the different algorithms we use are well known (n-
grams and class n-grams), our approach is particularly innovative in two ways : (i) the adaptation of these algorithms to 



playlist composition and (ii) the use of the dynamic knowledge map to interact with the user when learning, and when 
merging diachrony and harmony. 

5.2 Learning pertinent diachrony 
Several interviews with DJs and a lot of radio or store chain program auditions lead to the conclusion that it is very difficult, 
even impossible, to extract diachrony expertise (see state of the art). It seems that playlist diachrony is an art, and art 
production is beyond formalisation. Consequently, we considered that the best strategy was to learn this expertise without 
formalizing it. In order to do so, we use an n-gram method, a statistical method which is widely used in computational 
linguistics.  

5.2.1 The n-grams method  
In linguistics, an n-gram model is a statistical method to predict the next word given a sequence of words and some statistics 
of occurrence based on a corpus of texts.  

Let V = {ai} be a vocabulary of size |V|, and  

A1
k
 = a1, a2, ... , ak-1 , ak   (A1

k is a sequence of characters starting from position 1 up to position k). 

Ah
k
 = ah, ... , ak-1 , ak  (Ah

k  is the sequence of characters starting from position h up to position k). 

Application of the Bayes rule gives a way to compute the probability of occurrence of a character ak knowing the probabilities 
Prob(A1

k) and Prob(A1
k-1). 

Prob(ak| A1
k-1) = Prob(A1

k) / Prob(A1
k-1) 

This probability can be computed with the frequencies N(A1
k)  and  N(A1

k-1) of  respectively A1
k
 and A1

k-1
 in a training corpus 

T (a set of learning sentences):  

Prob(ak| A1
k-1) = N(A1

k) / N(A1
k-1) 

The n-gram approach (n>1) consists of approximating these frequencies taking into account only the n last characters 
counting backward from character k.  

approximation{Prob(ak| A1
k-1)} = Prob(ak| Ak-n+1

k-1)  = N(Ak-n+1
k) / N(Ak-n+1

k-1) 

The bigger the n, the more precise the guess of the next character. When n = 2, we are in presence of a bi-gram (2-gram), a 
tri-gram is for n = 3. In the case of bi-grams, we get : 

approximation {Prob(ak| A1
k-1)} = Prob(ak| Ak-1

k-1)  = N(ak-1 , ak) / N(ak-1)  

which means that the probability of occurrence of a particular character after an observed character is equal to the frequency 
of appearance of this particular sequence divided by the frequency of appearance of the observed character.  

The frequencies are given through two tables. One table is one-dimensional with size |V| and contains the frequencies of all 
characters of V in the corpus T, i.e. N(a) for all ‘a’ characters; in the case of a bi-gram, the  second is 2-dimensional with both 
dimensions of size |V| and contains the frequencies N(ak-1 , ak)  for all sequences of two characters (ak-1 , ak)  in the corpus. 
When a particular character is observed in the sequence whose following character is to be guessed, we calculate the 
probability of occurrence of all characters of V through N(ak-1 , ak) / N(ak-1). This gives us a probability distribution of all 
characters after the observed character ak-1.  

5.2.2 The n-grams method applied to  playlist composition 
Our goal is to compose playlists, i.e. sequences of music titles extracted from music title massive databases using already 
composed playlists. We consider a music title as a character of the vocabulary V and any playlist as a sentence.  

The vocabulary : For complexity management reasons that we do not discuss here (combinatorial explosion and sparseness), 
we limit the vocabulary of the language to the landmarks on the landscape. As a result, the vocabulary is small (40 titles is 
enough), stable (the landmark list is fixed), and we allow as many repetitions as we want in the training playlists.  

The training corpus is made up of samples of playlists. We ask an expert DJ to produce several playlists by hand, through 
dragging and dropping clones of the landmarks from the MBox landscape down to the timeline at the bottom of the screen 
(see Figure 6). These playlists present diachronic variations according to the target audience. As a result, it is possible to 
apply different diachronic strategies that depend on the audition context.  



Value for n. We know that the bigger n, the more precise the guess. However, it appears that, if the language and the corpus 
are well chosen, we avoid a lot of ‘perplexity’2 and small values for n are enough efficient. It appears through experiments 
that tri-grams are particularly adapted for our purpose.  As a result, the composition process will consist of, from an already 
composed sequence, observing the two last titles and try to guess the next one. 

The starting sequence. We need some two-title long trigger playlist to start the process of producing new playlists. Different 
triggers can be provided with the training corpus, or given at the last moment by users that want to direct the composition 
toward some mood. 

Creativity. If at each composition step we were to choose the most probable next title, the composition would get stuck in 
repetitive most probable patterns. To avoid this situation, when the next title is to be chosen, we throw a (virtual) dice with as 
many faces as there are landmarks (the vocabulary V) and a probability distribution identical to the title conditioned 
probability distribution in the learning playlist set. The outcome of the dice gives the next probable title with some statistical 
noise.  

Result. We call the result of this composition limited to landmarks a ‘primary composition’.  It composes titles in the order 
that a DJ expert would compose; but since it is limited to 40 titles, it is rather repetitive. We now return to thousands of titles 
by introducing the concept of harmony. 

5.3 Harmony for personalization and secondary composition 
 

 
Figure 6: Result of the secondary composition process. The playlist timeline can be seen at the bottom, with only five titles shown 
and two rendez-vous under the timeline (images near the clock digits)  with two different levels of balance between diachrony and 
harmony (proximity of the rendez-vous with the timeline). The playlist can be browsed horizontally. The landcape shows the 
landmarks, the semantic fields and all the titles that are used in the playlist. The landscape can be inspected more easily with lenses 
(not shown). 

 

                                                                 
2 We do not discuss this well studied concept in natural language analysis in the limit of this paper 



Harmony is introduced to integrate all other titles and personalize the composition toward the audience preferences. At the 
same time our method for introducing harmony solves a well known problem of ‘sparseness’ in n-grams methods that we do 
not describe in the limits of this paper. The landscape is again the means for introducing harmony as we explain it now.  

We consider a landmark as a representative of a particular neighbourhood in the landscape and this neighbourhood as a class 
represented by the landmark . As a result, primary composition was in fact a class composition since it only applies to 
landmarks, i.e. class representatives. Having guessed a particular landmark at a particular position in the primary 
composition, Mbox must now swap it with another title of the same class according to some criteria. We need to know what 
the class elements are (classification policy), and define a swapping policy. The classification policy consists of regrouping 
the titles with their landmark nearest neighbour since this policy was already used for indexing. We chose this classification 
solution for efficiency reasons rather than any other algorithms like k-means.  

The best candidate from the class to swap with the representative (the landmark) in the playlist at each step is the title that is 
the closest to the audience preferences. MBox gives the DJ the possibility to provide ‘rendez-vous’ (rv) titles at different 
places along the primary playlist and a degree of expectation 'e'. A ‘rendez-vous’ is any title from the database that gives the 
audience’s expected preferences or mood for the next titles up to another ‘rendez-vous’. The choice of the title to be played is 
a weighted mix between the landmark ‘c’ in the primary composition, and the active ‘rendez-vous’ ‘rv’ using ‘e’ as the 
weight. In practice we compute a property vector using c, rv and e, and look for the most similar c-class element ‘a’ in the 
landscape:  

a = similar ([(1-e) c + e rv], c-class_elements)  

The e value should be given by the user in an interactive way. The nice trick is that the DJ can drag and drop a rendez-vous, 
i.e. a clone of a landmark, from the landscape down under the timeline which is at the bottom of the screen at a certain 
distance from the line. For instance, two rendez-vous can be seen at the bottom of the screen in Figure 6 near the clock digits. 
This distance is interpreted by Mbox as the balance ‘e’ between the primary composition (diachrony) and the expected mood 
(harmony). 

After all the rendez-vous have been placed by the DJ, and when asked to do so, Mbox replaces all landmarks in the primary 
playlist by other titles according to the rendez-vous and their respective balance. We call the result the secondary (and final) 
composition (see Figure 6). 

5.4 Evaluation 
Even if it is difficult to define an evaluation protocol for composition, we started to test our environment. Therefore we asked 
several DJs experts to index a set of titles and then to compose playlists for a special purpose. For now we have only limited 
feedbacks and more assessments will be conducted later during the industrial phase. We will study the reactions of non 
professionals like teenagers. Methodologically three main issues will be assessed: display qualities, interaction facilities, and 
quality of the production, i.e. the secondary composition. 

Display quality and expressivity during the different tasks. Although the screen looks overloaded, the fact that the user 
maintains a mental map of the titles through the landscape is an important help. The lenses are also very helpful. On the 
whole, although not yet clearly measured, the visual knowledge map principle and the fact that the map is a means for 
integrating all tasks are very much appreciated.  

Interaction facilities. Users can do a lot: indexing, organizing the map, defining training playlists by hand, or saving 
secondary playlists as new training playslists, let MBox compose, or edit the results, etc. The environment is rich and 
attractive to the experimenters. We expect again to define better evaluation tests during the industrialization phase of the 
project. 

Evaluation of the production. This is certainly the main important aspect to be assessed. A good way to assess it is to 
observe the modification a DJ expert does on a secondary composition: deletion, insertion, substitution. We observe that the 
experimenters are more inclined to be favorably impressed by the result than to modify it. This again will be more deeply 
investigated in the future. 

 

6. STATE OF THE ART AND CONCLUSION 
Indexing. Many approaches have been proposed for multimedia indexing, and, more particularly, indexing music. Several 
lists of musical metadata have been proposed by commercial companies and user groups ([22][23][18]). They involve 
different descriptors that we can classify into three types.  



·  Editorial descriptors (title, date, interpreter…) are usually available in the musical databases.  

·  Physical features are those that can be extracted from the acoustic signal through signal analysis algorithms, e.g. Fast 
Fourier Transformation (FFT), such as beat, loudness or pitch. A large number of algorithms have been proposed to 
extract physical features automatically (e.g.: [9][21][24]).  

·  Artistic features, such as emotional, social and cultural descriptors, are subject to interpretation. These are high level 
features. They include the genre, the sub-genre, the mood, etc. [23]. Several attempts are being made to extract semantics 
from physical features [1], but the result is still very weak or limited to simplified forms of music such as the MIDI 
format [19] whereby we are interested in polyphonic music. These features are those that are mostly required for playlist 
composition since they give the artistic dimension of music [15][28]. 

For the time being, manual indexing is still a necessary approach for high level indexing, which legitimates our research. But 
indexing by hand a vector of descriptors is slow and tedious, which often leads to botching i.e. some descriptor values are 
‘forgotten’ by the indexer because of saturation. With our approach, a title is totally indexed in one go along all the descriptor 
dimensions: the approach is ‘fair’ since all descriptors receive a value, none are forgotten, so there is no botching. It is very 
‘easy’ (emphasized by the experts that are using MBox). It is also ‘faster’ compared to manual indexing. It takes a twenty 
minute mean time for an expert to index ten titles with the descriptor sliders, and a five minute mean time to drag and drop 
meaningfully the same indexables onto the landscape. Visual indexing is four time faster. Moreover, the titles’ descriptions 
can be compared in one quick glance thanks to the visual placement and the semantic spectra.  

There are still however, several limits that must be reported. Some have already been observed by [31] concerning the IDW 
method: (i) estimates are bounded by the extrema in the sample values; (ii) the method relies on radial propagation (see Figure 
2) which is partly the cause of the lack of reliability at some places of the landscape. Our future research will improve our 
visual indexing method on these issues. Another limit is in the necessary participation of an expert. An important 
improvement would be to automatically place the indexables in the landscape thanks to an automatic analysis of specific 
physical features. But the experts are not keen on this idea. 

Composition. Playlist composition is also an active domain of research. But the different solutions are very limited, mostly 
relying on selecting music titles according to the user preferences, which is like paying attention only to harmony according to 
our model. For instance [25] who use learning and feed back from the user context. [28] learn users’ preferences and a kernel 
from a large set of albums in order to produce playlists that are generated from seed songs. The titles are ranked and then 
played in a decreasing order. The authors tried different methods in order to produce a better ordering (SVM, neural 
networks) but they did not improve it according to their own estimation. A similar seed song technique seems to be applied in 
Gracenote Playlist 2.03 with editing capacities. Several authors however have recently started to try to find other ways to 
create more artistic orderings. [2] use local search techniques to solve a constraint satisfaction problem on thousand of titles, 
where constraints are seen as cost functions. Some constraints are already taken into account in our approach such as 
‘rotation’; the paper is not clear about the constraints and how they help to artistically organize the playlist. It seems that they 
intervene at a global level and not on diachrony.  The nearest approach to our model is brought by [27] who uses different 
MDS algorithms (such as Fastmap) to create music landscapes looking very much like our landscape. Considering the fact 
that the author’s objective is background music, emphasis in composition is on ‘smoothness’ and ‘playlists are generated by 
linear interpolation in the embedding space’. This means that the landscape plays a more important role than in our approach. 
But it also means that there is no artistic expertise in this approach whereas it is at the core of ours.  

Conclusion. The state of the art above shows that our approach for indexing and for personalized composition is novel in 
many ways. Moreover it provides an integrated visual environment that does not replace DJ experts, but assists them for better 
productions. It can also be used for personal applications (we think of teenagers), music being turned into a visual experience. 

Indeed the experts that are using MBox find an essential quality in participating in the indexing and composition processes. 
They report that the proposed dynamic information visualization approach is extremely pleasant and invites them to explore 
and produce new musical knowledge. They consider it as a new composition instrument. A visual aesthetic sensation is turned 
into a musical experience. 

                                                                 
3 http://www.gracenote.com/gn_products/playlist.html 
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