
System PFM PPR PRR So Su

Mauch et al [8] 0.66 0.61 0.77 0.76 0.64
SI-PLCA-� Z 0.60 0.58 0.68 0.61 0.56
SI-PLCA 0.58 0.60 0.59 0.56 0.59
QMUL [5] 0.54 0.58 0.53 0.50 0.57
Random 0.30 0.36 0.26 0.07 0.24

Table 1. Segmentation performance on the Beatles data set.
The number of labels per song was �xed to4 for SI-PLCA,
QMUL, and Random. The average effective ranks for SI-
PLCA-� z and Mauch et al were 3.9 and 5.5, respectively.

outperforming SI-PLCA-� z by 12% (15%), and SI-PLCA-
� z in turn outperforming QMUL by 15% (11%).

Aside from our algorithm's tendency to over-segment,
the most obvious qualitative difference between Mauch et
al's and the proposed system lies in more accurate boundary
detection in the former system. This is partially a result
of the smoothing performed in equation (12) which tends
to blur out the segmentation. A more sophisticated set of
heuristics for deriving segment labels from the SI-PLCA
decomposition might not suffer from this problem.

7. CONCLUSION

We have described an algorithm for identifying repeated
patterns in music using shift-invariant probabilistic com-
ponent analysis and shown how it can be applied to music
segmentation. The source code is freely available online.3

We demonstrate that the use of simple sparse prior distri-
butions on the SI-PLCA parameters can be used to automat-
ically identify the bases that are most relevant for modeling
the data and discard those whose contribution is small. We
also demonstrate a similar approach to estimating the opti-
mal length of each basis. The use of these prior distributions
enables a more �exible analysis and eliminates the need to
specify these parameters exactly in advance.

Although this paper has focused on structure segmenta-
tion, the proposed analysis has many other potential applica-
tions. For example, basis patterns could be extracted from
a collection of pieces to search for common motifs used
throughout a corpus of music, e.g. retrieval of cover songs
or musical variations. Similarly, Mauch et al demonstrate
that chord recognition performance can be improved by
pooling data from repeated sections to smooth over vari-
ations [8]. In the context of the proposed analysis this
amounts to simply analyzing the basesWk .

Other potential future work includes extracting the hier-
archical structure within a piece by repeating the SI-PLCA
analysis at different time scales. Finally, we mention that
it is possible to extend the SI-PLCA decomposition to be
key-invariant by using the 2D extension to SI-PLCA which
allow for shifts in pitch class/frequency as well as time [14].
Such an extension would allow for structure segmentation
that is insensitive to key modulations within a piece.

3 http://marl.smusic.nyu.edu/resources/siplca-segmentation/

8. ACKNOWLEDGEMENTS

The authors would like to thank Matthias Mauch for shar-
ing the implementation of the algorithm from [8]. This
material is based upon work supported by the NSF (grant
IIS-0844654) and by the IMLS (grant LG-06-08-0073-08).

9. REFERENCES

[1] M.A. Bartsch and G.H. Wake�eld. Audio thumbnailing
of popular music using chroma-based representations.
IEEE Trans. Multimedia, 7(1):96–104, 2005.

[2] J.P. Bello. Grouping recorded music by structural simi-
larity. In Proc. ISMIR, pages 531–536, 2009.

[3] M. Casey and M. Slaney. Song Intersection by Approx-
imate Nearest Neighbor Search. InProc. ISMIR, 2006.

[4] D.P.W. Ellis and G.E. Poliner. Identifying `cover songs'
with chroma features and dynamic programming beat
tracking. InProc. ICASSP, pages IV–1429–1432, 2007.

[5] M. Levy and M. Sandler. Structural Segmentation of
Musical Audio by Constrained Clustering.IEEE Trans.
Audio, Speech, and Language Processing, 16(2), 2008.

[6] H. Lukashevich. Towards quantitative measures of eval-
uating song segmentation. InProc. ISMIR, 2008.

[7] M. Marolt. A mid-level representation for melody-based
retrieval in audio collections.IEEE Trans. Multimedia,
10(8):1617–1625, 2008.

[8] M. Mauch, K. C. Noland, and S. Dixon. Using musical
structure to enhance automatic chord transcription. In
Proc. ISMIR, pages 231–236, 2009.

[9] M. Müller, F. Kurth, and M. Clausen. Audio matching
via chroma-based statistical features. InProc. ISMIR,
pages 288–295, 2005.

[10] A. Ockelford. Repetition in music: theoretical and
metatheoretical perspectives. Volume 13 of Royal Musi-
cal Association monographs. Ashgate Publishing, 2005.

[11] J. Paulus and A. Klapuri. Music structure analysis us-
ing a probabilistic �tness measure and a greedy search
algorithm.IEEE Trans. Audio, Speech, and Language
Processing, 17(6):1159–1170, 2009.

[12] G. Peeters and E. Deruty. Is Music Structure Annota-
tion Multi-Dimensional? A Proposal for Robust Local
Music Annotation. InProc. LSAS, 2009.

[13] P. Smaragdis and B. Raj. Shift-Invariant Probabilistic
Latent Component Analysis. Technical Report TR2007-
009, MERL, December 2007.

[14] P. Smaragdis, B. Raj, and M. Shashanka. Sparse and
shift-invariant feature extraction from non-negative data.
In Proc. ICASSP, pages 2069–2072, 2008.

[15] V.Y.F. Tan and C. F́evotte. Automatic Relevance Deter-
mination in Nonnegative Matrix Factorization. InProc.
SPARS, 2009.

128

11th International Society for Music Information Retrieval Conference (ISMIR 2010)




