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Summary

² 18-way artist identi¯cation task

² Compareall pairsof f artist-, song-level featuresg £ f no SVM, SVMg

² Bestperformancewith song-level featuresandSVM

² Compare3 di®erent features/ distancemeasures

² KL divergenceonsingleGaussiansplaced1st in audioartist ID and2ndin
audiogenreID competitionsat MIREX '05 with 72.5%and78.8%accura-
cies,respectively

Algorithm

² CalculateMFCCsfor wholesong

² Threedi®erent features/ metrics

{ Mean of MFCCs and covarianceunwrapped and combined into single
vector,comparedusingMahalanobisdistance:

DM (u; v) = (u ¡ v)T§ ¡ 1(u ¡ v) (1)

{ ML Gaussianwith meanandcovarianceof MFCCs,comparedusingKL
divergence:

2K LN (p jj q) = log
j§qj
j§pj

+ Tr (§ ¡ 1
q §p) + (¹ p ¡ ¹ q)T§ ¡ 1

q (¹ p ¡ ¹ q) ¡ d (2)

{ 20-Gaussianmixture model of MFCCs, compareusingKL divergence,
estimatedwith 500Monte Carlosamples:

K LGM M (p jj q) ¼
1
n

nX

i=1

log
p(X i)
q(X i)

(3)

² Divergencesdo not ful¯ll the Mercerconditionson kernels.

{ Symmetrize:
DK L(p;q) = K L(pjj q) + K L(qjj p) (4)

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

K (X i ; X j ) = e¡ ° D(X i ;X j ) (5)

Dat aset: uspop2002

² To avoid \album e®ect"each albumeithertraining, testing,or validation

² 18artists (out of 400)hadenoughalbums,90albumstotal

² 1210songs:656training,451testing,103validation

² Alsoused3-foldcross-validation,songsrandomlyassignedto agroup,album
e®ectimprovesaccuracy.

Experiments

Our solution:classi¯cationof song-level featureswith a DAG-SVM.

² Flexiblefeaturesanddistances,KL divergencebetweenGaussiansongmod-
elsperformedbest

² Oncefeaturesextracted,fast retraining(10s-100sof examplesongs)

² Usefulfor relevancefeedback, training many classi¯ersquickly

D

D

D

D

D

D
MFCCs

A
rt

is
t 1

A
rt

is
t 2

Song Features

DAG SVM

Test Song

Artist

Training

BrandX: classi¯cationof artist-level featureswithout an SVM.

² Gaussianmixture model trainedon MFCC framespooledby artist

² Slow featureextractionandtraining (10,000sof exampleframes)

² Too slow to do cross-validationexperiments
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Two otherclassi¯ers:

² SVM, no song-level features:Train an 18-way DAG-SVMon many frames
from each artist. Classifytest songby classifyingframesand taking artist
with mostvotes.

² No SVM, song-level features:k-nearestneighbors classi¯er. Classifytest
songbasedon labelsof closesttraining songsusingdistancemetricsmen-
tionedabove.

Resul ts

Classi¯cationaccuracyon separatetraining andtestingalbums.
Columns: Artist GMMs, artist SVMs, and kNN and SVMs using Maha-
lanobisdistance,KL divergencebetweensingleGaussians,andKL divergence
between20-component GMMs
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Accuracytraining and testingon separatealbums(Sep)and within albums
(Same).

Classi¯er Song-Level? 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®erent song-level distancemeasures.
Classi¯erDistance Sep Same
KNN Mahalanobis.481 .594
KNN KL-Div 1G .524 .722
KNN KL-Div 20G .365 .515
SVM Mahalanobis.687 .792
SVM KL-Div 1G .648 .839
SVM KL-Div 20G .431 .365
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