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Since Hinton et al. (2006) came back with a multilayered feed-forward network, called a deep neural network, many
people have started to investigate its potential capability and applications. For example, Google Inc. showed that the deep
learning automatically extracted cat face and human body images from the millions of randomly selected youtube
images[Quoc 12] .In this study, we compute the information flow within a deep neural network in order to reveal the
underlying dynamical systems properties. Unexpected power law behavior of Eigen values computed from the Jacobian

matrices of the deep net will be reported.
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