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We introduce a generic model of emergence of musical categories during the listening process. The model is

based on a preprocessing and a categorization module.

Preprocessing results in a perceptually plausible representation of music events extracted from symbolic input.

The categorization module lets a taxonomy of musical entities emerge according to a cognitively plausible

online learning paradigm. We show the advantagesof using a conceptual clustering method in the musical
domain. The system extracts multi-level hierarchiesand can be tuned to clustering at various resolutions. The
potential of the model is exemplified by exposing it to two different datasets resulting in music harmonic and
motivic categorization consistent with music theory.
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Fig.1. Harmonic clustering dendrogram after one
run (left). Strahler number (mean and standard
deviation) evolution after 30 exposures to shuffled
versions of the Essen Austrian folksong dataset.
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Fig.2. Harmonic clustering main hierarchy (centroid
and spread of each cluster) after one exposure to
the Essen Austrian folksong dataset (right).
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Fig.3. Motivic clustering dendrogram (left) and
scatter plot (right) after exposure to Bach Inventio
no. I.

Node 1 [24

T B # %
!T! T

L
4 (a) Bar 3, Ist half, Ist voice.
S 6 & 1o 1z 11 16
Node 2.1 [16 i
o v ¥ P—

. )
: 1

S x =

I (b) Bar 8, 1st half, 1st voice.

FE S T U P T

Node 2.2.1 [5 instances]
: J‘t et
2| | m— 1 T

| I
4

6 & 10 12 14 16

T
Node 2.2.2 [19 inst: 1

(d) Bar 9, 2nd half, 2nd voice.

-
Node 3 [20
4
z 0
al 4 & L
] LI |
4 (e) Bar 1, Ist half, Ist voice.

T4 6 & 10 12 11 16

Fig.4. Motivic clustering leaves (centroids and
spreads of each cluster) (left) and groundtruth score
(right) after exposing the system to the Bach
Inventio no. I.
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Conclusions

- Motivation of using a conceptual
clustering technique as a emergent
partitioner in a music listhening model

- Interest of using a hierarchical clusterer

detail level
- Introduced evaluation measures for
incremental clustering techniques

Future work

- Test on larger datasets

- Apply to other audio features such as
MFCCs, spectral and temporal features

- Use the output of the incremental clusterer
as input to an expectation/prediction
model

- Use the ouptut of an expectation/prediction
model as top-down feedback to the
clusterer (active perception)

for having musical representations at diferent
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