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Abstract

Arti cial Neural Networks (ANNSs) have applicabilities in many di erent
elds, such as facial recognition and predicting cancer. ANNs consist of
many simple computational neurons, which receive a set of inputs and com-
pute a single output. Biological neurons are, however, much more complex.
Biological neurons reside in a dynamic environment, learn non-locally and
have complex dendritic trees which receive various inputs and Iter these in
di erent ways. The connections between the dendritic trees and the soma of
the neuron are bi-directional: somatic activity in uences the dendrites and
vice-versa. All of these properties could be essential to the functioning of
biological neurons. In this study, a new, dynamic model of a single neuron
is presented, where the connections between dendrites and the soma are bi-
directional. For this research, the Bienenstock, Cooper and Munro (BCM)
and Oja’s rule are used as learning rules. The feedforward dynamic model
of a single neuron presented in this research shows a signi cant di erence in
behaviour compared to a discrete ANN when the BCM rule is used. With
Oja’s rule, the behaviour of the presented feedforward dynamic model is
similar to the behaviour of discrete ANNs which use this rule. When re-
currence is introduced to the model, the systems become more stable and,
for the BCM rule, dominance of one or more dendrite neurons occurs. This
research provides a more biologically compatible model of single neurons,
which can be used to gain a better understanding of the complex function-
alities of biological neurons. Reproducing these essential functionalities in
a simpli ed model could improve ANNs by improving the functionality of

single neurons.
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Chapter 1

Introduction

1.1 Artificial Neural Networks

Over recent years, Arti cial Neural Networks (ANNs) have become capable
of increasingly more complex and human-like tasks [LeCun et al., 2015]. An
ANN is inspired by neural networks which are present in the brain, but are
extremely simpli ed models of biological neural networks. Early examples of
the capabilities of ANNs include diagnosis and survival prediction in various
forms of cancer [Ahmed, 2005, Burke et al., 1997], but also playing chess
at a high level [Thrun, 1994, Fogel et al., 2004]. Examples of the recent
applications of ANNs include facial recognition [Khan et al., 2019] and the
detection of fake news [Kaliyar et al., 2021].

In ANNs, an arti cial neuron is simply a unit which computes a real
number based on the input it receives. This is an extremely simpli ed version
of a biological neuron, which is more complex, as can be seen in the simpli ed
pyramidal neuron in Figure 1.1. Pyramidal neurons are the most common
excitatory cell types in brains of mammals, which suggest that they are

important for various advanced cognitive abilities [Spruston, 2009]. There



are multiple advantages which this neuron has over arti cial neurons, such
as performing more complex local computations and requiring less global
connectivity. These advantages make it desirable to replicate a biological
neuron arti cially, and will be explained more in-depth in the following

paragraph.
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Figure 1.1: Left: Simpli ed schematic of a pyramidal neuron with the soma
and dendrites coloured. The dendrites receive the inputs and Iter them,
the soma combines these inputs and res, passing its signal along the axons
to other neurons. Figure reproduced from Staelin & Staelin (2011).

Middle: Model of a feedforward neuron proposed in this research. The blue
dots represent the dendrite neurons, which each gain a set of inputs. The
red dot is the somatic neuron, which combines all outputs of the dendrite
neurons together and computes a ring rate. Right: Model of a recurrent
neuron proposed in this research. The connections between the dendrite neu-
rons and somatic neurons are now bidirectional, indicating that the somatic

neuron also in uences the dendrite neurons through back-propagation.

Arti cial neurons use information outside of the neuron to adapt their
weights. Furthermore, the computation which is made in a neuron is very

simple, and leads to little single-unit complexity. These arti cial neurons



also work in a discrete manner, receiving a new set of inputs and com-
puting a new output for every new state of the system. In contract, a
biological, pyramidal, neuron consists of a pyramidically shaped cell body
(soma), and a dendritic tree which emerges from the apex of the soma
[Spruston, 2009]. These dendrites receive a large number of synaptic in-
puts and perform complex non-linear Itering and complex transforma-
tions on these inputs. Biological neurons are able to learn locally, with-
out needing any information which is not present inside the neuron itself.
Moreover, biological neurons incorporate recurrence in their dendritic struc-
tures [Gasparini and Migliore, 2013]. Single neurons in the brain have a
lot more capabilities than arti cial neurons, which is largely the case be-
cause of the dynamics and dendrites which are present in biological neu-
rons [Rall and Shepherd, 1968, Mel, 1992, Doron et al., 2017]. However, it
is computationally expensive to reproduce these features in an arti cial neu-
ron. Therefore, a simpli ed model which reproduces these essential features
but is not computationally unfeasible would be interesting to investigate.
This could improve the biophysical compatibility of arti cial neural net-
works and extend the functional scope of a neuron as an information pro-
cessing unit, which could have an impact on the computational performance
of ANNs. This leads to the following research question: "What are the

e ects of including recurrence in dendrites in dynamic arti cial neurons?"

1.2 Related work

To capture the complexities of biological neurons in an arti cal neuron,
it is necessary to also model the dendrites of biological neurons, since the
dendrites, as explained before, play a large role in the functioning of neurons.

Previous research on modeling single cortical neurons has been done before



[Poirazi et al., 2003, Beniaguev et al., 2021]. Poirazi et al. (2003) present a
two-dimensional model to simulate an arti cial neuron, but this network is
feedforward and discrete. This is one of the earliest researches performed
on e ectively modeling a single neuron. Single cortical neurons have also,
more recently, been modeled as a deep neural network by Beniaguev et al.
(2021). They found that a neuron can be approximated well by a deep
neural network with 5-8 layers. Beniaguev et al. (2021) make use of a
feedforward neural network, and therefore do not incorporate recurrence in
their model. They were able to accurately predict the ring rate of a neuron
at millisecond temporal resolution, which indicates that it is possible to
approximate biological neurons as an ANN. The fact that the nonlinear
properties within biological dendrites might lead to both enhanced plastic
and computational capabilities has been suggested multiple times over the
past 50 years [Rall and Shepherd, 1968, Mel, 1992, Doron et al., 2017].
Furthermore, in biological dendrites, action-potential backpropagation is
present [Golding et al., 2001]. Schiess et al. (2016) nd that a single neuron
is comparable to a 2-layer network of point neurons. They further argue that
the backpropagation of somatic information along the dendrites can be a
valuable addition to such a 2-layer network. However, they choose to not in-
corporate the recurrence in the 2-layer network of point neurons, but instead
create a separate model for the dendritic morphology [Schiess et al., 2016].
Little research has been done with regards to the modeling of a soma with
dendrites as a recurrent neural network. Besides investigating whether in-
cluding this aspect of biological neurons in ANNs leads to an increase in
computational performance, this research also aims to increase the funda-
mental understanding of how recurrence in dendrites a ects neurons on a

single-unit level. The understanding of a biological neuron as a computa-



tional unit will be expanded by modeling a single neuron and studying its
behaviour. The model used in this research led to di erent behaviour com-
pared to a standard discrete model when similar learning rules were used.
Moreover, the addition of recurrence proved to increase the stability of the
system and introduced tuning of the somatic neuron towards a speci ¢ den-
drite neuron. This leads to the conclusion that recurrence could very well
be an important factor in the complex functioning of biological neurons and
should be further experimented with.

In the following section, the methods to simulate a dynamic network
with various stable learning rules will be described. Furthermore, the feed-
forward and recurrent model which are proposed will further explicated.
The generation of inputs will also be explained. Hereafter, the results of the
research will be shown. Lastly, the results of the study will be discussed,

including the limitations and the possibilities for future research.



Chapter 2

Methods

In this section, the methods which are used in this research will be elaborated
on. First, the way of simulating a dynamic system will be explained. After,
the learning rules which are used to adapt the weights and the ring rates
of the neurons will be shown. Lastly, the model as used in this research and

the addition of recurrence will be given.

2.1 Ordinary Differential Equations

Transformations over time are simulated by Ordinary Di erential Equations
(ODEs) [Chen et al., 2018]. In such equations, the rate of change of a vari-
able x can be calculated for any value of the variable x. The formula to
calculate such a di erential equation is the following:

@x

at = f(x):

Here, f(Xx) is a function according to which x changes over time, and
@x

@ is the rate of change of x relative to the time t. However, since the

variable t is continuous in such an equation, it is not feasible to calculate the



change in x for every possible time t. To be able to accurately estimate the
development of x over time t, the Euler method was proposed by Leonhard

Euler [Butcher, 2016].

2.2 FEuler method

The Euler method [Butcher, 2016] is a numerical method used to approxi-
mate di erential equations. The Euler method approximates a di erential
equation by taking small steps in time and calculating the state of the sys-
tem after each of these small steps. The smaller the steps are, the closer
the approximation will be to the real solution. In this research, the Eu-
ler method is used to simulate a dynamic system, where the state of the
system changes over time. The Euler method used in this research can be

generalized to the following formula:

Xgvw t =X+ U X

Here, X¢+ ¢ is the value of x to be approximated one time step t after
Xt, @ known value for x at time t. X is the change rate of x at time t.
The change rate of x at time t, X, can be calculated with the following

formulas:

= t f(X)

f(x) = @;

where g(x) is a formula according to which x should change, and is the

time-scale. The time-scale is inversely related to X, so when s set to



a large value, X will become very small, and therefore x will change very
slowly. When is set to a small value, x; will become large and therefore
x will update with large values per timestep. There are di erent possibilities
to implement the function f(x). In the following sections, such possibilities
will be explained. The function f(x) will be implemented by the use of
di erent learning rules, which are used to update the ring rate and weights
of a dynamic neural network. These learning rules are what makes neural
networks capable of modifying the di erent synaptic connections which are
present within them. One of these learning rules is Hebb’s rule [Hebb, 1949].

In the following section, di erent learning rules which are used to adapt

both the ring rates and the weights of neural networks are described.

2.3 Hebbian learning

Hebb’s rule is stated as follows:

"When an axon of cell A is near enough to excite a cell B and
repeatedly or persistently takes part in ring it, some growth
process or metabolic change takes place in one or both cells such
that A’s e ciency, as one of the cells ring B, is increased.”

[Hebb, 1949]

This rule has often been summarized as ""neurons that re together, wire to-
gether”. This means that when two neurons simultaneously activate, their
synaptic bond increases. The ring rate (or activity) y of a neuron is cal-
culated by taking the dot product of the inputs x and their corresponding

weights w:

N
y=WwW X= Zwixi:
—
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Here, N is the amount of inputs which are presented to the neuron. This
formula is discrete, and instantly sets the ring rate to its new value when
new inputs are presented to it. However, in a dynamic system this does
not happen instantaneously. As a dynamic system, the neurons approach
a stable point through the following equation [Dayan et al., 2003] for the

ring rate v:

= y+wW X

r—b“<

A formula to adapt the weights whilst remaining in the spirit of Hebb’s

postulate is the following:

=y X (Hebb’s rule)

With this formula, the weights corresponding to the strongest input will
become the strongest. Two neurons which are connected and simultaneously
show a high activity (and therefore provide each other with a large input u)
will therefore improve their synaptic bond by increasing the weight which
connects them.

However, Hebb’s rule in this form is unstable, since it leads to unlimited
potentiation, and therefore unbounded growth. A di erent, stable alterna-
tive plasticity rule, the Bienenstock, Cooper and Munro (BCM) rule, was

formulated by Bienenstock et al. (1981).

2.4 BCM rule

Bienenstock et al. (1981) propose a theory to modify the weights within a
neural network, based on the notion that biological neurons display various

forms of stimulus selectivity. The notion of stimulus selectivity has been
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broadly studied, and is present in most biological neurons

[Priebe and Ferster, 2008, Brewer et al., 2005]. Neurons in the primary vi-
sual cortex display selectivity to certain stimulus orientations

[Shapley et al., 2003]. Such input selectivity for neurons present in the pri-
mary visual cortex will also be implemented in the simulation of the inputs
for the model proposed in this research. This will further be explained in
Section 2.7.

The theory proposed by Bienenstock, Cooper & Munro (1981) consists
of a mathematical form to modify synaptic bonds between neurons. This
theory supports synaptic competition, but also keeps the system in which
it is employed stable by introducing a threshold which limits the growth of
the synaptic bonds. Once the strength of one synaptic bond becomes larger
than the threshold, the other weights are unable to surpass this threshold,
leading to the dominance of a single synaptic bond. The implementation
of this rule leads to a stable system, with both theoretical and practical
proof [Blais and Cooper, 2008, Intrator and Cooper, 1992]. Therefore, this
theory is suitable to use in this research.

The BCM rule is based on the same principle as Hebb’s rule, but is

adapted to become stable. The BCM rule takes the following form:

W—\;V =y x(y ) (BCM rule)

With this equation, instead of the weights growing in nitely large when
both the inputs x and the ring rate x are positive, as could be observed
with Hebb’s rule, the weights will become less strong when is larger than
y. therefore acts as a threshold that determines whether the synaptic bond
between neurons is strengthened or weakened. To strengthen the synaptic

bond between neurons, the ring rate v of the neuron has to be larger than

12



. However, when this threshold is held xed, the system is, again, unstable.
Therefore, the threshold should be allowed to vary according to the following
equation:

Because of the above formula, always converges to y2. The time-scale
of , should be setso will change quicker thany. This is essential for the
system to remain stable. Since is converging to y?, it will become larger
than y when vy is increasing to a large value. This limits the growth of the
weights, and therefore limits the growth of the ring rate y. This allows the
system to remain stable and limits the growth of its weights.

If one synaptic bond becomes very strong, the ring rate y and therefore
the threshold both increase. A larger leads to other synaptic bonds
being unable to strengthen anymore, which leads to the dominance of a

single weight. This is also shown in Figure 2.1.
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Two competing weights with the BCM rule
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Figure 2.1: Neuron with two inputs and its competing weights using
the BCM rule. The neuron is in uenced by two di erent inputs. These
inputs are randomized every ten timesteps with a value between 0 and 1.
The weights cannot be smaller than 0, and the weight belonging to the
second input becomes dominant. When the inputs are changed less often

(e.g. every 100 timesteps), dominance only occurs temporarily.

In Figure 2.1, it can clearly be seen that one synaptic bond is preferred
by the output neuron. The other input is almost completely ignored, and

the neuron becomes fully tuned to the input X».

2.5 O0Oja’s rule

Oja (1982) proposes a di erent mathematical theory to modify the strength
of the presynaptic inputs. This theory introduces a new constant to limit the
strength of the synaptic bonds. This factor limits the synaptic bonds based
on both the activity of the neuron and the strength of the other synaptic
bonds. This leads to a stable system, but this theory is mostly supported
by theoretical evidence [Dayan et al., 2003].

Oja’s rule introduces a new constant . To update the ring rate, the

14



same equation as the one used in Hebbian learning is used. Oja’s rule uses
the following equation to update the weights:
=y X y2 w; (Oja’s rule)

w
Yt

where is a positive constant which limits the growth of w. The weights
w are limited by both the ring rate y and the weights w. When some
weights increase, other weights are forced to decrease by the same amount
as the total increase of the other weights. This forces the system to be
stable.

In Figure 2.2, the behaviour of weights can be seen when Oja’s rule
is implemented. Oja’s rule also introduces competition between the di er-
ent weights, since the increase of one weight forces the decrease of another
weight. However, it does not induce complete tuning to one input like the
BCM rule. The competition between weights in Oja’s rule can easily be

distinguished by the symmetrical pattern.
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Two weights with the Oja rule
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Figure 2.2: Neuron with two inputs and its competing weights using
Oja’s rule. The neuron is in uenced by two di erent inputs. These inputs
are randomized every ten timesteps with a value between 0 and 1. The
weights cannot be smaller than 0. Whenever one of the weights increases,

the other one decreases. is set to 1.

2.6 Model

To implement these learning rules in a model which is able to capture the
complex attributes of biological dendrites, the model depicted in Figure 1.1
is introduced. The model consists of a somatic neuron, which models the cell
body and provides the output ring rate of the model, and multiple dendrite
neurons which model the dendrites. These dendrites neurons represent the
dendritic trees which can also be seen in Figure 1.1. Previously, the ring
rate was denoted as y, now, the distinction between somatic and dendrite
neurons is made. The ring rate of the somatic neuron is denoted as v, and
the ring rate of a dendrite neuron is denoted as rj, where i indicates which
dendrite neuron it is. Each of the dendrite neurons receives external inputs

uj, which were previously denoted as Xj. The input pattern u; is time-

16



dependent, and changes every set amount of time-steps. The generation of
u will be explained more in-depth in Section 2.7. Two models are used, one
of which employs the BCM rule, whilst the other uses Oja’s rule. These
learning rules are stable in a dynamic model and therefore tting to use.
For this model, the ring rates r of the dendrite neurons function as inputs
for the somatic neuron.

To train the connections between u and r, and the connections between
r and v, Oja’s rule or the BCM rule are used.

The weights and ring rate of the dendrite neurons are computed in the
same manner as the somatic neuron. The ring rate r for a dendrite neuron

is modeled with the following equation:

r
r— = I+ Wijp; Ui
t
Calculating the ring rate v for the somatic neuron is done by the fol-
lowing formula:

Vv
\V t = \' + Wout r.

Recurrence is added by adjusting the formula which is used to calculate
the ring rate of the dendrite neurons. The ring rate of the output neu-
ron will be back-propagated towards the dendrite neurons, with a constant
positive value  which decides the strength of the back-propagation. The

formula for the ring rate r of dendrite neurons thus becomes:

r = ri+ Win; Uj)+( WouyV):

The derivative of the ring rate of the ith dendrite neuron is in uenced

by its input pattern, the corresponding weights win, the ring rate v of the

17



somatic neuron and its corresponding weight Woyt; .

2.7 Inputs

For the inputs, each of the dendrite neurons is presented with an input
pattern. Each ith dendrite neuron has j amount of preferred input orien-
tations , and each dendrite neuron gets the same orientation ! presented
to it. Based on jj and !, an input value ujj between 0 and 1 is computed
for each ith dendrite neuron and each jth input according to the following

formula:

ujj = exp (2 (cos(! ij) D)

This function will return an input value of 1 if the preferred input ori-
entation equals the presented orientation !, and an input value of near 0
if they are perpendicular to each other, and therefore maximally dissimilar.

The curve for this formula can be found in Figure 2.3.

18



Strength of input versus input orientation when ¢ = 0
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Figure 2.3: Input value versus presented orientation with = 0. This
gure shows the input value on the y-axis and the given input orientation
I on the x-axis, with = 0. The input value is largest when ! = | and

smallest when they maximally di er (by ).

The inputs are changed every hundred time steps, to allow the ring
rates v and r to stabilize, whilst keeping the weights in a converging state.
The frequency of presenting a new input orientation is essential to the func-
tioning of the system. When the input orientation is changed too frequently
(e.g. every timestep), the ring rate will not get to converge. When the
input orientation is not changed enough, the system will spend a lot of time
in a converged state, without much dynamics. Changing the input every
hundred timesteps allows the ring rates to converge, whilst the weights are
continuously converging. This frequency also allows for a large number of
di erent input orientations ! being presented to the model. In Figure 2.4,
an example is given for what both the input orientations and the input val-
ues for a single dendrite neuron will look like for every 500 timesteps. Five
di erent input orientations ! are given, and the response of one preferred

input orientation = is shown. As can be seen, the input value is largest
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when 1 is close to

Input values u for various input orientations w with ¢ = n Presented input orientations w
1.0 6
0.8 5
4
0.6
s 33
0.4
2
0.2 -
S 1
0.0 1 o
0 100 200 300 400 500 0 100 200 300 400 500
Time Time
Figure 2.4: Input value versus presented orientation with = 0.

The left graph shows the input values which are computed by comparing
the given input orientation with the preferred input orientation = . The
presented input orientations are shown in the graph on the right. As can be
seen, the input value u is largest when ' = | which is also the preferred
input orientation. The closer ! is to the preferred input orientation , the

larger u is.
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Chapter 3

Results

Currently, arti cial neurons are very simple computational units, whilst bi-
ological neurons are complex. To bridge this gap, a new model for a single
neuron is introduced. This model includes dendritic structures and back-
propagation from the soma to the dendrites. In this chapter, the e ects
which were found when implementing the model described in Chapter 2 are

discussed.

3.1 Dynamic learning

3.1.1 BCM rule

As shown in Figure 2.1, the BCM rule causes one weight to become dominant
when it is used in a dynamic system which consists of a single neuron with
two inputs. Next, small feedforward networks which change their weights
according to the BCM rule as explained in Section 2.3 are studied. The
model in 1.1 is used. Now, there are more inputs present, which are Itered
through several dendrite neurons. This leads to no weights between the

somatic neuron and dendrite neurons becoming permanently dominant, but

21



only competition being present between the di erent weights. This is clearly
visible in Figure 3.1. Competition between the weights is visible, but this is

only temporary, since no single weight remains the highest.

Two-dimensional BCM rule Somatic
Neuron

0.354
0.30 4 }

0.25 4

Synaptic weight

0.20 4

Dendrite
Neurons

Inputs

0.15 4

0 10 20 30 40 50 60 70

Figure 3.1: Left: Competition between weights in a feedforward 2-
dimensional model which uses the BCM rule. When certain weights increase,
other decrease. The weights are quite volatile, but temporary dominance is
clearly present (e.g. W2 at time = 27). Right: Model of feedforward neuron

with the weights which are shown in the left picture coloured correspond-

ingly.

Therefore, in a dynamic feedforward 2-layer network which uses the BCM
rule, it can be concluded that competition is present, but no weight becomes

dominant for an extended period of time.

3.1.2 QOja’s rule

Now, small feedforward 2-layer networks which use Oja’s rule, as explained
in Section 2.4, to adapt its synaptic bonds are studied. In a 2-dimensional
feedforward network, Oja’s rule behaves very similarly to the way it does
in a network with two competing inputs. The symmetry is not as clear,
since there are now ve weights instead of two. However, similar patterns

emerge where competition is present in the sense that when one weight

22



decreases, another increases and vice versa. Over a large timespan, the
graph representing the weights becomes very cluttered, so the behaviour

is represented in Figure 3.2, which is a selected segment of time from the

model.
Two-dimensional Oja Rule with alpha = 1 Somatic
Neuron
— w1
0601 w2
— w3
0559 — wa

Synaptic weight

Dendrite
Neurons

5 6 7 8 9 10 Inputs

Figure 3.2: Left: Competition between weights in a feedforward 2-
dimensional model which uses Oja’s rule. When certain weights increase,
other decrease. The weights are quite volatile, but the system remains sta-
ble. Right: Model of feedforward neuron with the weights which are shown

in the left picture coloured correspondingly.

As can be seen, a somewhat symmetrical pattern where the decrease in
some weights leads to an increase in others can still be seen. Oja’s rule
therefore shows similar behaviour to the network which only has 2 inputs,

but on a larger scale.

3.2 Recurrent models

3.2.1 BCM rule

In this section, the results of employing the BCM rule in combination with
the recurrent model as explained in Section 2.6 will be discussed. When re-

currence is added to the model, the main factor which in uences the change

23



in behaviour of the system is , which determines the strength of the back-
propagation from the somatic neuron towards the dendrite neurons. When
the value is lower than 1, not much appears to change in the behaviour
of the system. As increases, towards a value of 2, competition between
weights becomes stronger, and the dominance of one or more weights lasts

longer, as can be seen in Figure 3.3.

Two-dimensional BCM rule with beta = 2

0.325
— w1
0.300 w2
— w3
02751 — W4
— w5y

ight

2 0.250

o
&

ws,

w
W2 w4 \
w3 \
J \
Dendrite
Neurons Dendrite
4 ’ 4 . b Neuron

0 10 20 30 40 S50 60 70 Inputs Inputs

Synaptic wei

°
3
8

0.175

0.150

Figure 3.3: Left: Competition between weights in a recurrent 2-dimensional
model which uses the BCM rule with = 2. The weights are less volatile
when compared to the feedforward network. Temporary dominance of cer-
tain weights is clearly present (e.g. W1 between time = 40 and time = 50).
Middle: Model of recurrent neuron with the weights which are shown in
the left picture coloured correspondingly. Right: The connections between
a single dendrite neuron and the somatic neuron. in uences the strength

of the e ect of the somatic neuron on the dendritic neuron.

The weights also become less volatile, and stay in the same trend for
longer amounts of time compared to the non-recurrent model in Figure 3.1.
As the factor is increased further, the weights of inputs which are con-
nected to the dendrite neurons also become smaller, since the dendrite neu-
rons become more dependent on the somatic neuron. With a value of 2.5,

one weight becomes dominant, as can be seen in Figure 3.4.
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Two-dimensional BCM rule with beta = 2.5 Somati
omatic

Neuron

— W1
0454 w2
| — w3
— wa
0354 — W5

Dendrite
Neurons

0 10 20 30 40 50 60 70 Inputs

Figure 3.4: Left: Competition between weights in a recurrent 2-dimensional
model which uses the BCM rule with = 2:5. Here, weight W1 becomes
dominant and fully tuned to the somatic neuron. The other weights decrease
even further due to the increase in W1. Right: Model of recurrent neuron
with the weights which are shown in the left picture coloured correspond-

ingly. The synaptic bond for W1 is stronger than the other synaptic bonds.

This dominance does not occur when recurrence is not present in the
model. When this dominance occurs, the dendrite neuron that becomes
dominant ignores its inputs u;. Because of this, the dendrite neuron be-
comes fully tuned to the somatic neuron, which can be interpreted as a
form of hebbian learning, since the synaptic bond between the neurons is
strengthened due to both having large ring rates. This tuning can also be

seen in Figure 3.5.
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Figure 3.5: Tuning of the somatic neuron towards a speci c dendrite
neuron. The rst 5 graphs show the ring rate of the di erent dendrite
neurons, which change over time as new inputs are presented to them. The
last graph shows the ring rate of the somatic neuron. The ring rate
r3 of the third dendrite neuron is very similar to the ring rate v of the
somatic neuron. Therefore, these neurons respond very strongly to each
other, whilst not being in uenced as much by the other dendrite neurons or

by the presented input orientations.

In Figure 3.5, it is clear that the ring rate of the somatic neuron v is
fully tuned to the ring rate of dendrite neuron 3, r3, and vice versa. Since
r3 ignores its inputs us, v and r3 are both in uenced only by the other
dendrite neurons and each other. However, since the weights of the other
dendrite neurons are very low, as can be seen in Figure 3.4, both v and r3
change at a very slow rate. This adds a factor of stability to the system,
since the ring rate of the somatic neuron will change a lot less and will

therefore be less volatile.
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