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Abstract

We devise self-organizing model of the striate cortex that learns orientation maps by sparse
coding of natural images. The model assumes the existence of oriented receptive fields and of
retinotopic mapping. We demonstrate that learning sparse representations of natural images leads
to the formation of spatially periodic orientation maps. If and only if the sparseness of the
representation is sufficiently high, these orientation maps reproduce different critical parameters
of experimentally measured maps in the striate cortex. We conclude the functional topology of
the visual cortex that may be tailored to optimize the encoding of natural stimuli with minimal
redundancy of the underlying representation. (¢) 2002 Published by Elsevier Science B.V.
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1. Introduction

Orientation maps in the striate cortex have been studied extensively in the
experimental literature using optical recording techniques (e.g. [2,3]). The preferred
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orientations of the cortical columns vary smoothly along the cortical surface in a reg-
ular hypercolumnar structure corresponding to spatial bandpass characteristics.

A number of self-organization models were developed to explain the emergence of
these highly structured patterns. Most of them realize correlation-based learning with
feedback via lateral connection [6,7,10]. These models do not clarify the role of these
ordered structures for information processing.

Recent theoretical works provided support for the hypothesis of a relationship be-
tween redundancy reduction in cortical information encoding [1,4] and the structure
of the visual cortex by demonstrating that learning algorithms enforcing sparse neural
coding of images can generate localized receptive fields with similar properties of the
cells in the primary visual cortex of mammals [11]. As shown recently in [5], the low
redundancy coding in the presence of weak probabilistic couplings in the topological
neighborhood of neural units can also account for the topological ordering of learning
oriented receptive fields.

2. Model

We devise self-organizing model which is not based on explicit correlations be-
tween the neural inputs. The model accounts for the emergence of ordered orientation
maps from random initial states by low redundancy encoding of natural images through
sparse neural representations. The model assumes the existence of retinotopy and ori-
ented receptive fields, but not the existence of prewired structured lateral connections.
Structured interactions must, therefore, arise solely from the statistical properties of the
image data and the information theoretical strategy for its encoding.

The modeled neural network represents the stimuli g(x, y) with small approximation
errors and with a small number of active neurons (their activities denoted by c¢;). The
receptive field R;(x, y) with the form of a Gabor function has size 0.6° x 0.6°, while
distance between the centers of receptive fields of neighboring neurons is 0.2° of the
visual field.

It has been shown (e.g. [11]) that the approximations with sparse activation distri-
bution (c¢*) can be obtained by minimizing a cost functional:

£0)= [ [otx)— 3 R, poc| dxdy+uY el + 1Y€ )

During the learning process, a sequence of natural images is presented. The learning
process aims at finding an orientation map ¢ = (¢y, ¢a,..., ¢y ), that minimizes the
cost functional given by Eq. (1) over the time series of training images:

¢:argm¢§n<E[g,C*,¢]>» (2)

where (.) denotes averaging over the image set series.
In order to find the optimal orientation map, we adjusted the orientations sequentially
using stochastic gradient descent procedure.
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Fig. 1. Two trained orientation maps. The map (a) was learned with small sparseness enforcement term in

the error functional (u

0.8). The map (b) emerges for u = 1.6.

3. Results

We demonstrate that, by enforcement of sparse coding, the preferred orientations of
the model neurons self-organize into spatially periodic orientation maps. Only when

the sparseness of the representation is sufficiently high, the structure of the maps re-

sembles experimentally measured cortical orientation maps in the primary visual cortex

of mammals (cf. Fig. 1).

1. In the case of high sparseness, learned maps have isoorientation domains and ori-

o

entation singularities with vorticities of +180".
2. Spatial radial autocorrelation function of orientation map is an oscillating function

that decays exponentially (cf. [8]).
3. Two-dimensional power spectrum of orientation map is symmetrical and has a band-

pass structure (cf. [8]).
4. Pinwheels of opposite signs have a tendency to be coupled, as estimated from the

distribution of the first, nearest neighboring pinwheels of the same and opposite

signs. (cf. [9]).
5. The topology of the learned patterns is reproducible for changes of the neuron

density and for different geometries of the simulated neural grid.
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4. L

Our previous results suggest that cortical orientation maps seem to be optimal for
the efficient coding of visual information in the sense of a redundancy minimization

principle. The question arises as to how the dynamics that is underlying this pattern
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Fig. 2. (a) Swindale Kernels binned by distance (¢ = 0.8(—. —.), 1.2(— —), 1.6(—)), as integrated for 4

maps for each u. (b) Resulting map produced using interaction kernel obtained from formation dynamics of
the maps with high sparsity (u = 1.6).

formation process is related to other generative models of cortical maps. To investi-
gate this relationship, we fitted a simple dynamic model to the learning dynamics of
our learning algorithm using the standard least-squares estimation procedure. We used
the dynamic model that takes into account the periodicity of the orientations and the
assumption that the interactions between the preferred orientations of different neurons
should be dependent only on the distances between the receptive field centers. A gen-
erative model of this type has been proposed by Swindale [12]. The fitted model has
the form

ool =D Y W(d(i,j))sin(i(t) — (1)), 3)
d jeN(d(.)))
where kernel W (d(i,j)) determines the interaction between the preferred orientations
of different neurons in the learning dynamics and depends only on the distance between
neurons i and j. j € N(d(i,j)) indicates indices of neurons which is centered at distance
d from neuron i.

Fig. 2 shows the results of the estimation of the interaction kernel W (d(i,j)) from
the learning dynamics. For high sparseness, the interaction kernel is positive for small
distances d. For medium distances, it is negative and the interaction strength decays to
zero for large distances. This interaction, derived from our learning algorithm and the
statistical properties of the image data corresponds exactly to the interaction kernel that
has been proposed in the classical model by Swindale [12]. This is not the case for low
sparseness, where the interactions between neighboring neurons are always negative.
We simulated the generative model by Swindale using the estimated interaction kernels.
For low and high sparseness, the maps generated by the Swindale model have the same
distance autocorrelation function and power spectrum as the maps learned directly from
the image data. While other models realize correlation-based learning with feedback
via lateral connections [5,7,10], we have discovered such interactions by analyzing the
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dynamics of map formation driven only by the image statistics and the sparse coding
principle.

5. Conclusion

Our results indicate that the principle of redundancy reduction might determine the
structure of the primary visual cortex not only based on the level of individual receptive
fields, but also on larger anatomical scales, such as on the level of orientation columns.
Learning optimal representations of natural images in this information theoretical sense
is sufficient to account for the formation of cortical maps with realistic parameters, even
without the assumption of specific topologically prestructured lateral connections. The
functional topology of the striate cortex on multiple anatomical scales may therefore
be tailored for an encoding of natural visual stimuli in representations with minimal
redundancy.
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