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Investigating self-repair in a 

cortical neural network  
 

Abstract 

In the previous chapters we have demonstrated the approach of self-repair as maintenance of 

redundancy in various connectionist models. In this chapter, we will demonstrate autonomous 

self-repair in a more plausible neurobiological neural network that may represent a small part 

of somato-sensory cortex. This demonstration will bring us a step further in the proof of the 

hypothesis that self-repair is process that takes place in the brain. We will, furthermore, show 

that for successful self-repair the amount of self-repair and amount of damage have to be in 

balance and that this balance is dynamic. We will also discuss how this model and its 

parameters should be viewed with respect to the brain.  
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5.1 Introduction 

In this chapter we will study self-repair as maintenance of redundancy in a more detailed 

cortical neural network as compared to the models of our previous work (Murre et al., 

submitted). The main research question addressed in this chapter is whether this idea of self-

repair can work in such a model. We will present a neural network, in which memory 

representations are neural assemblies. These assemblies have integrate and fire neurons with 

lateral inhibitory connections with other assemblies, as can be found in different parts of the 

cortex. The model may represent for instance a small part of the primary somato-sensory 

cortex (SI), in which each neural assembly represents a finger of one hand.  

The process of self-repair consists of 1) a cue activating neurons in the network, 2) 

spreading of activation to connected neurons according to a neuron activation rule, and 3) 

updating of connections according to a learning rule. As in previous chapters, we will use an 

activation cue or stimulus that is generated from a random probability process to retrieve a 

stored memory representation. It is possible to quantify the distance of a retrieval stimulus 

from a training stimulus. For instance, if retrieval and training stimuli are binary one can use 

the Hamming-distance to determine distance or similarity. Repair strategies can be classified 

on the basis of the distance of the stimuli used. A recovery or repair strategy using randomly 

generated retrieval cues, which are most probably very dissimilar from training stimuli, is 

defined as autonomous repair, because repair is unsupervised and there is no control over 

which patterns are repaired and the number of times they are repaired. 

Autonomous repair, if left uncontrolled, has one large drawback, namely runaway 

repair. In this case, competitive strength of the runaway memory representation is constantly 

enhanced by increasing its weights, which increases the probability for its subsequent 

selection during retrieval (see Chapter Four). This degenerates into the predominant repair of 

one pattern that gradually overtakes all resources. In this chapter, we will refer to these 

‘runaway’ patterns as dominant assemblies, because these memories will dominate the 

memory system at a certain moment. Runaway repair resembles the problems of runaway 

consolidation and runaway synaptic modification (Hasselmo, 1994; Meeter, 2003). A 

permanent derivation from its starting number of assemblies is defined as network 

destabilization (see Chapter Four). 

Runaway repair suggests that it may not be easy to achieve stable self-repair with an 

autonomous repair strategy. We have, nonetheless, taken this type of strategy, because if it is 

successful, any other repair with more informed stimuli can also succeed in artificial neural 
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networks. The brain utilizes probably more informed stimuli than random stimuli for self-

repair, because it is adapted evolutionary and is fine-tuned throughout lifetime to the stimuli 

of its environment. In other words, self-repair in the brain is easier than autonomous self-

repair in (artificial) neural networks. Demonstrating autonomous self-repair in a neural 

network means therefore that self-repair in the brain can also work.  

This chapter is organized as follows; First in Section 5.2.1 we will discuss the neural 

network model: its architecture in 5.2.1.1, the neuron model in 5.2.1.2, and the plasticity rule 

in 5.2.1.3. In Section 5.2.2, we will present the general format of a self-repair simulation. In 

Section 5.2.3 methods for analyzing a dynamic neural network will be presented. In Section 

5.3, we will demonstrate self-repair in the cortical network and investigate the effect of the 

amount of damage and the amount of self-repair on network stability. In the final section, we 

will discuss how the model, some of its parameters, and their values should be viewed in the 

context of the brain.  

5.2 Methods 

5.2.1.1 The neural network 

The neural network model comprises three parts of the brain: a sensory-, a sub-cortical-, and a 

cortical map, each having a two-dimensional torus topology structure comprising 100 

excitatory neurons. The cortical map also contains 100 interneurons. The model and its 

projections are depicted in Figure 5.1. 

The network has 5 projections: (1) a sensory–subcortical projection, (2) a subcortico–

cortical projection, (3) a cortico-cortical projection between pyramidal neurons, (4) a cortico-

cortical projection from the pyramidal neurons to the interneurons, and (5) a cortico–cortical 

projection from the interneurons to the pyramidal neurons. The last two projections form a 

feedback inhibition loop of the cortical map. 

Connections are initialized with a connection density function and a synaptic weight 

function. The connection density function determines how many neurons are connected. It 

controls both the connectivity within an assembly (intra-connectivity) and between different 

assemblies (the inter-connectivity). To keep distance computations simple for the density and 

synaptic weight function, the cortical pyramidal and interneuron map are of equal size. A 

functionally equivalent type of inhibition could be achieved with the more neurobiological 

plausible solution of fewer inhibitory neurons relative to the pyramidal neurons.  
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Figure 5.1. The figure shows that each map is divided into four assemblies. For one neuron in each map an 

example connection is depicted. For a sub-cortical neuron its rings determining its distance are shown. The 

picture, furthermore, shows a cortico-cortico connection for a pyramidal neuron and feedback inhibition to 

neurons of other assemblies.  

 

The synaptic weight function determines the connection strength or weight from one 

neuron to its surrounding neurons. We use the function for the normal distribution n(0,�/50) 

as a synaptic weight function, where 0 is the mean and �/50 is the variance. Both the 

connection density and the synaptic weight function are dependent on the distance in a 

hexagonal topology between the different neurons. The synaptic weight and density function 

are such that in the cortical network a computational map of competitive neural assemblies 

emerged, as in the model of von der Malsburg (Malsburg, 1973) and its abstraction by 

Kohonen (Kohonen, 1982). More details about each function and each projection are given in 

Appendix A. In the simulations described below, all connections were kept constant, with the 
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exception of the cortico-cortical connections of the pyramidal neurons. The latter connections 

are referred to as the self-repair map.  

5.2.1.2 The neuron model  

The model neuron of the neural network is a simplification of the MacGregor neuron 

(MacGregor & Oliver, 1974), which in turn is derived from the Hodgkin-Huxley neuron 

(Hodgkin & Huxley, 1952). The model neuron is a tradeoff between neural plausibility and 

computational cost of simulating neuronal spiking and adaptation. In numerical simulations, 

the state of the neurons is updated in discrete time steps, which in our simulations took two 

msec. 

 The neuron’s membrane potential, U, depends on the sodium, potassium and chloride 

currents flowing over the membrane. It can be described by the following differential 

equation: 

 

0( ) ( ) ( ) .k ex in

k ex i

dU
U g U U g U U g U U U

dt
�= � � � � � � � �                (1) 

 

Here –�U is a leakage current, gex the excitatory conductance, Eex the natrium reversal 

potential, gi the conductance due to inhibitory synapses, and Ei the chloride reversal potential. 

The parameter governing the leakage current is different for each map and given in Appendix 

B.   

            Adaptation is modeled by allowing the potassium conductance gk to vary over time 

according to the following equation: 

 

,k kdg g
bS

dt �

�
= +                        (2) 

 

where S is a dichotomous spiking variable. The time constant � differs for each map and is 

specified in Appendix B. 

           Excitatory and inhibitory input to the i-th node is a linear summation of weighted inputs 

to that node 

 

/ ,ex in ij j

j

g w S=�                         (3) 
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where wij is the weight from node j to node i, and Sj is the binary spiking variable of node j. 

The weight wij is negative in case it is inhibitory.  

          The model neuron emits a spike every time the membrane potential U crosses the 

threshold �.  

 

0    

1    

if U
S

if U

<��
= �

� ��
                (4) 

 

S is a dichotomous variable with a value 1 if a spike is emitted and 0 otherwise.  

For the computer simulations, the discrete time approximation formulas of MacGregor 

& Oliver (MacGregor & Oliver, 1974) were used. The model was implemented in Nutshell, 

the neural network simulator developed in our group (www.neuromod.org/nutshell). 

5.2.1.3 Hebbian learning 

Since we argue that self-repair taking place in the network model should correspond to self-

repair in biological brains, the learning rule adopted in the network model should also have a 

reference to a learning rule in the brain. The most likely candidate for Hebbian learning is 

long-term potentiation (LTP) (Bliss & Lomo, 1973; Martin et al., 2000; McEachern & Shaw, 

2001). In the current network model the Singer-Hebb learning rule (Singer, 1990) is applied. 

This learning changes a weight when the postsynaptic neuron is active at time t+1: a weight 

increases with amount μ ( 0 1μ� � ) if the pre-synaptic neuron was active and decreases if it 

was inactive at time t. When the post-synaptic neuron was inactive at time t weights remain 

constant: 

 

  ( , ) 1 ( , 1) 1

( , ) 0 ( , 1) 1

  0   
ij

if S j t and S i t

w if S j t and S i t

else

μ

μ

= + =�
�

� = � = + =�
�
�

,         (5) 

 

where �wij is the change in weight of the connection from node j to node i. The neuronal 

output S - a spike or no spike - is determined by equation (4). To keep the weights between a 

minimal and a maximal bound of 0 and 1 we apply the following update rule for the weights: 

 

( 1) min(max( ( ) ,0),1)ij ij ijw t w t w+ = + � .                (6) 
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We use an inward normalization rule, where all incoming weights of a neuron are scaled: 

   

( )
( 1)

( )
ij

ij

ij

j

w t
w t

w t
+ =

�
,      (7) 

where the weights of a neuron are updated synchronously. The use of normalization seems 

justified since simulation studies have shown that normalization is an intrinsic property of 

spike-based temporal learning (Kempter et al., 2001), a type of learning that can be found in 

the brain (Bi, 2002). There is, furthermore, direct evidence for normalization known as 

synaptic scaling (Turrigiano et al., 1998; Turrigiano & Nelson, 2004). 

5.2.2 Simulation procedure 

The general format of a self-repair simulation is as follows: a number of memory 

representations is stored in the network with the connection density and synaptic weight 

function (Section 5.2.1.1), then for a given number of time steps the memory representations 

are damaged, self-repair takes place, and the network is tested. We store memory patterns in 

the network with the in 5.2.1.1 described synaptic density and weight function such that in 

each map four clusters are formed according to the cluster algorithm. Damage to the synapses 

is modeled by 

 

( ) ( ) ,ij ijw t c w t �+ = �       (8) 

 

where time t is a given time and � is a pertubation. The constant c determines the period with 

which the damage is administered and represents an accumulated lesion over that period. In 

this case the period is 40 time steps. The stochastic perturbation �, added to each synapse, is 

modeled by drawing a random number from a uniform distribution between 0 and a maximum 

l, which we call the lesion size.  

Self-repair is modeled by a three step process in which (1) neurons of the sensory map 

are randomly activated, (2) activation is allowed to spread over the rest of the network 

according to the activation equations 1 to 3 described in Section 5.2.2, and (3) connections are 

added or updated in the cortico-cortical projection of pyramidal neurons with the Hebbian 

learning rule and normalization rule described in 5 and 7, respectively. For the normalization 

of the cortico-cortical projection, we leave the subcortical-cortical projection out of the 

calculation, because it is constant during a simulation. The random activation of the sensory 
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neurons is modeled by a spatially and temporally homogeneous Bernoulli process, which is a 

discretized analogue of the Poisson point process (Stoyan et al., 1997). This leaves us with 

one parameter, referred to as the intensity parameter that determines the activation probability 

of each neuron at each time step. To find the optimal probability for the self-repair process we 

conducted simulations as described in Appendix C and selected an intensity of 0.03. 

The network performance is tested with the methods described in Section 5.2.3. In all 

simulations we use the same values for the neural parameters. For a description of the 

parameters and their values see Appendix B.  

 The time scheme of the above-described processes, such as lesion and repair, is as 

follows. First, the network is initialized, then: 

1. At each time step self-repair takes place.  

2. At each 10th time step the cortico-cortical projection of the pyramidal neurons is tested for 

the number of assemblies with the cluster algorithm and the total projection weight.  

3. At each 40th time step, damage is administered to all weights according to equation 8. 

5.2.3 Analysis of memory representations 

The measurement of memory representations in a spatio-temporal domain is not a trivial 

problem. The neural network consists of a recurrent neural network that receives 

(stochastically) independent input from the sensory map. The spatio-temporal dynamics in the 

neural network presented here is equivalent to a (stochastic) non-autonomous system in which 

the neuronal activity is much more complex than the usual point attractors or limit cycles. 

Indeed, of this type of neural networks it is not even clear whether it possesses attractors 

(Arbib et al., 1998). To nonetheless be able to analyze network behavior, we identify memory 

representations or memory traces by their weights instead of by their neural activity. The 

assumption here, is that neurons of a same memory representation will have a higher spike 

correlation, if they have more connections to neurons of a same memory representation than 

to neurons of another memory representation.  

Memory representations in this study are represented by neural assemblies of which 

the intra-connectivity is higher than their inter-connectivity to any other assembly. When the 

plasticity of the cortico-cortical projection of the pyramidal neurons is enabled, the 

connectivity within the cortical map is altered, which may affect the number of assemblies. A 

measure of network performance, therefore, is the number of assemblies. To identify them by 

their weights, we used a variant of a cluster algorithm by Xing & Gerstein (Xing & Gerstein, 

1996a). The algorithm finds the number of clusters or assemblies such that each cluster is 
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most strongly connected to itself, which is the ‘self-connectivity’ of a cluster. The average 

self-connectivity of all clusters in a map is the map-connectivity. In other words, the 

algorithm tunes the number of assemblies such that the map-connectivity is maximal. The 

map-connectivity is a real number between zero and one. There is no or random coherence 

between the different clusters if the map-connectivity is 0.5. For more information on the 

cluster algorithm we refer to Appendix D. 

A network stabilizing strategy that may be imposed is one that guards the initial 

number of assemblies to be approximately preserved. Merely checking at each time step 

whether the network retains its initial number of assemblies would be too strict, because self-

repair and damage can impose transient changes in the network that should not be 

immediately regarded as faulty network behavior. 

We do not analyze whether a memory representation has moved. The cluster algorithm 

checks only for the number of assemblies, so the assembly may have shifted. We checked for 

this for some simulation runs (not reported in this chapter), but it was not the case. We should 

add that the moving of memory representations does not necessarily have to be regarded as a 

problem. It is known that memory representations can move within the cortex (for a review 

see for example Buonomano and Merzenich (Buonomano & Merzenich, 1998)). 

5.3 Results 

5.3.1 Demonstration of self-repair in the cortical neural network 

In this section we will demonstrate self-repair as maintenance of redundancy in the above 

described model. Figure 5.2 shows a simulation with self-repair and one without self-repair, 

both having a lesion size of 0.002. In the simulation with self-repair the number of assemblies 

is changing frequently in the beginning, but after about 1500 time steps, it fluctuates less, 

remaining close to the initial four assemblies. It thus seems that a balance between damage 

and self-repair emerges. The balance is dynamic, since the number of assemblies can fluctuate 

over time. In the simulation that ran without self-repair all assemblies eventually disappeared. 

The degradation of that network could be divided into two phases: in the first phase the 

number of assemblies was slowly increasing until some large number of assemblies had been 

reached. In the second phase, the number of assemblies rapidly decreased until none were left.  
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Figure 5.2. This figure illustrates the effect of self-repair. It shows a simulation with self-repair and one without 

self-repair. In both simulations the lesion size is 0.002. The results give the number of assemblies (y-axis) over 

time (x-axis). The figure clearly shows the effect of self-repair. For a more detailed discussion of the results see 

Section 5.3.1. All results of the figure are the average results of 20 simulations. 

 

 These results demonstrate that self-repair is able to protect the network from small 

cumulative lesions that otherwise would have destroyed the network connectivity structure.  

 

5.3.2 Investigating the effect of the amount of self-repair and amount of 

damage 

In this section, we will investigate the effect of different amounts of self-repair and damage on 

network stability. The amount of self-repair is determined by the learning rate and self-repair 

frequency and the amount of damage is determined by the lesion size and lesion frequency. 

Since both frequencies in this study are constant according to the simulation scheme described 

in Section 5.2.2, we will only vary the learning rate and the lesion size. The simulations were 

computationally expensive. We, therefore, shortened the simulation period and first carried 

out an exploratory search with single runs (reported in Appendix E), in which all variations of 

parameter values were used. The learning rate and the amount of damage studied were 0, 

0.002, 0.005, and 0.008. We have chosen these parameter values, because they correspond to 

about the average weight of the cortico-cortical connection of the pyramidal neurons, one 

order of magnitude smaller than the average weight of cortico-cortical connection of the 

pyramidal neurons, and a value in between the two previously mentioned values. Each 

simulation took 4000 time steps and has the format as described in Section 5.2.2. 
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Figure 5.3. The simulations in these figures were carried out to investigate the effect of the amount of damage 

and the amount of self-repair. (a) Figure 5.3a shows the results of a simulation that had a learning rate of 0.002 

and a lesion size of 0.005 and a simulation that had a learning rate of 0.005 and a lesion size of 0.002. The upper 

line represents the result of the first simulation and is labeled with “LR0002LS0005”. The result of the second 

simulation is represented by the bottom line and is labeled with “LR0005LS0002”. The results give the number 

of assemblies (y-axis) over time (x-axis). Both lines represent the results of an average of 20 simulations. (b) 

Figure 5.3b shows from top to bottom the results representing the self-repair simulations with a learning rate of 

0.002 and a lesion size of 0.002, a learning rate of 0.008 and lesion size of 0.008, and a learning rate of 0.008 and 

a lesion size of 0.002. The results give the number of assemblies (y-axis) over time (x-axis). Each line represents 

the results of an average of 20 simulations.  

 

 

 

 

 

 (a) 

 (b) 
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 A first conclusion is that self-repair is possible with a range of parameter values. This 

is shown by the simulations with learning rate 0.002 and 0.005 both with a lesion size of 

0.002. A second conclusion is that the processes of self-repair and damage must be balanced. 

From Figure 5.3a and 5.3b (also see Tables Three and Four of Appendix E), it seems that if 

the learning rate is larger than the lesion size self-repair cannot retain the initial number of 

four assemblies. The more the learning rate exceeds the lesion size, the larger the error in the 

number of assemblies. This is clearly illustrated by Figure 5.2b, where the average error in 

number of assemblies is larger for a simulation with lesion size 0.002 than lesion size 0.008 

both having a learning rate of 0.008.  

5.4 Discussion 

The main result of this chapter is that we were able to build a more neurobiological detailed 

model in which we demonstrated self-repair. This connectionist model possesses more 

realistic neurobiological details than the models of the previous chapters. This brings us a step 

closer of proving the hypothesis that self-repair is taking place in the brain. This is also 

supported by the fact that we demonstrated autonomous self-repair in this model. This type of 

self-repair is more difficult in artificial neural networks than in the brain, because the brain 

probably uses better cues for memory retrieval. The results, furthermore, suggest that for 

network stability there has to be a dynamic balance between self-repair and damage. We 

speak of a dynamic balance, since both processes take place continuously and the balance is in 

constant flux. The results showed how the balance is influenced by the amount of damage and 

the amount of self-repair. The network is stable if the amount of damage and self-repair are 

correctly tuned. If either one is dominant, the network will become unstable, resulting in the 

loss of assemblies or its disintegration indicated in a first phase by an increasing amount of 

assemblies. In the remainder of this section, we will discuss model parameters such as the 

amount of damage, the learning rule, and the initial connectivity between assemblies with 

respect to the brain. 

Amount of damage. In our study damage took place on a timescale of milliseconds. In 

the real world such damage in the brain takes place on a timescale of days to months. Thus, if 

we demonstrate that autonomous self-repair on a millisecond timescale can counteract a given 

lesion size, we are certain that it can also counteract those lesion size on timescale of days to 

months. We regarded a single lesion size as an accumulated lesion over 40 time steps.  Using 

this lesion size, the content of the cortex vanished in a few seconds, unless autonomous self-

repair counteracted the lesion. In that case stability could be achieved. Having demonstrated 
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the fact that stability in the brain can be achieved with “large” lesion sizes means that 

autonomous self-repair can also counteract  “smaller” lesion sizes on a timescale of days to 

months, as it is easier to attain stability with a smaller lesion size than with a larger lesion size 

(see Chapter Four).  

Learning rule. In this model we use a Hebbian learning mechanism with linear 

normalization as described in Section 5.2.2. One of the ideas of the self-repair theory is that 

normal plasticity mechanisms can carry out self-repair. Since there is proof for normalization 

in the brain (Turrigiano et al., 1998) and it has been suggested that homeostasis mechanisms 

active during sleep may lead to a more optimal functioning of the brain system (Tononi & 

Cirelli, 2003), it is interesting to investigate whether normalization alone is able to carry out 

self-repair. Neural regulation is an interesting type of normalization mechanism for future 

investigations as it has been shown that it can undo small lesions to connections (Horn et al., 

1998a). Spike timing dependent synaptic plasticity (STDP) is another type of normalization 

mechanism that seems to be promising for future research. In STDP the update value of a 

connection depends on a period or window of activity of pre- and post-neuron instead of two 

time steps. Computational studies have shown for this mechanism that it has intrinsic 

normalization properties (Kempter et al., 2001). Moreover, there is empirical proof of the 

existence of STDP (for a review see (Bi, 2002)) in the brain. If the STDP mechanism would 

be successful, it will validate our idea that plasticity mechanisms found in a normal healthy 

brain are able to carry out self-repair. 

Initial connectivity of the cortical map. This map in the simulations of Section 5.3.1 

was initialized with assemblies that are very similar with strong local connectivity and few 

long-distance inter-connections. This resembles a small-world network of regular coupled 

networks with some disorder that gives the complete network the characteristic short path 

length between nodes (Watts & Strogatz, 1998). Since our model represents the cortex, it 

implies that the connectivity of the cortex possesses also the small-world property. This has 

indeed been suggested by a number of researchers (Salvador et al., 2005; Sporns & Zwi, 

2004; Watts & Strogatz, 1998). It has, furthermore, been suggested that small-world 

connectivity has advantages like efficient information exchange on a local as well as global 

scale (Latora & Marchiori, 2001), fast learning (Simard et al., 2005), and provides a good 

tradeoff between computational efficiency and wiring costs (McGraw & Menzinger, 2003). 

We suggest that the few extra long-distance connections between the assemblies can have the 

advantage that self-repair is not restricted to one assembly, but can spread to other assemblies. 

Moreover, in a small world any other region can be reached in few steps meaning that any 
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region in the cortex can contribute to repair of any other region. Self-repair can, however, 

only have a positive effect if the activity of the different assemblies is spaced sufficiently in 

time, so that Hebbian learning cannot grow many new connections between different 

assemblies to keep different memory representations separated This separation is, for instance, 

needed to obtain linking fields in long-term memory that can be used by working memory 

(Luck & Vogel, 1998; Raffone & Wolters, 2001; Raffone, Wolters, & Murre, 2003). To keep 

the neural assemblies separated, the time-window of plasticity has to be small such that 

learning can take place only between nearly activated assemblies. This or any other 

mechanism should keep the inter-connectivity of assemblies below a critical limit such that 

the probability of simultaneous activation of many assemblies remains low. If this is the case, 

the small-world network structure can have a positive effect on self-repair.  
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Appendices 

Appendix A. Network connectivity 

The typical connection density of the network is show in Table 5.1.  

 

Table 5.1. This table shows the connection density between the different maps.  

Connection density function

Table 5.1

Projection Probability of a connection within Probability of a connection
an assembly between assemblies

From map -To map r     0     1     2     3    4     5     6     7 r    0    1
sensory - subcortical      1.0  1.0  1.0  1.0   0     0     0     0       0    0.1

subcortical - cortical      1.0  1.0  1.0  1.0   0     0     0     0      0    0.1

cortical - cortical       0    1.0  1.0  1.0  1.0  1.0   0     0      0    0.1

cortical - cortical-inhibitory       0    1.0  1.0  1.0  1.0  1.0   0     0      0    0.1

cortical-inhibitory - cortical       0      0    0     0     0     0   1.0  1.0      0    0.1

 

 

The first column indicates the projection. The second column indicates the probability of a 

connection between a neuron from the from-map and a neuron from the to-map within an 

assembly depending on the radial distance r. The third column indicates the probability of a 

connection between a neuron from the from-map and a neuron from the to-map between 

assemblies. Every map has the same size so that every neuron of the from-map has a 

corresponding neuron in the to-map. For reasons of simplicity the distance between these 

neurons is zero (no time-delays). The distance between the neuron in the from-map and other 

neurons in the to-map is calculated relative to the corresponding neuron of the to-map. The 

table shows the typical connectivity between assemblies. Neurons in the cortical map are not 

connected to themselves. There is full connectivity within an assembly in a certain radius r, 

for instance sensory neurons are connected to subcortical neurons of their assembly in a radial 

distance of three. The simulations of Section 5.3.1 had a ten percent probability of 

connections between neural assemblies (inter-connectivity) of neurons that are one step away 

from each other in a hexagonal topology. There is no inter-connectivity of the simulations of 

Section 5.3.2. Cortical neurons have (inhibitory) connections with inter-neurons that have a 

radial distance of 6 and 7. 

The synaptic weight function determines the connection strength or weight from one 

neuron to its surrounding neurons. We use the function for the normal distribution n(0,(�/50)) 
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as a synaptic weight function, where 0 is the mean and �/50 is the variance. The synaptic 

weight w is 
2( )

21
,

2

r

w c e
μ

�

�

�
�

=                          (9) 

where r is the distance from the neuron to one of its neighbors and c is a constant controlling 

the neural activity in a map. It is 5 for the cortical-cortical – inhibitory projection, 8 for the 

cortical-inhibitory – cortical projection, and 1 for all other projections.   

Appendix B. Neural parameters 

The neural parameters are such that a stimulus of nine neurons administered to the network 

for 5 ms would activate the cortical map for 5-10 ms. The values of the different neural 

parameters are given in Table 5.2. 

 

Table 5.2. This table shows the values of the neural parameters of each map. 

Table Neural parameters

Table 5.2

Map
Neural Sensory Sub-cortical Cortex Cortex
parameter pyramidal interneurons

0.5 7.5 0.1 10

0.5 7.5 0.1 10

0.5 7.5 0.1 10b

Gk
�

U
�

 

 

Appendix C. Simulations to find the appropriate stimulus intensity 

In this study we had set ourselves the task to implement self-repair with a random cue. We 

modeled it by activating a number of neurons in the sensory map according to a spatially and 

temporal homogeneous Bernoulli process, which is a discretized analogue of the Poisson 

point process (Stoyan et al., 1997). This left us with one parameter, referred to as the intensity 

parameter that determines the activation probability of each neuron at each time step. With the 

manipulation of this parameter we tried to find a stimulus that gave the best response for self-

repair in the cortical map. The best cortical activation pattern for each time step is an 
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activation pattern that restricts itself to one assembly. To measure the performance of the 

network, while taking the restriction of activation into account, we had the following signal to 

noise ratio measure (SNR). It is the number of neurons of the most activated neural assembly 

in the cortical map (the signal), divided by the total number of activated neurons in the 

cortical map. 

max ,a

n
a

i

i

A
R

A

=

�
               (10) 

where Aa indicates the assembly that has the largest activation and n is the number of 

assemblies. To investigate the effect of the stimulus intensity parameter on the activation 

pattern in the cortical map of a certain weight configuration, learning was disabled and no 

lesions were administered to the weights. We did four simulations, two simulations with 

unnormalized weights and two simulations with normalized weights each one differing in 

inter-connectivity of the assemblies. There was one simulation with 10% connected 

assemblies and another with isolated assemblies.  

In each simulation we used the following procedure to find the stimulus intensity with 

the highest signal to noise ratio. A Bernoulli process in which every node had an equal spike 

probability generated the stimuli at each time step. The stimulus intensity parameter was 

varied from one to nine. The homogeneous Bernoulli stimuli were administered to the 

network for 300 time steps. The membrane potential of every spiking neuron of the input map 

was kept constant during the simulation. At each time step, activation in the self-repair map 

was recorded and the signal to noise ratio was calculated. In Figure 5.4, we show the results. 

Only the results of simulations without normalized weights are depicted. The results with 

normalized weights show a same pattern. The results show a decreasing signal to noise ratio 

when intensity is increasing, with the exception of intensity one, which was unable to activate 

the self-repair map.  

The main difference between a model with a self-repair map with interconnected 

assemblies and one without interconnected assemblies is that the overall signal to noise ratio 

is lower for a model with a self-repair map with interconnected assemblies. This can be 

explained by the fact that nodes of different assemblies were able to activate each other, 

which resulted in a lower signal to noise ratio. 
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Figure 5.4. The figure shows the results of simulations to find the optimal stimulus for retrieval. In addition to 

the stimulus parameter two other parameters were varied: with or without normalized weights and inter-

connectivity (10 percent) or no inter-connectivity. Each data point represents a simulation that took 300 time 

steps and gives the mean signal to noise ratio (y-axis) over a simulation. The probability of spiking of each 

neuron in the sensory map at each time was varied, taking integer values from 1 to 8, over the different 

simulations (x-axis). 

 

 The parameter of stimulus intensity determines both the number and the place of 

connections that are added. The amount is simply regulated by the degree of intensity: the 

higher the intensity the more activity in a specific area and the more repair in that area. A 

drawback of a high intensity is that activity is diffuse and random. In case of a high intensity, 

therefore, there will not be activity in a specific assembly but in many assemblies.  

Even though a low intensity has a higher signal to noise ratio, it also has a drawback. 

If the intensity is too low there is a drawback of a high probability of a dominant assembly. 

For example, a stimulus intensity of two has the highest signal to noise ratio, but it does not 

suit our purposes as the measure of spikes per assembly shows that at each time step the same 

assembly is active. If this is the case, only one neural assembly is repaired, leaving the others 

damaged.  

In general, it is desirable that the activity does not reside too long in one assembly, as 

this leads to an unstable network. We thus can conclude that the stimulus intensity has to be 

high enough for the network to switch its activity from one assembly to another, but not so 

high that it causes too much noise. In other words, there is a trade off between a high signal to 

noise ratio and the switching behavior of a network from one assembly to another. 
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Appendix D. The cluster algorithm 

The number of clusters or assemblies in this algorithm is determined by optimizing the 

maximal map-connectivity, which is the average self-connectivity of all assemblies in a map. 

This is the sum of weights of neurons in the assembly to other neurons of its assembly, 

divided by the total outgoing weights of all neurons of the assembly. The algorithm begins 

with the calculation of the inward excitation, because observations show that those locations 

where neurons have larger inward excitations correspond to neuronal groups (Xing & 

Gerstein, 1996b). The complete algorithm is as follows: 

1. The inward excitation of every neuron is calculated, which is the total sum of incoming 

weights of the direct neighbors in a rectangular topology divided by the total excitatory 

strength. The direct neighbors form the first ring of the calculated neuron. The following 

rings around the center neuron are formed by NxN patch around the center neuron, 

excluding the center neuron and neurons belonging to previous rings. 

2. The M neurons with the highest inward connectivity are chosen and defined as center 

neurons around which neuronal assemblies are formed. To each of those M neurons, 

neurons of a given ring are assigned if all neurons in the ring are connected to the center 

neuron.  

3. Neurons not identified with any assembly so far, will be assigned to an assembly with 

which it has the highest outward connectivity, which is the sum of the weights of a neuron 

to the neurons of the assembly, divided by the total outward weights of the neuron.  

4. For all neurons, the outward connectivity with all assemblies in the map is calculated and 

they are assigned to the assembly with the highest outward connectivity  

5. Finally, for all assemblies the assembly connectivity with all other assemblies, including 

itself (the self-connectivity of an assembly), is calculated. The connectivity of an assembly 

is the sum of weights of neurons in an assembly to other neurons of the assembly, divided 

by the total weight of all neurons of the assembly. If the self-connectivity is lower than the 

assembly connectivity to other assemblies, it is merged with the assembly with which it 

has the highest connectivity. 

A map with random connectivity has a map-connectivity of 0.5. A map with fully isolated 

assemblies has a map-connectivity of 1.0. 
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Appendix E. Exploratory search of the amount of self-repair and amount 

of damage 

In this appendix, we will investigate the effect of different amounts of self-repair and damage 

by varying the learning rate and the lesion size. The results reported are from single 

simulation runs. They are noisier than the results of the averages of 20 simulations. It is, 

therefore, harder to interpret the results only on the basis of the number assemblies. To 

anticipate this problem, we have two additional measures based on the number of assemblies: 

(1) the assembly loss measure and (2) the retention percentage of the initial number of 

assemblies for a number of tests in a given period. We speak of assembly loss, when in a 

time-frame of 200 time steps the occurrence of the initial number of assemblies is less than 

10%. The second measure is the total number of correct retention of the initial number of 

assemblies in a period divided by the number of tests in the given period. With the last 

measure we can compare network performance even if they have an equal number of 

assemblies at a given moment. 

 In this section we will investigate how to achieve successful self-repair by varying the 

learning rate and lesion size. The learning rate and the amount of damage studied were 0, 

0.002, 0.005, and 0.008. As mentioned in Section 5.3.2, we chose these specific values 

because they are about the average weight of the cortico-cortical connection of the pyramidal 

neurons, one order of magnitude smaller than the average weight of cortico-cortical 

connection of the pyramidal neurons, and a value in between the two previously mentioned 

values. Each simulation takes 4000 time steps and has the format as described in Section 

5.2.2. 

The results of the simulations, with different learning rates and amount of damage, are 

given in Tables 3 and 4. Table 5.3 indicates the onset time of the loss of an assembly. Table 

5.4 shows for each simulation the percentage of the network in which it retained its original 

number of assemblies for a total simulation (first part of the table) and for the last 100 tests 

(second part of the table). A minus ‘-‘ means that no simulation has taken place. The meaning 

of the star ‘*’ symbol is explained in Table caption 3. 

The results that concern the spike activity (not depicted) show for all simulations that 

there are no dominant assemblies for any simulation. The results of Tables 5.3 and 5.4 show 

that network stability is attained in case both processes of self-repair and damage are active. 

The results with either damage or self-repair, but not both, show that a higher lesion size or a 

higher learning rate accelerates the network degeneration.  
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Table 5.3. Table 5.3 shows the onset time of the loss of one assembly according to the assembly loss measure. A 

star ‘*’ in the table means that there were no assemblies lost during the simulation period. The results are 

positive, no assemblies are lost, when both processes of self-repair (learning rate > 0) and damage (lesion size > 

0) are taking place, and the learning rate is equal to or lower than the lesion size.  

 

Onset time of first Assembly loss

Table 5.3

Learning rate
Damage    time
amount

0 0.002 0.005 0.008
0 - 320 350 60

0.002 670 * 270 50

0.005 280 * * 80

0.008 200 * * *

 

 

 
Table 5.4. Table 5.4 shows the occurrence percentage of the initial number of assemblies for a total simulation 

(right part of the table) and for the last 100 tests (left part of the table) for a varying lesion size and learning rate, 

taking the values of 0, 0.002, 0.005, and 0.008. This table indicates the same trend as in Table 5.1, namely: The 

percentage correct for a total simulation period and for the last 100 tests are high (1) in case of self-repair and 

damage and (2) the learning rate is equal to or lower than the lesion size. For the last 100 tests, the better results 

are expressed as a percentage correct larger than 0. An exception is the simulation with a learning rate of 0.005 

and a lesion size of 0.002 that has a result larger than 0. The results, however, are still worse, because the 

occurrence percentage is only 2%. 

 
Maintenance of initial number of groups

Table 5.4

Learning rate
Percentage correct total simulation Percentage correct last 100 tests

Damage 
amount 0 0.002 0.005 0.008 0 0.002 0.005 0.008

0 - 8.25 9.25 2 - 0 0 0

0.002 21 74.75 11.5 1.75 0 70 2 0

0.005 8 82.25 72.5 7 0 89 69 0

0.008 5 72.5 62.25 31.75 0 89 68 64
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If the lesion size is zero and the learning rate is higher than zero self-repair does not seem to 

work.An explanation for this erroneous/deleterious repair is that the network is learning the 

random stimuli. Both tables, furthermore, show that results are better when the learning rate is 

equal or smaller than the lesion size indicating the importance of a balance between self-repair 

and damage.  

 


