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Poster summary
This poster presents an algorithm aiming at segmenting autosimilarity matrices, called Convolutive Block-Matching (CBM) algorithm.
The CBM algorithm aims at framing blocks of high self-similarity in an autosimilarity matrix, i.e. homogeneous regions.
The CBM is introduced for the task of Music Structure Analysis (MSA), by segmenting songs sampled at the barscale.
The proposed algorithm achieves a level of performance competitive to that of supervised State-of-the-Art methods on 3 among 4 metrics while being unsupervised.
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An autosimilarity matrix A(X) € RB*8B contains the similarity between all pair of bars: Figure 4. Different kernels, of size 10
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Figure 3. Cosine, Covariance and RBF autosimilarities on the song POPO1 from RWC Pop. P

https:/gitlab.imt-atlantique.fr/a23marmo/autosimilarity_segmentation/-
Algorithm principles U /tree/WASPAA23
Notations:
Take home messages
. 7% : ' : ' . .
Z[bi:bj]' optimal segmentation (set of boundaries) between bars b; and b;. 1. Anew segmentation algorithm!

= u(): score function (for a segment or a set of segments). = High performances, without supervision (still necessitates downbeat estimation)
= | ow-complexity and easily customizable,

Framed as a Longest-path in a graph (directed and acyclic) 2. May be used with any representation-learning algorithm (e.g. your favourite neural network).
) 3. Barwise sampling participates in boosting the performance of music structure estimation (more
bybo] = {b1, b2} experiments in the future detailed version).
Perspectives (contact me! :) )
1. Studying (or learning) different types of kernels,
2. Improving the penalty function (empirical)
* = 7 J{bs} = {by,b3,b . o . S
[b1:b4] [b1:b3] 11y = 101,03, 04 3. Replace the simple similarity functions with more complex ones (e.g. learned by means of a

neural network).
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