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MEQEETOMRELLELN . ERICFEEXTRBETIET L.

M vyisygl areg ——— ~——j¢-association area

lower-order __ higher-order _, __grandmother
mpercu'nplex hypermplﬂ ) cell ?

tno—-LGB—- simple — complex —=

-

- = .——' et ittt — modifiable synapses

—3> unmodifiable synapses I I

ctwork of the neocognitron

a-hmm_[:]g

0
!
=
3
4

g

o s |G
o I 0 p|— | O

=
3
4

h

Fig. 6. Some cxamples of distorted stimulus patterns which the
Fig. 2, Schematic diagram illustrating the - H :
interconncetions between layers in the neocognitron has correctly recognized, and the response of the final
neocognitron layer of the network

K. Fukushima. Neocognitron: A self-organizing neural network model for a mechanism of
pattern recognition unaffected by shift in position. Biological Cybernetics, 36(4): 93-202, 1980.
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ISBN-13: 978-4254101560
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Distributed Hierarchical Processing in the Primate Cerebral Cortex
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Mapping the structural core of Human cerebral
cortex

Patric Hagmann et al, July 2008.
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Dorsal premotor neurons encode the relative position of the hand, eye, and

goal during reach planning.
Neuron. 2006 Jul 6;51(1):125-34
Pesaran B, Nelson MJ, Andersen RA

Nature. 1998 Aug 27;394(6696):887-91.
Separate body- and world-referenced representations of visual space in

parietal cortex.
Snyder LH, Grieve KL, Brotchie P, Andersen RA.
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Daniel J. Felleman and David C. Van Essen
Distributed Hierarchical Processing in the Primate Cerebral Cortex

Cerebral Cortex 1991 1: 1-47
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Generic Priors for Disentangling
Factors of Variation

[Bengio 2013] http://arxiv.org/abs/1305.0445
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* Natural clustering

« Temporal and spatial coherence
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o Simplicity of Factor Dependencies
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