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Summary

2 18-vay artist iderti cation task

2 Compareall pairsof f artist-, song-legl featureg £ f no SVM, SVMg
2 Bestperformanceavith song-leel featuresand SVM

2 Compare3 di®erenfeatured distancemeasures

2 KL divergencen singleGaussianplacedlstin audioartist ID and2ndin
audiogenrelD comgetitionsat MIREX '05with 72.5%and 78.8%accura-
ciesrespectively

Algorithm

2 CalculateMFCCsfor wholesong
2 Threedi®erenfeatured metrics

{ Mean of MFCCs and covarianceunwrapped and conbined into single
vector,comparedisingMahalanobiglistance:

Du(u;v)=(uj v)'8 Yui v) (1)

{ ML Gaussiarwith meanand covarianceof MFCCs,comparedisingKL
divergence:

2K Ly (pjj 0) = Iogjg—jﬂr@al@p)ﬂlpi 19784 i 191 d ()

{ 20-Gaussiamixture model of MFCCs, compareusing KL divergence,
estimatedwith 500Monte Carlosamples:

) 11X p(Xi)
1/,
KLowm (pjjg) 72 . 'qu(xi) (3)
2 Divergencedo not ful 1l the Mercerconditionson kernels.
{ Symmetrize:
Dki(p;a) = KL(pjj @) + KL(qjj p) (4)

{ Turn distancemeasurento similarity (i.e. make positive semide nite):

K (Xi;X;) = g °DXiX;) (5)

Dat aset. uspp2002

2 To avoid \album e®ect'eat albumeithertraining, testing,or validation
2 18artists (out of 400)had enoughalbums,90 albumstotal
2 1210songs656training, 451testing,103validation

2 Alsoused3-foldcross-alidation,songsandomlyassignetb agroup,album
e®ectmprovesaccuracy

Experiments

Our solution:classi catiorof song-legl featureswith a DAG-SVM.

2 FlexiblefeaturesanddistancesKL divergencéetweenGaussiarsongnod-
elsperformedbest

2 Oncefeaturesextracted fastretraining(10s-100sf examplesongs)
2 Usefulfor relexancefeedbak, training mary classi ergjuicly
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MFCCs Song Features
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Brand X: classi catiorof artist-leel featuresvithout an SVMM.

2 Gaussiammixture model trainedon MFCC framespooledby artist
2 Slav featureextractionandtraining (10,000®f exampldrames)

2 Too slawv to do cross-alidationexperimetts

Training
MFCCs GMMs
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Two otherclassi ers:

2 SVM, no song-leel features:Train an 18-vay DAG-SVMon mary frames
from ead artist. Classifytest songby classifyingramesand taking artist
with mostvotes.

2 No SVM, song-lesl features:k-nearesmneighbors classi er. Classifytest
songbasedon labelsof closestraining songausingdistancemetricsmen-
tionedabove.

Resul ts

Classi catiomaccuracyon separatdraining andtestingalbums.

Columns: Artist GMMs, artist SVMs, and KNN and SVMs using Maha-
lanobisdistance KL divergenc®etweensingleGaussiangndKL divergence
between20-compnen GMMs

1
Il svMm
[ 1 non-SVM
0.9 1

0.8
0.7
0.6 1
0.51
0.4
0.3
0.2

0.14

T T
Art GMM Art SVM Maha 1G 20G

Accuracytraining and testing on separatealbums(Sep)and within albums
(Same).

Classi er | Song-Lesl? SVM? Sep Same
Artist GMM No No |.541 |
Artist SVM No Yes .067 |
SongKNN Yes No .524 .722
SongSVM Yes Yes |.687 .839

Accuracyfor di®erenhsong-legl distancemeasures.

Classi erDistance | Sep Same
KNN Mahalanobis481 .594
KNN KL-Div 1G .524 .722
KNN KL-Div 20G .365 .515
SVM Mahalanobis687 .792
SVM KL-Div 1G .648 .839
SVM KL-Div 20G .431 .365
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