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glimpse window




Two questions

 What is the optimal sampling lattice for the glimpse window?

 How is information combined across glimpses”
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Retinal ganglion cell sampling lattice
(shown at one dot for every 20 ganglion cells)

Anderson & Van Essen (1995)



Learning the glimpse window sampling lattice

[Obiect identity) (Contro/lj\  Network is trained to correctly classity the
\/ digit In the scene.
* Jo do this it must find a digit and move its

(Recurrent network]D glimpse window to that location.

Example MNIST scenes



Visual Search Task

Find and Classify the MNIST digit

Dataset 1

Dataset 2




Evolution of the sampling lattice during training

Before Training (Initial Layout) After 1 epochs After 10 epochs After 100 epochs
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Learned sampling lattices for different conditions

ranslation only ranslation only ranslation & zoom ranslation & zoom
(Dataset 1) (Dataset 2) (Dataset 1) (Dataset 2)




Visual Search Performance

Classification Error
B Dataset 1 | Dataset 2
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Comparison to primate retina
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How Is information combined across glimpses?

Two things must be encoded and combined at each fixation:

1) position of the glimpse window
2) contents of the glimpse window

What is required is to *bind* these two things together!

A scene may then be represented as a superposition of such
bindings.



Cogn Comput (2009) 1:139-159
DOI 10.1007/s12559-009-9009-8

Hyperdimensional Computing: An Introduction to Computing
in Distributed Representation with High-Dimensional
Random Vectors

Pentti Kanerva

binding without growing dimensionality

Holographic Reduced Representation Lo .
S . fully distributed representation

Distributed Representation for Cognitive Structures

mathematical framework for storing and recovering
information:

- multiplication for binding

Tony A. Plote - addition for combining

- operators and inverses




Network for binding and combining
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Spatial reasoning

What is below a ‘2’ and to the left of a ‘1’7

(a) Example image (b) "below a 2” (c) ’to the leftofa 1” (d) Combined



Main points

Visual scenes require the ability to represent compositional
structure.

Active sensing strategies, such as eye movements, allows us to
acquire information and build a scene representation with limited
neural resources.

A foveated image sampling lattice similar to the primate retina
emerges as the optimal solution for visual search, but only for an eye
without the abllity to zoom.

Neural networks with the ability to bind and combine information
across saccades are capable of building up a scene representation
that supports spatial reasoning.



