The 29th Annual Conference of the Japanese Society for Artificial Intelligence, 2015

2C3-0S-06b-4in

Deep Neural NetworksJ O 00 O O O

The Analysis Of Deep Neural Networks

ooooo
Mototake Yhoichi

ooooo *t

Tkegami Takashi

0000000000ooooon
Graduate School of Arts and Science, The University of Tokyo

Multilayered feed-forward networks, commonly known as deep neural networks (DNN)[Hinton 06] , have been
intensively studied their potential capabilities and mechanisms. For example, DNN classifies cat faces and human
body images by learning millions of randomly selected Youtube images [Quoc 12]. In this study, we computed the
information flow of a DNN in order to reveal its underlying mechanism with respect to dynamical systems. Our
results support the hypothesis that the high performance of DNN can be characterized by the changes of singular
value distribution along the layers. Irrelevant differences between input images will be shrunk and the important
difference will be expanded by the DNN. This picture will be investigated thoroughly in this work.
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