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- breaking a cluster into its two children subclusters when the user wants to
break a segment (Figure 2),
- merging the appropriate clusters when the user decides to merge two segments.
The second scenario is simpler. In the latter, we consider only one action: at each
iteration the user marks the most erratic segment and the system breaks the re-
lated cluster (as done in the first scenario). This action is more closely related to
a classic relevance feedback since the user marks negatively the most irrelevant
segment.
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Fig. 2. A dendrogram with global and local cuts (left), Basic representation of
timbre clustering (right)

4 Evaluation

4.1 Corpus and Evaluation Criteria

Only a few annotations of Electro-Acoustic Music exist and most of them mix
interpretation information and description of the different timbres of the piece.
The extreme tediousness of Electro-Acoustic Music annotation led us to opt for
a more pragmatic solution based on a synthetically generated corpus.

This corpus was generated by concatenating sound files extracted from two
sound banks mimicking the composition process of some Musique concrete (a
form of electro-acoustic music [5]) pieces such as Timbre-durees (TD) from
Olivier Messiaen. The sounds are randomly extracted from a collection of envi-
ronmental and ambiance sounds (INA) and from the RWC instrumental database
[3] which contains most instruments of the orchestra.

The resulting corpus gathers 1000 files of 30s. The first 200 were used for the
feature selection and the other 800 for testing the algorithm.

Additionally, the musical piece Timbre-durees which only contains juxta-
posed timbres (only one timbre at a time) was manually annotated to provide
preliminary validation on a real composition.

The evaluation of the system is done by comparing the ground truth or
classes to the resulting clusters. In the synthetic part of the corpus, the ground
truth is created at the same time as the signal generation. The comparison of
the ground truth classes and the clustering is not direct, it involves two main



problems: the number of clusters may differ from the number of classes (it is
often the case), there is no correspondences between the classes and the labels
of the clusters. Consequently, it is necessary to associate each class to a relevant
cluster. For this, each class Ci is associated to the cluster Wj which contains the
greatest number of frames belonging to this class. Accordingly, the classic recall
(Ri) and precision (Pi) measures used in information retrieval are defined as
follows: Ri = maxj |Ci∩Wj |

|Ci| and Pi = maxj |Ci∩Wj |
|WJ | , with J = arg maxj |Ci ∩Wj |.

Then, we can compute the overall F-measure as Fm = 2RP
R+P where R and P are

respectively the average of Ri and Pi on all classes.
To evaluate the impact of user interaction, we take advantage of the fact that

the desired segmentation leaves no room for subjective interpretation, i.e. there
is only one possible correct segmentation for each file, that is supposed to be
formed straightforward by any user. Thus, given the ground truth, it is possible
to simulate the behavior of an ideal user. We consider that the user begins to
rectify the most erratic segments (the segments with the maximum number of
wrong labeled frames in comparison to the ground truth). The clustering is then
updated and a new version presented to the user who will repeat the same process
with the new proposal until he/she reaches the ground-truth segmentation.

4.2 Experiments

We first evaluate the impact of the chosen number of clusters. It was observed
that an improvement is obtained by increasing the number of clusters beyond
the correct number of classes (NC), up to a certain limit. We observed that
the best results were obtained for NC + 4 with a reference f-measure score of
0.82. A careful review of the output segmentation, showed that some clusters
were formed from low energy frames. This motivates future work on temporal
smoothing techniques to address this issue.

The results of the interactive experiments are first given under the form of
F-measure averages as a function of the number of user feedback iterations (see
Figure 3). These results show that the second method gives the best results
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Fig. 3. Evolution of the F-measure as a function of the number of iterations

and that the interaction allows us to improve the initial segmentation. We ex-
perimentally observed that the fusion of clusters added instability to the system
which explains the performance degradation with the first interaction mode.



These results are confirmed by the evolution of the average of the F-measures
maxima regardless of the number of iterations. Starting from a reference score of
0.82, the first and second methods obtain respectively 0.71 and 0.9 and improve
34,2% and 92,5% of the reference scores.

The second method was also applied to Timbre-Duree and we observed an
improvement of 4% of the reference score (from 0.67 to 0.71).

5 Conclusion

In this paper, we have proposed a system for interactively segmenting a musical
piece into homogenous timbre sections for application to Electro-Acoustic Mu-
sic. We have considered two strategies of interaction for improving clustering by
user relevance feedback. The results have showed that a simple method can sig-
nificantly improve the performance by relying on limited user actions. However,
despite of its efficiency, the proposed clustering method appears to be limited
because of the rigid tree structure on which it is based. As a matter of fact, this
structure limits the clustering to the possible partitions (defined by the tree).
In future work, we will consider more advanced relevance feedback strategies
using active learning techniques which could take advantage of the outputs of
the system proposed in this paper. We will also include other descriptive aspects
of music in the system like dynamic, harmonicity or rythm.
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