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Abstract

In our contribution we investigate how structured information processing within a neural net can
emerge as a result of unsupervised learning from data. Our model consists of input neurons and hidden
neurons which are recurrently connected and which represent the thalamus and the cortex, respectively.
On the basis of a maximum likelihood framework the task is to generate given input data using the code
of the hidden units. Hidden neurons are fully connected allowing for different roles to play within the
unfolding time-dynamics of this data generation process. One parameter which is related to the sparsity
of neuronal activation varies across the hidden neurons. As a result of training the net captures the
structure of the data generation process. Trained on data which are generated by different mechanisms
acting in parallel, the more active neurons will code for the more frequent input features. Trained on
hierarchically generated data, the more active neurons will code on the higher level where each feature
integrates several lower level features. The results imply that the division of the cortex into laterally
and hierarchically organized areas can evolve to a certain degree as an adaptation to the environment.

Introduction

It 1s often neglected in relation to hierarchical information processing in the brain that each half of the
cortex is a two-dimensional sheet of tissue. It hosts as many as 73 areas in the macaque [16]. They can
be distinguised by architectonics, connectivity to other areas and topographic organization as measurable
e.g. at half of the areas of the visual system with respect to visual field [3]. Recent findings suggest that a
“neurochemical fingerprint” [5] determines the earliest compartmentalization in corticogenesis [2].

Information between these areas is known from functional [17] and connectivity analysis [3] to be
processed in parallelly as well as hierarchically organized pathways. Due to the large number of areas and
an even 10-fold larger number of connections between them [15] genetic information can hardly specify the
connectivity pattern fully.

A model which explains corticocortical connections purely on the basis of topological neighborhood
covers roughly half of the global existing connectivity pattern [15]. Genetic information as well as metabolic
costs and wiring volume are hereby minimized. However, the model makes systematic errors at the borders
of functionally dissimilar groups of cortical areas (e.g. between visual and auditory areas) and ignores
hierarchical relationships.

There is evidence for activity driven self organization of cortical areas as well as of cortico-cortical
connections. (i) Lesion studies [8] demonstrate that as an adaptation to a changed input cortical neurons
can belong to different areas. (ii) Even in normal animals of the same species, there is a 2-fold variability
of single areas from one brain to the next [3]. (iii) In in vitro cocultures thalamic axons grow to any region
of the cortex, indistinguishably from their behavior at the proper target [12]. (iv) Axons are known to
sprout exuberantly across non-proper target areas and refine later to the proper target areas [9].

Our aim is not to explain the emergence of all cortical areas neglecting intrinsic mechanisms. But we
want to show first, that by an activity driven process with only faint influence by intrinsic mechanisms two
areas can emerge in parallel such that each of them processes different parts of the input. Secondly, that
areas at different hierarchical levels can emerge, again without geometrical or strong intrinsic constraints.
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Figure 1: Three different model architectures. In each of them the activations Z on the input units are
represented by hidden unit activations @. W are recognition weights, V' are generative weights, indexed
in the right figure with the number of the layer of termination and origin. Left: parallel organization
and middle: hierarchical organization of hidden units which are segregated into two areas. Right: archi-
tecture of our model. The lateral weights Wiy and Vi1 (top) allow each hidden neuron to take part in a
representation @; on a lower and @y on a higher hierarchical level. Dependent on the structure of the data
training will result in one of the two other architectures shown.

Finally, that both adaptations can occur within the same network and with unchanged parameters, as an
adaptation to differently generated data only.

Previous related computational or theoretic work is scarce. Dailey and Cottrell [1] investigate the
division of labour between two experts in a kind of mixtures of experts model [10]. In their model, one
expert receives low-frequency, the other high-frequency information of the same input data which was
taken from objects and faces. As a result of supervised training on identifying the faces and classifying
the objects, the module which receives low-frequency information specializes for face recognition. An
explanation, however, how each module can filter its input in such a way, remains external to the model.

Our idea is that neurons possess different intrinsic functional properties in different regions of the cortex.
Upon learning the neurons should code for those elements of the data which its function is best adapted
to. In our net the hidden neurons are distinguished into two classes, one with highly active neurons, the
other with sparsely active neurons. This property can be scaled by a real valued parameter of the neuronal
transfer function. Hereby neurons are expected to specialize on data elements which are less or more
sparsely distributed.

Theory and Methods

We use a recurrent model which learns an internal representation of the data by a maximum-likelihood
framework. Using one hidden layer [4][6][13], the role of the feedback projection is to reconstruct the data
from hidden unit activations. The forward connections are used to transmit the reconstruction error to the
hidden neurons which they try to minimize by correcting their activation towards an optimal representation.

Reconstruction of the data with as many hidden units as input units is trivial and demands for some
kind of bottleneck. A sparse activation prior on hidden neurons makes them represent sparsely occuring
input features, e.g. if natural images are used for training then localized edge detectors emerge [4][13].

As an effect of sparse hidden neuron activations the data are under-estimated during reconstruction.
The weights will compensate by learning larger values in order to increase the activations. To preserve
sparse coding a weight constraint must be introduced.

The hidden representation can span more than just one hierarchical level [14][11]. Then a given neuron
not only adjusts its activation to minimize the reconstruction error on the lower level but also to match
the feedback (“prediction”) from a higher level representation.



Concatenation of levels In a model for the evolution of a two-level hierarchy all hidden neurons
have to choose whether to take the computational role of the first hidden layer, the second hidden layer, or
both. Here we concatenate the first and the second hidden layer which renders weights between them lateral
(Fig. 1). Different activations on these units, however, can belong logically either to the first hidden layer
(t1) or to the second hidden layer (#3). An activity-dependent weight constraint introduces competition
between all incoming weights of a hidden neuron (besides preserving sparse coding). This encourages a
hidden neuron to receive input from the input neurons via Wig or from other lateral neurons via Wiy only.

Relaxation of activations  For each data point # which is presented on the input layer the algorithm
iteratively relaxates hidden unit activations after starting with zero values.

The following computations are done in the input, the logically first hidden layer and the logically
second hidden layer. First, the negative reconstruction error zg in the input neurons is the difference
between the data & and the reconstruction from the hidden code 4 via feedback weights Vpq:

To(t) = & — Vorua(t) (1)

The negative reconstruction error measured in the logically first layer is the difference between the bottom-
up input and the top-down reconstruction:

Fi(t) = Wiodo(t) — Viria(t) 2)

The hidden code vector 47 is the hidden units’ representation of the data on the first hierarchical level.
It is adjusted (i) to account for the negative error Zy via recognition weights Wig and (ii) to account for
the prediction from the next higher level activations 4y via generative weights V71:

ha(t) = n(t) + eu(BWioko(t) — (1—B) &1 (1)
= ﬂl(t) + 6u((2ﬂ — 1) Wloi‘o(t) + (1 — ﬂ) Vllﬁg(t)
w(t+1) = fh() (3)

where €, is the update step size, # handles the tradeoff between bottom-up and top-down information and
f 1s the the transfer function which transfers the inner activations El to the hidden code at time ¢ + 1.

The hidden code w3y is the hidden units’ representation on the logically second hierarchical level. Tt
adjusts to the code 41 on the first level via the lateral recognition weights W37 but has no feedback from
a higher hierarchical level.

ho(t)
da(t+1)

Ua(t) + ey Wi1Z1(2)
f(h2(t)) (4)
The transfer function enforces sparse coding by reducing small activations in particular:
2 h;
C— 5
1+ h? (5)

filhi) = hi = A"

where A" scales the sparseness constraint. After relaxation of Egs. (1,2,3,4) towards a stationary state we
have found the optimal code ;5 to reconstruct the data point, under a sparseness prior on the hidden
unit activations from which the sparseness constraint can be derived [13].

We train recognition weights wi’}, from input neuron j to hidden neuron 7 and lateral recognition weights
wi® from hidden neuron k to hidden neuron i by the following update rules:

Awthy = ey (uh & — X R wip 1))

Awfi = ey (uy# — XV [R W ||]) (6)
where €, is the learn step size. The first term on the right hand side implements Hebbian learning. The
second term which is scaled by A% is a soft activity dependent weight constraint. |[@’|* = X:iv(wlllo)2 +
ZF(w%)Q is the sum of the squared weights to all N input units and all H hidden units and [h?| = |h% |+ |k}
i1s the mean of absolute values of the inner activations of hidden neuron 7 at the final relaxation time step.
The weight constraint scales the length but does not change the direction of a hidden neuron weight vector.

It is local in the sense that it does not depend on any weight of any other hidden neuron. Generative weights
are made symmetric to the recognition weights, i.e. Vg1 = WlTO and Vi1 = I/VlT1



Results

Generation of the data  Artificial data are generated by two different paradigms. First, in a non-
hierarchicel manner, data consist of discrete, sparsely generated elements. These elements are lines of 4
different orientations on a 5 x 5 grid of input units resulting in a total number of 20 different elements. For
the first experiment each line is chosen with a fixed probability independently of any other. Thus there
is no structure among the code elements. For the purpose of structuring our network into two distinct
groups of hidden neurons we form two groups of the elements. One group, horizontal and 45° lines are
generated with probability 0.1 whereas the other group, vertical and 135° lines are generated half as often,
with probability 0.05 each. Fig. 2 a), left, shows example data.

For the second experiment data are generated in a hierarchical manner [7]. First, one of 4 orientations
are choosen, which represents a decision process within a higher hierarchical level. Then, on the lower
level, lines from the formerly chosen orientation only are generated with probability 0.3 each. Fig. 2 b),
left, shows example data.

Training  Weights were initialized with small random values with mean zero. Then the following on-line
learning procedure was repeated 5 - 10% times. A data point was shown to the input neurons and Egs.
(1,2,3,4) were iterated 10 times after initialization of hidden unit activations with zero to obtain the best
estimate for the hidden code. Using these values the weights were trained according to Egs. (6).

The parameters were: stepsize for the update of activations ¢, = 0.1, tradeoff for bottom-up/top-down
input B = 0.9, learning stepsizes €491 = 0.03, €417 = 0.003, constraint on the weights d,, = 0.03, sparsity
parameter A* = 0.1 for one half of the hidden neurons, A* = 0.2 for the others.

Areas organize in parallel  The net which had been trained on the parallel data extracted all lines
from the data. Fig. 2 a) shows some example data and the weights after training. Each code element (one
of the 5 x 4 possible lines) is represented by a weight vector of the matrix Wig. Due to overcomplete coding
a small number of neurons are not connected to the input and some lines are represented by two hidden
neurons. The bottom half of the hidden neurons which have stronger activations (A% = 0.1) specialize on
the input features which occur more often (lines of 0° and 45°). The upper neurons which have weaker
activations (A* = 0.2) specialize on the rare features (lines of 90° and 135°). On both layers, there are a
small number of exceptions from the rule.

If prior knowledge that the data has no hierarchical structure was assumed then us would not have
to be computed by Eq. (4). For consistency with the next experiment, however, we included the second
hierarchical level and #; takes into account u#s. Hereby lateral weights Wi, emerge through which in
general the activation us of one neuron supports the activation @; of an arbitrary other neuron. The core
result of this experiment as decribed above is unchanged if a second hierarchical level is omitted (results
not shown).

Areas organize hierarchically = The net shown in Fig. 2 b) was trained on the hierarchical data set.
It has structure among the weights Wi, to the input in the area with less active neurons, and has structure
among the lateral recognition weights W11 in the area with stronger activation. The former neurons have
not discovered single lines as input elements because a larger number of them were presented which have
the same direction compared to the first experiment (the average number of lines in each stimulusis 1.5 in
both settings). Thus, elementary features could as well be the dark lines in between. Another argument
for a different representation is that the less active neurons form an undercomplete representation of the
input.

Neurons in the more active area join together those neurons in the less active region which code for the
same orientation by the lateral weights Wi;. As the more active neurons they code for the orientation of
a stimulus because one of four orientations is statistically chosen more often than a single line.

We did not adjust the sizes of the areas to the expected outcome which we could have done by setting
the parameters of exactly four neurons to have strong activations. As a consequence of a too large number
of highly active neurons more neurons redundantly represent the second hierarchical level.
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Figure 2: Left: examples of stimuli # used for training. Middle: the recognition weight matrices Wio and
right: the lateral recognition weight matrices Wi after training. Each square of the weight matrices shows
the receptive field of one of the 5 x 6 hidden neurons, black indicating negative, white positive weights.
Middle, weights to one of the 5 x 5 input neurons and right, lateral weights. A larger number of hidden
neurons than input neurons allow for an overcomplete representation.

a) Parallel organization of areas: weights Wi to the inputs concentrate on 0° and 45° lines in the lower
half and on 90° and 135° lines in the upper half. b) Hierarchical organization of areas: neurons in the
upper half code for the input via Wiy while neurons in the lower half organize the code from the upper
units via Wiy1. Neurons which code for lines of 45° orientation are marked by a frame.
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Discussion

We have shown that a net trained according to a maximum likelihood framework can organize in a) two
parallelly or b) two hierarchically organized areas dependent on statistics of the data. Parameters are
unchanged between these experiments. The hidden area with more frequently active neurons a) looks at
input features which occur more often or b) takes the function of the hierarchically higher area in our
setting.

We take this as a model for the development of connection patterns and relations between cortical areas
like the parallel segregation of the visual stream into a lateral and a dorsal pathway or the hierarchical
relation between V1 and V2. Different functional properties, e.g. in a spike coding model the refractory
period or burst duration, could be varied across areas, to account for a broader parallel organization and
for more hierarchical stages.

For simplicity we have neglected many additional learning mechanisms of the biological system. Most
important are topographic constraints which favor neighboring cortical areas to be connected [15]. These
determine however the gross connectivity pattern between cortical areas only. Within an area a topographic



constraint can force a minority of neurons to code conform with the majority. Such a constraint could
eleminate the outliers in our results. Time behavior like a possible flow of a stimulus induced signal from
the back of the cortex towards the front could alternatively or as an additional mechanism give rise to
hierarchical relationships.

By our approach which omits as much as possible internal mechanisms we could display a large potential
which the data has in the organization of structure. On a high level of abstraction it demonstrates how
much influence the structure of the data may have on the emerging structure of the brain.
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