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Perceptron

F.Rosenblatt, Principles of Neurodynamics, 1961
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Amari, 1966, 1967; Tsypkin, 1966
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Stochastic gradient descent

FEE T LLiE Robbins-Monro, 1951
Kiefer-Wolfwitz, 1952

Stochastic approximation
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Error back-propagation --- PDP

Rumelhart, Hinton, Williams, 1986
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Information Theory I
--Geometrical Theory of

Information

Shun-ichi Amari
University of Tokyo

Kyouritu Press, Tokyo, 1968
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Error back-propagation --- PDP

Rumelhart, Hinton, Williams, 1986

Amari, 1966; Tsypkin, 1966;
Werbos, 1974

Universal approximator; local minima; plateau
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lﬂ.ﬂfr %—ﬁﬁﬂﬂﬁ double descent

Belkin, Hsu, Xu; 2018
Hastie, ..., Tibshrani; 2019
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Chentsov, Efron, Dawid (1970~1980)
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Rozonoer (1969)
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Amari et al (2013)
H. Sompolinski
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Poole et al (2016)
Random deep neural networks
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Jacot et al; Neural tangent kernel
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S. Amari, Any target functions exists in

L+1 L small neighborhood of random networks
X=[X X-- X X] Neural computation, 2020
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Information Geometry of MLP

Natural Gradient Learning :
S. Amari ; H.Y. Park ; K'FW&W
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Unitwise diagonal
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Empirical Fisher [§iE
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G. Zhang, J. Martens and R. Grosse, 2019 J
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Extended Adam

mini batch
1 Empirical natural gradient
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