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Abstract

Since the classical work of D. O. Hebb [1] it has been assumed that
synaptic plasticity solely depends on the activity of the pre- and the
postsynaptic cell . Synapses influence the plasticity of other syn-
apses exclusively via the postsynaptic activity. This confounds
effects on synaptic plasticity and neuronal activation and therefore
makes i t diff icult to implement networks, which optimize a global
measure of performance. Exploring solutions to this problem, in-
spired by recent research on the properties of apical dendrites, we
examine a network of neurons with two sites of synaptic integra-
tion. They communicate in such a way that one set of synapses
mainly influences the neurons activity, the other set gates synaptic
plasticity. In such a framework it is easy to implement mechanisms
for maximization of coherent information; neurons with nonover-
lapping receptive f ields learn to fire correlated and preferentially
transmit information that is correlated over space. Furthermore a
new measure of performance can be implemented: Cel ls learn to
represent only the part of the input that is relevant to the processing
at higher stages. This criterion is termed relevant info-max.

1 I nt r oduct i on

The brain has been a source of inspiration for the construction of technical systems
for centuries. Its architecture has motivated the development of distributed
computational systems. The idea of parall el distributed processing (PDP) - the
notion that intell igence emerges from the interaction of a large number of simple
processing units - has been attractive for many researchers trying to understand the
basics of human perception, memory, language, and thought [2]. Input stimuli are
stored in the connection strengths between units (thus PDP research is often cal led
connectionism). The fitness of such a system can often be expressed by a goal
function (e.g. percent of correctly classified input stimuli ). Learning is then a matter
of f inding those connection strengths so that the right patterns of activation will be
produced under the right circumstances. This impli es that the expected value of the
goal function is maximized.

Usually a very simple mechanism is assumed to modulate the connection strength,
which is based on information locally avail able at the synapse. As a consequence in



connectionist systems synaptic plasticity usually depends only on the average pre-
and postsynaptic activity [1, 3-5].

Many appli cations, e.g. those deriving from principles l ike maximization of
coherent information, are not feasible without a signal transmitting information
about a global property of the network. Synaptic plasticity rests on information that
is not locally avail able at a synapse. Without a known basis for such an additi onal
signal such learning rules have often been considered biologically implausible.

Here we investigate a learning rule, which addresses this confli ct. We assume that
synaptic input is integrated at two distinct sites. The communication between these
sites is asymmetric: Synaptic inputs at one site mainly influence the activity of the
postsynaptic neuron. Inputs at the other site gate synaptic plasticity. This separation
makes i t possible to have global information locall y avai lable at the synapses and to
avoid confounding effects of processing and learning.

This learning rule is inspired by a remarkable asymmetry of pyramidal neurons in
the cerebral cortex: Their basal and the apical dendrites have distinguished
morphologies and functional properties. Furthermore, there is some evidence that
these dendrites give rise to two different si tes of synaptic integration, the soma and
the apical dendrite [6, 7]. If synapses at the apical dendrite have a li mited influence
on the spiking activity of the neuron, but a major impact on synaptic plasticity
within the neuron, this would be a biophysical implementation of the proposed
learning rule. These issues will be further discussed below. Therefore we use the
terms “apical dendrite” and “soma” for the two sites of integration. However, we do
not propose that this is the only possible implementation, other anatomical
configurations can be thought of.

2 Met hods

We simulate a rate coding neural network where a units output is a real number
representing the average firing rate. Every cell is described by two main variables,
corresponding to the two sites of integration: A is referred to as the activity of the
neuron and D represents the average potential at the apical dendrite.

To calculate the activity A i
(j) of the cell i in layer j we multiply the cells weight

vector W with the vector of the presynaptic activity: A i
(j)=A i 

(j-1)Wi

Two factors influence the potential D at the apical dendrite: One is the inhibitory
signal I from local interneurons lowering D. The second part is the excitatory
activation E increasing D. Resulting in: D=E-I.

Whenever the potential D at the “apical dendrite” integration site exceeds a
threshold Θ a “ learning-event” is induced. It leads to Long Term Potentiation (LTP)
at active synapses and the weights Wkl from neuron k in the input layer to neuron l in
the learning layer are changed: ∆Wkl=Rate*Ak

(j-1). Thus, the potential at the second
integration site influences somatic activity only indirectly via its effect on synaptic
plasticity. This learning rule has not yet the property that the synaptic weights stay
finite. We therefore normali ze the learned weight vectors to unit length. The
threshold Θt,i is regulated so that cell s with rare “ learning events” increase their
triggering probabili ty and vice versa: Θt+1,i=Θ t,i-τΘ without and Θt+1,i=Θ t,i +τΘ•∆Θ
with those events. The simulations started with Θ=0.

When learned connections to the apical dendrite are involved they are learned by
hebbian learning with exponential decay of time constant 1000 iterations. In this
case E is the product of the activity A on the higher layer wi th the weight matrix
between higher and middle layer.



The inhibiti on I is the mean of the layer activity. In the beginning al l weights are
chosen to be uniform with 10% noise. The parameters are: ∆Θ = 10; τΘ = 0.00002;
Rate = 0.005; The system is simulated for 20000 iterations unless stated differently.

3 Resul t s

3.1 Coherent  i n f o-max

The two sites of integration make it possible that the cel ls do not only learn when
the firing rate is high but instead can learn arbitrary stimuli given by signals to the
apical dendrite [8]. That can be exploited for maximizing the coherence between
streams, a global goal, which has been used as a goal for learning [9, 10]. We show
that the proposed learning rule together with very simple connections automaticall y
leads to such a mechanism.
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Figure 1: Coherent Info-max

A) The layout of the examined network is shown. B) The six stimuli and their
probabiliti es are shown. C) The response of the left neuron on the second layer to
each of the stimuli is quanti fied. D) The resulting receptive fields of the simulations
are summarized in the upper part. In the lower part the results of the simulation with
BCM learning are shown.

We observe effects resembling this principle in the toy system shown in Figure 1A.
The network consists of two separate streams. Both streams consist of an input layer
of 4 by 4 neurons and 1 output neuron. Each output neuron projects to the other
ones apical dendrite. The inputs can be interpreted as coming from different
modalit ies or non-overlapping parts of the same modality. For the present purpose
we interpret the inputs as non-overlapping parts of the visual field. Although they
do not share afferents their input can be correlated. The stimuli and their probabili ty
distribution are shown in Figure 1B. Vertical bars occurred with a probabili ty of 0.7
with contrast not correlated across streams and horizontal bars occurred with a
probabili ty of 0.3 but with contrast correlated across streams.

In all 10 simulations performed the system learned one of the horizontal stimuli,
which are correlated across the streams. This is even more remarkable as the vertical
bars were by far more frequent. The evolution of the responses to the six stimuli are
shown in Figure 1C (averaged over 100 iterations). So why do the neurons learn



correlated stimuli ? If the right neuron “ learns” a vertical pattern, corresponding to
non-correlated activity, this increases D of the left neuron for two different vertical
patterns. Since these patterns average to zero, “ learning” at the left neuron does not
favor a particular pattern. At some time a pair of horizontal stimuli , corresponding
to correlated activity, leads to learning events, this increases D for that stimulus for
both neurons. The effect strengthens itself and that correlated stimulus wins.
Spontaneous symmetry breaking occurs where small random differences in the
initial activity between both horizontal patterns progressively gets larger. The
pattern of weights then approaches that stimulus. Figure 1D shows the receptive
fields after convergence. Horizontal bars are learned by the network (corresponding
to correlated activity).

In contrast to this, learning with a BCM learning rule (standing for Bienen-
stock Cooper Munro [5]), where a threshold separating regions of LTP and long
term depression is regulated by the average postsynaptic activity, results in the
network learning vertical bars, the most common stimuli . Thus this example shows
that exploiting the properties of the additional learning signal it is possible to
implement complex learning goals in a rather straightforward way. In the study of
Philli ps [10] similar effects were reached with just one site of integration, but
different complex learning rules for different sets of afferents were necessary. In
summary, each cell in our simulation is the other ones supervisor; thus they learned
correlated stimuli .

3.2 Rel evant  i n f o-max

In the coherent info-max simulation the second layers consist of only 1 neuron and
the neurons learn to respond to correlated activity. In a system of two areas, each
consisting of several neurons, al l neurons would have the tendency to learn the same
“ thing” . In contrast to this we examine a network where the connections between
two areas are learned foll owing a standard normali zed hebbian learning rule.

Let a higher area have some invariant properties (i.e. let them be translation
invariant). Here we show that an area, that is one step lower in the hierarchy of
processing, also acquires those invariances and therefore is able to optimally and
sparsely predict the responses of the higher area. Only the relevant information is
transmitted to the subsequent layers. This goal function is termed relevant info-max.
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Figure 2: Relevant info-max

 A) The network architecture is shown. B) Three typical receptive fields after
convergence are shown. C) The temporal evolution of the standard deviation in
space and feature averaged over the other dimension is shown.



On the input layer of two dimensions (space and feature) (Figure 4A), two neurons
are active. They transmit their activity to the middle layer where learning occurs.
The activity of the higher layer is also set by the stimulus: each neuron fires when a
specif ic combination of features is shown on the input layer. These cells are
therefore already translation invariant.

After convergence, the neurons of the middle layer acquired receptive fields so that
they are also translation invariant (typical receptive fields are shown in Figure 4B).
In each out of 10 simulation there was exactly 1 neuron tuned to every feature. To
quanti fy, that neurons get specif ically responsive to one feature and at the same time
are translation invariant, measures for specificity into the direction of space and
feature are plotted. The standard deviation in each receptive field into the direction
of space and of feature is shown in Figure 4C. The neurons get specific to features
and unspecif ic to space. So an invariance that exists at a higher area propagates
down to a lower area. This reduces the dimensionality of the representation as early
as possible. This is desirable because decisions based on low dimensional data need
less training to be eff icient [11]. The neurons learned to transmit that part of the
information that is relevant to higher areas i.e. that has its correlate on the higher
layer. The network does not necessarily transmit as much information as possible,
but only i ts relevant part.

4 Di scussi on

4.1 Bi ol ogi cal  i mp l ement at i on

Here we discuss one possible implementation of our learning algorithm and
assemble evidence in favor of it: Recent research on the properties of apical
dendrites suggests that the apical dendrite acts, in additi on to the soma, as a second
site of integration, [6, 7]. Each site integrates input from a subset of synapses
defined anatomically via their position on the soma or the dendriti c tree and is able
to generate regenerative potentials [12]. Signals from the soma are transmitted to the
apical dendrite via actively back-propagating dendritic action potentials [13-15].
Theoretical and experimental studies support the view that excitation to the apical
dendrite is strongly attenuated on its way to the soma but that non-linearities are
able to ampli fy it again [6, 7, 12, 14, 16, 17]. Slow regenerative calcium spikes have
been observed in vitro [12] and in vivo [18]. They are one of the dendriti c non-
li neari ties and are initiated in the apical dendrites, and cause a strong and prolonged
depolarization [7 14] . In conclusion, research on apical dendrites points to a system
where a subset of synapses is able to induce rare discrete events of strong prolonged
depolarization.

Investigating the influence of postsynaptic depolarization on plasticity of synapses
the synaptic weight change was measured as the function of postsynaptic activity
[19, 20]. Those experiments demonstrated that at low firing rates or depolarization
long term depression occurs whereas at higher activities a switch to LTP takes
place. Thus, i f there is no calcium spike and, as a consequence, a l imited
depolarization, synapses are depressed or only weakly potentiated. If calcium spikes
are triggered the high depolarization leads to LTP. So integrating the above two
li nes of research naturall y leads to a plausible biological implementation for the
hypothesized mechanism, where calcium spikes could correspond to the
hypothesized “ learning events” . In this proposed implementation there would
definitely be an influence of the apical dendrite on the activity of the cell . But since
the “ learning events” are considered to be rare the effect on the f iring rate is l imited.
Nevertheless there will be an effect of the potential at the apical dendrite and thus



the learning signal. But the effect can be weaker compared to the one site of
integration model. Indeed a l imited such effect can be desirable and was analyzed
previously by Siegel [21].

4.2 A l t e rnat i ve  l ear n i ng  mechan i sms

The type of supervised learning described here can be compared with a supervisor
signal employed globally and unspecifically to large areas. Candidate mechanisms
are triggered by neuromodulators l ike acetylcholine, which for example has been
supposed to act as a “print now” signal [22]. This impli es that a large percentage of
cell s has the tendency to learn the given stimulus which was also shown in
experiments [23]. The disadvantage of such methods of supervised learning is that
they are unspecific, a learning goal l ike the one used here for the invariance
simulation would not be achievable. Compared with such a signal, the “ learning
signal” in this study can transmit highly specific information, individual to every
cell .

The same type of learning is possible with a classical local signal. If the effect of
the learning signal on the postsynaptic activity increases the learning goal of the cell
(concerning the bottom up input) converges toward the one proposed here. In this
case a dominant part of the postsynaptic activity must be defined by the inputs that
set the learning goals. The activity transmitted to subsequent steps of processing is
therefore dominated by the learning signal. Lowering the influence of the learning
signal on the activity can make this effect smaller. But at the same time the learning
signal is no longer precisely defined, cells get increasingly biased to represent
stimuli that lead to high f iring rates. The cell activity in such a framework is always
a mixture of the bottom up signal containing information about the actual stimulus
and the learning signal.

4.3 Concl usi ons

Concluding, the presented paper analyses a learning algorithm where synaptic inputs
are integrated at two sites. One site defines the activity and the other one gates
learning. The resulting learning rule can cope with several common problems and
leads to an interesting new algorithm, where only relevant information is
transmitted to higher stages of processing.
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