Learning from the temporal structure of natural scenes: From V1 properties to object classification.
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o Introduction

When proceeding through the hierarchy of the visual
system, neuronal responses tend to get more and
more selective to some stimulus features, but at the
same time more and more independent from other
features. This raises the question, which principles
underlie this interplay of invariance and selectivity
throughout the cortical hierarchy? Using natural vid-
eos recorded by a camera mounted to the head of a
freely behaving cat as well as standard image librar-
ies, we train neurons to achieve optimally stable
responses. Using this implementation of the ‘tempor-
al coherence’ principle, we replicate properties of the
early visual system and transfer the same principle to
invariant object recognition.

© Natural Stimuli
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0 Objective functions

The stability objective function is maximized by
neurons, whose responses vary slowly over time. For
each neuron it is formulated as the negative squared
temporal derivative, which is divided by the temporal
variance to avoid trivial solutions.
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As stability is separated for each neuron, lateral
coupling is introduced by adding a de-correlation
term, which favors dissimilar receptive fields:
\P = _z Z CC2 where CC denotes the
decorr | |J’ correlation-coefficient
netrons i<
The sum of both functions is maximized by adaptive
gradient ascent.

e Cell models
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e Simple & Complex cells

After training the model neurons with gray-scale
CatCam stimuli, the subunits acquire Gabor like
receptive fields, as typical for simple cells in V1.
For most of the neurons their subunits obtain a rel-
ative phase-difference of 90 degrees. Thus the
complete neuron's activity is insensitive (invariant)
to phase and polarity of a stimulus, a characterizing
property of cortical complex cells.
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Subunits of two example complex cells, that emerge in the sim-
ulation. Note the similarity of preferred orientation and spatial
frequency, in contrast to the large shift (~90°) in phase
between the two subunits of the same neuron.

Ref: Kayser, Einh3user et al., ICANN 2001;
Kording, Kayser, ot al., J Neurophys. 2003

e Comparison to physiology
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The proposed stability objective matches most of
the commonly used electrophysiological measures

better than other popular objective functions.

© Physiological Implementation

secon "eorlcallayer The stability objective can

be implemented by
physiological mechanisms.
Our recently proposed
model employs physiological
results on neurons with two
integration sites, separating
the learning signal from a
signal gating learning to
implement timing dependent
plasticity. This model is
shown to lead to the
emergence of simple and
complex cells when applied
to the natural videos.
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e Learning the non-linearity
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While in most simulations the cell model is fixed, this
is not a necessary restriction. We show, that the
power n of the transfer-function ¢(x)=xn can be left
free and optimized together with the receptive fields.
On optimizing slowness, most cells converge to n=2
as proposed for complex cells (black bars, time course
of convergence to the left); but also a large fraction of
cells exhibits very high or very low exponents. The dis-
tribution of n is similar to recent physiological results
(gray bars, reprinted from Lau et al.,2002).

Ref: Kayser et al., Neural Comput. 2003
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@ Functional segregation of
visual pathways

increasing stability

Using a single subunit cell model and colored stimuli,
chromatic as well as achromatic receptive fields
emerge. The chromatic cells tend to be non-oriented,
while the achromatic show a pronounced orientation-
tuning. The individual contribution of a cell to the
stability objective serves as inherent criterion to
separate those two groups from each other.
Ref: Einh#user, Kayser et al., Rev. Neuroscl. 2003

Repeated application of the stability objective in
a 2-layer hierarchical network leads to the
emergence of texture-sensitive cells. Shown
above are the best stimuli for 10 different cells.
Ref: g et al.,

Having shown that properties of our simulated
cells match physiological data, we extend the
analysis to the system level. Comparing the
classification achieved by texture cells to human
classification shows a good match (58% when
classifying 200 textures into 10 classes).
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@ Object recognition - Stimuli

The experiments described so far have shown that a
stability objective can explain physiological and psy-
chophysical results. But can this principle be trans-
ferred to invariant object recognition in artificial
systems?

Stimuli for object
recognition are
drawn from the
Columbia object
image library
(COIL-100),

. . . . . ***  which offers 72
views of 100 dif-
ferent objects.
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On top of a complex cell layer, we add another set of
neurons trained with the stability objective (‘object
cells’). To test generalization performance, the net-
work only sees a subset of views of a stimulus (9 in
the example) for training, but is tested on all views.

@ Object recognition - Results

The network achieves good classification perfor-
mance, even in the case of few training views. The
object cells (OC - solid), which are trained by the sta-
bility algorithm on the output of complex cells (CC -
dotted), achieve still much better performance than
the CCs themselves.

We show here, that our implementation of the tem-
poral coherence principle learns invariant visual rep-
resentations on various levels:

1. Training a single layer network with grayscale
natural videos leads to the emergence of complex
cells, which are invariant to translation.

2. The same architecture trained with colored
natural videos learns to segregate cells, which are
orientation invariant but color selective, from cells
with complementary response properties.

3. When using flexible non-linear neuron models,
the distribution of learnt non-linearities closely
matches physiological data.

4. A two layer-network trained with natural videos
achieves texture selectivity, while being invariant to
local image features.

5. The same two-layer architecture learns to
classify objects taken from a standard library, even
from previously unseen viewpoints.




