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Goal

- To Qutomaticqﬂy identify the different sections of a song by
. finding the boundaries of the sections
« clustering the sections based on their similarity (e.g. A, B)

» focusing on western popular music
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e Extract harmonic features from The Echo Nes

« make them beat—synchronous
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. Apply median filter

Filtered Chromagram




e Take Self Simﬂctrijfy Matrix

° Using correlation distance

o (x—px) - (y = py)
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« Enhance SSM ]oy taking a power law expansio

e better contrast

Enhanced SSM
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Matrix Factorization

‘Non-negative Matrix Factorization

Conwen. Non-negative Matrix Tactorization




‘Non-negative Matrix Factorization
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X F and G are positive
N: Number of observations
p: Number of features

r- Rank of decomposiﬂon




Corwex Non-negative Matrix Factorization

R
e Columns of F become convex combinations of the features of X
e Each coefficient of W must be positive

- EO.Ch column Of W must sum 1




o There are r different decomposﬁion matrices for each

matrix factorization

« Obtained by mulhplying a column of F by its

respective row of G

. They have a key role in music structure cmcﬂysis
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. By odchng a convex constrain to NMF we tend to
find more consistent solutions in less iterations
e Less prone to fall into local minima

» Lower the number of iterations -> Faster

Consistency of C-NMF vs NMF
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Euclidean distance

Logarithmic histogram of distances between 100 sets

of decomposition matrices



Finding Boundaries
» Run k-means on the decomposition matrices

e Set number of clusters to k=2

° Average the resulﬁng boundaries of each matrix

C-NMF C-NMF
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Clustering, Secticna

e« Run k-means on the feature space formed by the

diagonals of the decomposition matrices (Kaiser 2010)
« Make use of previously found boundaries

« The number of possib]e sections is fixed (K) when

running k-means
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Reaults

« Datasets: « Methods:
« The Beatles dataset - C-NMF
« 176 annotated songs « NMF
. Typicaﬂy used for this task « SI-PLCA (Weiss 2010)
. Overfi’[ﬁng The Beatles?
« SALAMI dataset (Smith 2011) » Parameters:
« Subset of 253 songs freely available on- er =92
line K =4

« Two different annotations per song




Reaults on The Beatles

TUT Beatles Dataset

Clustering Boundaries
Method F P R So Su F P R
C-NMF 489 | 83.2 | 498 549 | 64.6
NMF 48.8 | 77.7 | 43.7 54.7
SI-PLCA 46.3 | 80.7 | 41.0 50.9
Kaiser 61.5 | 64.6 - - 46.5

F: F-measure
P: Precision
R: Recall

So: Over—SegmeanJ[ion entropy
Su: Under-Segmentation entropy



‘Reaults on SHTAM

SALAMI (Internet Archive) Dataset

Clustering Boundaries
Method F P R So Su F P R

C-NMF 440 | 81.0 | 50.6 43.0 | 523
NMF 428 | 776 | 37.9 44.0 | 62.7
SI-PLCA 55.8 | 52.1 | 44.2 45.1 18.4

F: F-measure
P. Precision
R: Recall

So: Over—Segmenfaﬁon entropy
Su: Under-Segmentation entropy



Conclusions and Future ‘Work

« C-NMF is more consistent than NMF in the same number of

iterations

« C-NMF is the best option for clusfering sections using matrix
factorization
e better results

e faster

« Future work:
o Key—invqrian’r features

e Timbral features

« Mix NMF ~with "checkerboard” (boundaries)
and C-NMF (clustering)

. Learn paramefers I O_Hd K
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