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Abstract

We investigate how modular structure within a neu-
ral net of stochastic neurons can emerge from intrinsic
dynamics and from unsupervised learning of data. The
model consists of an input layer and two hierarchically
organized hidden layers and differs from the Helmholtz
machine only in that hidden neurons are not assigned
to a single one of the layers prior to learning. On the
basis of a maximum likelthood framework the task is
(i) to infer a hidden code from data using the recogni-
tion weights and (ii) to generate given input data from
the hidden code using the generative weights. Hidden
neurons are fully connected via both weight types al-
lowing to code on different hierarchical levels. The
hidden neurons are separated into two groups by their
wintrinsic parameters. One group, designed to be on
the highest hierarchical level, is highly spontaneously
active and s thus responsible for the initiation of the
hidden code. The other group, designed to be on the
lower level, 1s highly responsive to stimulation by input
only and thus likely transmits information between the
input and the highest level in both directions. Besides
demonstrating the emergence of this hierarchical struc-
ture, we show using a different data set that a parallel
structure emerges which matches the data. Finally, if
the net is trained without any input, then a weak hier-
archical structure emerges by the differential intrinsic
activity.

1 Introduction

Let us imagine an animal to evolve a sensory organ
by a beneficial mutation. If a corresponding mutation
would have to take place simultaneously within the
cortex, then this mutation would very unlikely be suc-
cessful. The cortex should instead always make use
of improved input. It should act as a uniform and
universal information processing tissue.

This two-dimensional sheet of neuronal tissue hosts
many functionally distinct areas (e.g. 65 areas in
cat [1]) which process information through pathways

which are organized in parallel as well as hierarchi-
cally [2]. The earliest manifestations of areas during
corticogenesis are regionally restricted molecular pat-
terns (“neurochemical fingerprints” [3]) which appear
before the formation of thalamocortical connections
[4]. However, these molecules do not ultimatively de-
termine the area a neuron will belong to: e.g. in con-
genitally blind human subjects, auditory signals acti-
vate association areas in the occipital cortex [5], areas
which in normal subjects are involved in visual loca-
tion and motion detection experiments.

Since there are ten times more area-to-area con-
nections than areas, the description of cortico-cortical
connectivity is more complex and thus unlikely to be
fully decribed genetically. Abstract geometrical mod-
els suggest that topological neighborhood plays an im-
portant but not exclusive role in determining these
connections [1]. We propose here that learning also
accounts for these large-scale connections, which is
an attractive idea in particular to explain the intense
adaptations to disturbances [5].

Recently we have presented a computational model
in which neuronal activity plays the major role in
learning rules for the connections between areas [6].
Only the areas were genetically defined: already be-
fore development the intrinsic functional properties of
their neurons differred between different areas. More
precisely, hidden neurons were divided into two groups
which differed by one parameter of their transfer func-
tion. This makes one group respond with stronger ac-
tivity to a given input than the other group. The first,
more active group then learns to process stimulus fea-
tures which occur more frequently.

Not only the input space can thereby be divided
into two groups. Using lateral weights among the hid-
den neurons, the former model allows hidden neurons
also to code on two hierarchical levels. Using hierar-
chically generated data, some of the hidden neurons
from the more active group establish a second hierar-
chical level by grouping neurons from the other hid-



den units via their lateral weights while their weights
to the input neurons decline.

The former model consists of deterministic neurons
which are activated by their input through a contin-
uous transfer function. As a drawback for biological
plausibility, the hidden neurons have to take track of
two activation values continuously, in order to deter-
mine their role in information processing on the two
possible hierarchical levels.

Here, we use a stochastic model, a Helmholtz ma-
chine [7], where neurons are able to become active
spontaneously. Activations on different hierarchical
levels are instantiated at consecutive time steps, rem-
iniscent of a synfire chain model [8]. However, two
consecutive layers are concatenated to one layer.

With this model, all results of the former, determin-
istic model are reproduced. In addition, it is shown
that through spontaneous activity even without data,
internal structure within the network can emerge.

2 Theory

The original Helmholtz machine [7] has several hi-
erarchically organized layers. Each receives bottom-
up input via recognition weights from the next lower
layer and top-down input via generative weights from
the next higher layer. Originally, there are no lateral
weights within one layer.

The task of each weight set is to “invert” the
weights going into the other direction: the generative
weights are trained to model as good as possible the
data given their hidden representation which has been
obtained via the recognition weights. Vice versa, the
recognition weights are trained to generate as good as
possible a hidden activation pattern given the repre-
sentation of this on the input units which has been
obtained via the generative weights.

An efficient method to train a Helmholtz machine
is the wake-sleep algorithm [9] which we use to train
our model. It has two phases:

In the wake phase, activation originating from data
is propagated upwards the hierarchy (using the recog-
nition weights) and then, originating from the hereby
inferred hidden code propagated downwards again (us-
ing the generative weights). The reconstruction error
is used to train the generative weights.

The sleep phase is similar but reversed: activation
originates from a stochastically generated hidden code
at the hierarchically highest layer. It is propagated
(using the generative weights) to the input and back
(using the recognition weights) to the highest level
again. The error of the hidden code reconstruction
is used to train the recognition weights.

Figure 1: Top: general architecture of our model
which can cover as special cases a parallel organiza-
tion (bottom left) or a hierarchical organization of
the hidden units (bottom right). The lateral weights
W11 and Vi1 of our model allow each hidden neuron to
take part in a representation i on a lower and us on
a higher hierarchical level. Dependent on the struc-
ture of the data, training will result in one of the two
architectures shown at the bottom. In each of them
the activations ¥ on the input units are represented by
hidden unit activations @. W are recognition weights,
V' are generative weights, indexed with the number of
the layer of termination and origin.

Concatenation of hierarchical levels

Our model is a Helmholtz machine with two hid-
den layers. However, from the architecture or the al-
gorithm only, the two hidden layers cannot be distin-
guished. The two layers are concatenated to one hid-
den layer (Fig. 1, top). Lateral weights, both recogni-
tion W11 and generative V11, as well as possibly miss-
ing (zero-value) weights to the input allow some neu-
rons to represent the code of other hidden neurons and
thus to belong logically to a second hierarchical level.

Recognition of data involves two consecutive steps
which distinguish the two hidden layers: activations iy
evoked from data & via input weights W1, are assigned



to the first (lower) layer. Activations iy evoked from
i1 via lateral weights Wi are assigned to the second
(higher) layer.

Data generation also distinguishes two hidden lay-
ers: a hidden code §5 on the logically higher hidden
layer evokes via lateral, generative weights V17 a hid-
den code §; on the logically lower layer. Reconstructed
data §g is then generated via V1 using s7.

Note that a neuron can be active at both times con-
secutively. In order to discourage this during recog-
nition, an activity-dependent weight constraint intro-
duces competition between all incoming weights of a
hidden neuron. This encourages a hidden neuron to
receive input from the input neurons via Wiy or from
other lateral neurons via Wi, but not both.

Distinguishing the modules
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Figure 2: The binary stochastic transfer functions fzu’s
with two different sets of parameters n and m which
are used in the two subgroups of the hidden neurons.
Given an input (x-axis) they represent the probability
(y-axis) that a neuron is “ON”. This is also the mean
output value used in f‘;ﬁ’s. The dotted line shows the
transfer function of neurons which are designed for
the hierarchically higher level. There is a prominent
resting activity (m = 6) but a weak gain (n = 40, i.e.
high sparsity of firing). The function displayed as a
solid line is intended for middle layer neurons. There
is no resting activity (m = 0) but a stronger gain
(n = 10). In the wake phase, these latter values were
used for the function f:}.,‘; for all neurons.

The idea to distinguish the hidden neurons to form
two modules takes advantage of data generation in
the sleep phase: higher-level neurons do not receive
any input, but lower-level neurons receive input from
the spontaneous activity of the higher-level neurons.

Thus, a neuron which tends to be spontaneously ac-
tive is well suited for the hierarchically highest level.
In contrast, a neuron which becomes strongly active
from input only is well suited to represent the lower
level. Two stochastic transfer functions which display
these differential behaviors are depicted in Fig. 2. Un-
derlying are three states a hidden neuron can choose
from stochastically: an “ON”-state evoked by its input
h;, an “ON”-state evoked spontaneously with degen-
eracy m and an “OFF”-state with degeneracy n.

It was shown that degenerate “OFF”-states intro-
duce sparse coding which is used to let feature de-
tectors emerge in a stochastic net [10]. On the other
hand, spontaneous (resting) activity was shown to be
necessary in attractor nets [11] as well as in vitro [12]
to maintain robust low frequency firing. Our model
functions accommodate both features, “OFF”-states
with degeneracy n and spontaneous “ON”-states with
degeneracy m. The probability that a hidden neuron
1 1s switched “ON” by its input h; is:

e+ m
ehi +m4n

= fm(hi)

The corresponding stochastic transfer function which
assigns the two binary values is denoted by f;. The
corresponding mean-field transfer function is f,.

3 Methods

The detailed processing steps of the wake-sleep al-
gorithm are as follows. Wake phase, inferring the hid-
den code from a data point Z:

-

iy = [ (W)
iy = [ (W) (1)

Reconstruction of the input:

- -
81 = V11U2

55 = Vouy (2)

Update of the generative weights:

AVip = eqy (@Y —57) - (dy)"
AVpr = eor (F—355) - (ay)" (3)

Sleep phase, initiation of the hidden code at the
hierarchically highest level:

55 = £(0) (4)
Generation of an input code:
51 5 (Via53)
s = Vus ()



Reconstruction of the hidden code:

T = [ (Wios)
iy, = fo(Wi157) (6)

Update of the recognition weights:

AWy = epp(8]—1
AWy = en(85—1

The wake-sleep algorithm is not a gradient descent
in an energy space and easily gets stuck in local min-
ima. The following weight constraints were applied
to improve the solutions found: (i) generative weights
Vo1 and Vi as well as lateral recognition weights Wiy
were rectified, i.e. negative weights were set to zero.
(ii) a soft weight constraint was applied to the recog-
nition weights in order to preserve sparse coding and
to enforce competition between coding on the two hi-
erarchical levels. Tt adds to Eq. 7 and treats positive
and negative weights separately. With the use of the
Heaviside function O(z) = 1, if > 0, otherwise 0, it
can be written as:

Aw;i;cay = \v hl @(wij) wij Z @(wij/)wfj, (8)

7’

where h = uy + Uy + 43 + 4 is the sum of all ac-
tivations which have been induced by the recognition
weights. The indices j, ;' extend over all input and
hidden units.

Generation of training data
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Figure 3: Examples of stimuli Z used for training. a)
Lines generated independently of each other, 0° and
45° lines with probability 0.05 and 90° and 135° lines
with probability 0.1. b) Lines generated by a hierar-
chical model: lines of one randomly chosen orientation
only are generated with probability 0.44.

Artificial data are generated by two different
paradigms. First, in a non-hierarchical manner, data
consist of discrete, sparsely generated elements. These
elements are lines of 4 different orientations on a 5 x5
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 el-
ements. 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 (—,/), measured in polar coordinates, each are
generated with probability 0.05 (thus, 2-5-0.05= 0.5
lines of this group are present on average). The other
group, vertical and 135° lines (|,\), are generated twice
as often, with probability 0.1 each (1 line on average).
Fig. 3 a) shows example data.

For the second experiment data are generated in a
hierarchical manner [9]. First, one of 4 orientations is
chosen at random, representing a decision process on
a higher hierarchical level. Then, on the lower level,
lines with this orientation are generated with proba-
bility 0.44 each. Fig. 3 b) shows example data.

Training

Weights were initialized with small positive random
values. On-line learning was performed with 5 - 10°
randomly generated data points. For each data point,
Egs. (1) to (8) were computed, where the sleep phase
was repeated 8 times in order to obtain an average
over the stochastic functions, Eqs. (4,5).

One third of the hidden neurons (upper third in
Figs. 4,5,6) were designed to code on the highest hi-
erarchical level (see the caption of Fig. 2 for descrip-
tion), the other two thirds for the lower level. Other
parameters were: learning step sizes €91 = €19 = 0.01,
€11 = 0.001, both were decreased linearly to zero in
the second half of training. Weight decay parameter
AY =0.01.

4 Results

Areas organize in parallel

After training on parallelly organized data we find
that neurons in the upper third (Fig. 4) predominantly
represent the more frequent stimuli (lines of 90° and
135°) while neurons in the lower two thirds represent
the less frequent stimuli (lines of 0° and 45°). Fig. 4
shows an exemplary result of the trained recognition
weights Wiy, and also lateral recognition weights Wi
which have been included for consistency with the next
experiment and which have not learned a meaningful
structure here.

This result is surprising, because we would expect
the neurons in the upper third to code for the less
frequent stimuli, because they are less susceptible to
input. Instead, it seems to be substantial that they
are more active spontaneously and when input is low
(Fig. 2, m = 6, n = 40). This is the case in the
initial phase of learning when the weights have not
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Figure 4: The recognition weight matrix Wio (left)
and the lateral recognition weight matrix Wiy (right)
after training on parallelly organized data. Each
square of the weight matrices shows the receptive field
of one of the 4 x 6 hidden neurons; left, weights from
the 5 x 5 input neurons and right, lateral weights.
Negative weights are brighter than the background
(frame), positive weights are darker (left). For lat-
eral weights (right), zero weights are white (there are
no negative weights).

Areas have organized parallelly: weights Wiy to the
inputs code for 90° and 135° lines in the upper third
and predominantly for 0° and 45° lines in the lower
two thirds.

organized. The neurons which are more active will
now learn faster the most frequent stimuli.

We repeated this simulation ten times with different
initial random values which changes the initial weights
as well as the randomly generated stimuli. Table 1
shows the scores. Since there are more frequent lines
than there are neurons in the upper third, some neu-
rons in the lower two thirds, too, code for frequent
lines. Altogether, there are four more neurons than
stimulus types and so some receptive fields remain
empty.

0°, 45° | 90°, 135° | none
upper third 10% 70% 20%
lower two thirds 56% 28% 16%

Table 1: The neurons from the two regions and the
stimulus classes which they choose to code for in the
parallel setting. The percentage states how often a
neuron selects a class. Numbers are averaged over ten
runs and over all neurons within each region.

Areas organize hierarchically
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Figure 5: Same as Fig. 4, but trained on hierarchically
organized data (same initialization of weights). Areas
have organized hierarchically: neurons in the lower
two thirds code for the input via Wiy while four neu-
rons in the upper third each integrate via Wiy units
from the lower two thirds which code stimuli of one
direction. Neurons which code for lines of 45° orien-
tation are marked by a frame.
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The net shown in Fig. 5 was trained on the hier-
archical data set and has self-organized accordingly.
Neurons in the upper third are more active sponta-
neously, four of them have vanishing connections Wiy
to the input. Instead, they code on the higher level by
integrating via lateral weights Wi, neurons from the
lower level which code for the same orientation.

These higher-level neurons were never observed to
have weights to other neurons in the upper third even
if these had matching orientation. This would not be
a flaw if only four neurons had been given the proper
parameters for the higher level. In some experiments,
however, only three neurons in the upper third man-
aged to code on the higher level while the others were
connected to the input neurons. Then one neuron
within the lower two thirds was superfluous and did
not code on the higher level.

Areas organize from intrinsic noise

Without data (Z set to zero), only intrinsic stochas-
tic neuronal dynamics remains for training. As the
generative weights V41 towards the input become zero,
also the recognition weights W will decay in order to
“invert” the generative model. Prevalently low activa-
tion values favor neurons in the upper third (Fig. 6) to
develop lateral recognition weights Wi, because these
have stronger resting activity. The resulting structure,



Figure 6: Same as Fig. 4, but trained with zero-valued
data. Neurons in the upper third receive input via Wi
from the units in the lower two thirds. Weights Wiq
to the input neurons are much smaller but still visible
in the lower two thirds because of normalization of the
brightness scale.

however, is not reflected in the generative weights V7
(not shown), because in the wake phase, when these
are trained, parameters of both regions do not differ.

5 Discussion

In separate experiments we have perceived a strong
influence of developmental constraints with constant
parameters n and m across the hidden neurons: in
the parallel setting, a hidden area where weights grow
faster will look at those input features which occur
more often (results not shown). This effect parallels
the effect of stronger activity at low input which am-
plifies only the Hebbian learning term. Likewise, one
could initialize weights between certain groups of neu-
rons stronger than others to yield the same effect. This
would clearly be a model for the influence of topolog-
ical neighborhood.

In contrary to models which are based on neigh-
borhood only [1], however, we model activity based
and data driven growth and refinement of connections.
The results on parallel and hierarchical organization
are similar to those obtained by our previous work
[6]. They show that simple parameter changes within
a neural network can conduct the data flow to struc-
turize the network via Hebbian learning to form an
adequate representation of the data.

The methods in this work were advanced by the
use of stochastic neurons which renders activation dy-
namics biologically plausible and which also allows for
internal structuring without any data.
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