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Multiple Instance Learning

Bagf Instances

A Images: collectionsof features(SURFSIFTetc.).

A Positive instance: feature extractedfrom the object
A Positive bag: imagewith at least one positivefeature.

@® Negative instance Positiveba. W
@ Positive instance g

A Learn to classify bags without knowing the single features labels.
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MIL Balt Classification

A Center: apoint in the feature space

A Radius: determinesthe weaklearnertolerance

Intersection:
Positive classification

x‘?

Feature Space

No intersection: “
Negative classification

® Instance

A Positive Classification: non-void intersection.

Auer andOrtner2004
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Initialization

A H={h,..hy} pre-orderedsetof weaklearners
A set a,=0 Vnel{l,. N}
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MIL Ball LearningPrinciple

A Accuracy: keepstrack of the MILBallerror rate.

A Radius: isupdatedto keepclassificatioraccuracymaximized

B negative instance

] positive instance




Application: Own Hand Recognition



Application: Own Hand Recognition

Why TheHand?



Application: Own Hand Recognition

Why TheHand?

A Humanoids: maintool of physicalexploration




Application: Own Hand Recognition

Why TheHand?

A Humanoids: maintool of physicalexploration
A Directly controllable: easierto learnautonomously




Learning: Data Collection

Labeling
A MIL: requiresweaksupervision

A Strategy: randomarm-gazemovements
A Positive Label: co-occurrenceof visualand motor activity:

Hand is (probably)
in the FoV

Motors state Moving Motion Detected

A Imprecise busufficient for MIL.
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| ocalization

A Feature Selection: positiveMIL Ballsrespondto positivefeatures
A Cluster: gaussiammixtures
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