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4. Multiple-instance learning algorithms 6. Multiple-instance autotagging experiments

e mi-SVM (Andrews et al., 2003)

— Assume bag labels apply to all instances

1. Summary

e Multiple-instance learning (MIL) algorithms train classifiers from lightly supervised data e 2-fold cross validation, artist filtering, 5 different splits

—collections of instances, called bags, are labeled rather than the instances themselves e Each tag treated as a separate binary classification task

— algorithms can classify bags or instances, we focus on instances — Iterate until labels no longer change: e Accuracy measured on balanced positive and negative instances, constant 50% baseline

e Motivation for applying MIL to MIR: * train SVM on current labels

x use SVM to impute labels for examples in positive bags
e MILES (Chen et al., 2006)

— Create “feature” matrix for bags, distance between bag and every instance

—recovery evaluated on as many clips as possible, varied by tag

—propagate metadata between granularities: artist, album, track, 10-second clip —prediction evaluated on 11 positive and 11 negative instances per fold = N = 220

—e.g. train clip classifiers using metadata from Last.fm, Pandora, the All Music Guide, etc. e Bags at the track, album, artist granularities contained on average 2.47, 4.44, and 8.17 clips

e This work compares 2 MIL algorithms, mi-SVM and MILES, on tag classification

—Data: tags at track, album, and artist granularities, derived from MajorMiner clip tags —Use I-norm SVM to simultaneously select features and learn separating hyperplane - = =
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7. Conclusions

ne granularity of music metadata makes multiple-instance learning necessary for MI
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e Many other potential applications of MIL 1n MIR: polyphonic transcription, singing voice Noicer o, ] F el reles
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Predict tags for test clips, significant difference around 0.06

e Data collected by the MajorMiner game (Mandel and Ellis, 2007)

—players label 10-second clips with arbitrary textual descriptions called fags
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— score points when others describe the same clips with the same tag
—these experiments include tags verified by > 2 players on > 35 clips
—43 tags quality, total of 9000 verifications on 2200 clips

e These data are well suited to multiple-instance learning experiments References Overall
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