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Geisler et al, 2001

(Geisler et al., 20071, Vision Research)
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Geisler et al, 2001

(Geisler et al., 20071, Vision Research)



Log Gabor representation / Sparse coding
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(d) log-Gabor  (e) 'Db4’ wavelets (f) Steerable pyramid

(Fischer et al, 2007, International Journal of Computer Vision)
(Perrinet, 2010, Neural Computation)
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Some examples of edge extraction
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Second-order statistics
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Second-order statistics
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Second-order statistics
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Second-order statistics
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Quantitative difference using classification

Database1 Database 2 2-means SVM1 SVM2 SVMC

Natural Artificial 08% 88% 990% 98%



Summary
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Summary

p(dv ¢7 07 U|7T0) ~ p(dv 0'|’/T0)p(0, ¢)|7T0)
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Summary

p(d7 ¢a 9, U|7T0) ~ p(d7 O'|7To)p(9, ¢|7T0)
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Categorizing animals vs animals

Natural Laboratory



Categorizing animals vs animals
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Categorizing animals vs animals
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Categorizing animals vs animals

Database 1 Database 2 2-means SVM1 SVM2 SVMC
Natural Natural 50% 50% 50% 50%
Natural (noise)  Animal (noise) 64% 7% 77% 77%
Natural Animal 65% 68% 82% 81%
Natural Avrfificial 08% 88% 99% 98%
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Categorizing animals vs animals

Increase in complexity (number of subunits), RF size and invariance

Model  RFsizes  Num.
layers units
classification 0 £
10
units. [
8
iz
58
g
s4 o 2 o
@ = w43
o
5 cs @ 7 10° -
5 £
3 £
e c2 @ 7° 100 |98
; 8%
25
| s3 (@ 12232° 10" ;&Té
. 23
op| e 70 [ee s o 5%
[ j sz () 09*44 107 3
g
2 F 11230 10°
sz O 06224 107
] ’ Y
c1 Of 04216 10*
st of o211 108
dorsal stream | ventral stream
‘where' pathway 1 ‘what' pathway
O Simple cells
) Complex cells
— Tuning — Main routes
--- MAX —— Bypass routes




Categorizing animails vs animals

wﬂm Simple visual forms,
Bdges, Comers
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Neuromorphic implementation
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Fig. 1. Cartoon of the V1 model, which represents an array of cortical units
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