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In order to support individual user perspectives
and different retrieval tasks, music similarity can
no longer be considered as a static element of key
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Linear Combination of Facet Distances Metric Learning
idea: d(a,b) = Wrhythm * Orhythm (a,b) + Wrimbre * Otimbre(a,b) + ... * vector space combining all facets d(a,b) =/(a—b)T(a—b)

with: = facet distances: ds(a,b) >0 dr(a,b) =d5(b,a) the Euclidean metric.
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= Mahalanobis metrics generalize /

= constraints reformulation:

d(s,a) < d(s,b) & Y wp(ds(s,b) — ds(s,a)) = wTx >0 dw(ab) = /(a—b)TW(a_b)
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= constraint optimization or binary classification problem

Candidate Algorithms:

a) gradient descent
(heuristic error reduction)

SVMLIGHT MLR (Metric Learning to Rank)

= optimises diagonal matrix W = different versions for learning full (MLR) and
diagonal matrix W (DMLR)
L] =di 2 i
= optimization performed on #params = dim(W)* or dim(W) (DMLR)
vector space = based on Sturctural SVM for optimising to
Information retrieval quality measures: AUC

b) quadratic programming * #iparams = dim(W)

(slack minimization)

c) linear SVM (LIBLINEAR)
(margin maximization) = allows slack penalty

= allows slack penalty

26 (—) vs. 155 (- -) Facets Evaluation: Performance across all methods Sampling A (- -) vs. B (—)
= overfitting: simpler model generalizes quicker = 10-fold cross-validation = significant only for metric learning
= quickest adaptation to a good trade-off by = training sets grow in size (expanding subsets) = sampling B: all approaches degrade
quadratic programming with 26 facets = sampling A used for overall comparison = effects of transductive learning
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