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Analysis of Dropout in Online

Learning
Kazuyuki Hara Nihon Univ.

Dropout is effective in online learning ?

L 2
Apply Dropout to the three layer network

and watch
effect of Dropout for redundant network

L 2

Dropout have some effect of reducing
redundancy of the network




Error is not decreased by redundant network without
Dropout
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More about this, please visit my poster T2-01
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T2-06: Multi Task Learning with Positive and Unlabeled Data

and Its Application to Mental State Prediction
Hirotaka Kaji, Hayato Yamaguchi (Toyota), and Masashi Sugiyama (RIKEN/UTokyo)

Motivation: 2 g
* Learning from a small number of labeled samples

Proposed Method (PU-MTL):

* Handling Positive-Negative tasks and Annotation -> High costs
Positive-Unlabeled tasks in multi-task learning framework
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12-25 1 earning theory and algorithms

for shapelets and other local features
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Learning Algorithm

in Molecular Adaptation

Nobuyuki TAKAHASHIT
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Response time of molecular systems
under external field pulse was
examined for conformational defect
relaxation based on molecular
dynamics simulation of polarization
switching in comparison with
machine learning algorithms.
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