Organization
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linear projection sparsified coefficients

reconstruction




Visual cortex
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Orientation selectivity changes in a regular
manner across the surface of VI
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Orientation
maps inV |
(Blasdel 1992)




Joint map of orientation
and ocular dominance
demonstrates tradeoff
between feature diversity
vs. smoothness within

each feature dimension
(from Blasdel 1992)
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Direction selective cells in cat area |8
(Cat++ imaging - Ohki, Chung, Ch’ng, Kara, Reid, 2005)
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Self-organizing maps

ﬁx horizontal
'Y connections




Kohonen’s algorithm
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Kohonen’s algorithm applied to a 2D input array
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What is this organization good for?



Horizontal connections may enforce continuity among
oriented elements
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Statistical dependencies

1556 J. Opt. Soc. Am. A/Vol. 16, No. 7/July 1999 Zotzeche ef al.

Predicted bivariate Measured bivariate
act1v1ty distribution activity distribution

ple,o) = p(e) - p(o) p(e,0)




Joint coefficient activations in response to a

moving edge
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“Topographic ICA’
(Hyvarinen & Hoyer)
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“Topographic ICA’
(Hyvarinen & Hoyer)




‘Google Brain’
(Quoc Le et al. 2012)
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‘Google Brain’
(Quoc Le et al. 2012)
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Manifolds



Many types of natural data lie along low dimensional
manifolds embedded in a higher dimensional space.

Sparse representations tile the manifold of natural images in
such a way that data points along the manifold are spanned by
a small number of basis vectors.







Distribution of 3x3 pixel image patches drawn
from natural scenes forms a Klein bottle

(Carlsson et al., 2008)
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o Single V1 unit

DiCarlo & Cox (2007)



Nonlinear Dimensionality A Global Geometric Framework

Reduction by for Nonlinear Dimensionality
Locally Linear Embedding Reduction
Sam T. Roweis' and Lawrence K. Saul?® Joshua B. Tenenbaum,’* Vin de Silva,? John C. Langford?

Science, 22 Dec. 2000




Local Linear Embedding (LLE)
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Manifold of facial pose and lighting
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Local Linear Landmarks (LLL)
(Vladymyrov & Carreira-Perpinan, 2013)

r=da+n —» y=Pa«

local linear approximation embedding



Basis functions learned by sparse coding form a locally
linear approximation to the manifold of natural images




x(t) = D at) + n(t)




Sparse Manifold Transform
(Yubei Chen, Ph.D. thesis)
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We seek a geometric mapping f: @ = P, s.t. each of the dictionary
elements is mapped to a new vector, P;= (®). Continuous temporal
transformations in the input should have a linear flow on M and also in
the geometrical embedding space.
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The sparse manifold transform
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Encoding of a natural video sequence
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[ units behave like complex-cells
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Phase invariance
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The stacked sparse manifold transform
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Stacked Sparse Manifold Transform
(trained on MNIST)
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