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We report on four entries to the perceptual tempo in- pothesis, using a weighted sum, where the weights rep-
duction contest, part of the Music Information Retrieval resent the likelihood of each metrical unit appearing as a
Evaluation eXchange (MIREX) of the International Sym- strong periodicity, given the meter [1]. The second most
posium on Music Information Retrieval (ISMIR) 2005. In  salient tempo (T2) is chosen as the periodicity (differing
a first section we give details of the algorithms and differ- from T1) with the highest weight. The normalised rela-
ences between them. A second section provides an evalutive salience/strength of T1 (ST1) is computed from T1
ation of the algorithms. and T2 weights. The phases of T1 and T2 (P1 and P2) are

computed by correlation of pulse trains with feature lists.
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2 EVALUATION

1 ALGORITHMS 2.1 Onthetraining data

A total of 4 algorithms have been submitted. They con- We implemented the P-score proposed on the
sist in a set of Matlab functions and a binary file compiled contest webpage  hftp://ww. nusic-ir.
under the Windows operating system. In accordance withor g/ m r exwi ki /i ndex. php/ Audi o Tenpo.
the functional framework for rhythm description systems Extracti on) and tested our algorithms on the avail-
proposed in [2], the algorithms consist in three main pro- able training data (20 files). On June 27th, the best
cessing blocksfeature list creation from audio periodic- score obtained with this evaluation metrics is 0.695
ity function computation andparsing. (Al gori t hnD).

Low-level features are computed on a frame-by-frame
basis. Algori_thms account for 4 different sets o_f fea- 25 Onthetet data
tures. Al gorit hnmD uses 13 features: the magnitude- )
normalized derivative of the energy in the 8 frequency The evaluation conducted by the MIREX team on
bands proposed by Dixon et al. [1] (note that Dixon the test data (140 files) yielded the following re-
et al. [1] use the derivative, normalizing by the magni- sults. Al gorithnD: 0.670, Al gorithmil: 0.649,
tude yields significant improvements) and the magnitude- Al gor i t hn8: 0.645 andAl gor i t hn2: 0.607.
normalized derivative of 5 spectral features (the mean A comparison with oter algorithms submitted to the
of the spectral peaks and the spectrum geometric meancontest can be found atttp://wwv. nusic-ir.
kurtosis, low-frequency energy ratio, mean and skew- Or g/ eval uation/mrex-resul ts/. At publica-
ness). Al gorithml uses 8 featuresAl gorit hmD tion time, more detailed analyses of the results were not
energy features. Al gorit hn2 uses 9 spectral fea- available but they will probably be made in a near future
tures: the magnitude-normalized derivative of the the as ajoint effort of the contest participants.
spectral peaks mean, harmonic centroid and harmonic de-
via;ion and the spectrum flatness, geometric mean, kur- References
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