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6  

Self-repair of neural circuits 

during sleep 
 

Abstract 

In this chapter, the hypothesis is proposed that self-repair by maintenance of redundancy takes 

place during sleep, in particular autonomous self-repair with randomly cued activation. We 

will investigate this hypothesis with a neurobiological plausible model of sleep. We will 

demonstrate in this model that self-repair with randomly cued activation works and extends 

the lifetime of memories. The hypothesis is, furthermore, investigated by a review of models 

and data of processes of memory maintenance and memory consolidation taking place during 

sleep. This review suggests that these processes during sleep may be able to carry out self-

repair, because (1) it implies that the brain possesses redundancy as is proposed by self-repair 

and (2) it shows that the processes of memory maintenance and memory consolidation are 

similar to self-repair. The second point implies that they share the same algorithmic procedure 

with self-repair. Autonomous self-repair in the brain driven by random cues is supported, 

since the sleep processes share the algorithmic part of randomly cued activation. 
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6.1 Introduction 

We investigated self-repair by maintenance of redundancy in connectionist networks, where 

redundancy resides in the network’s connections and maintenance is carried out by updating 

connections. We proposed the hypothesis that this type of self-repair is a property of the brain. 

In this Chapter, we investigate the hypothesis that self-repair is taking place during sleep, in 

particular autonomous self-repair driven by random cues. This is different from the previous 

chapters in which we argued mostly that autonomous self-repair in the brain consists of cues 

that resemble the cues that stored the memory traces and autonomous self-repair in artificial 

neural network consists of random cues. Thus, in this chapter autonomous self-repair in the 

brain is equivalent to autonomous self-repair in artificial neural networks. Below we will 

further discuss why autonomous self-repair with random cues could be taking place during 

sleep in the brain. We will first discuss connectionist redundancy and maintenance.  

Redundancy is present at different levels of the brain: from the synaptic to the neural 

systems level. The typical connectionist redundancy at the neural systems level resides in the 

connections with memory representations distributed over these connections. Even when 

some connections are lost, the activity pattern is nearly the same as before. This is possible, 

because the information of the activation pattern is still available in the remaining parts of the 

damaged memory representation and in other parts of the network system. Parts of a memory 

representation may be specialized in processing specific aspects of information (e.g. 

perceptual or motor processing), but most of parts will be involved in many brain functions. 

The latter property of memory was identified by Friston (Friston, 2002) as being functional 

integration. Bach-y-Rita (Bach-y-Rita, 1990) named it multiplexing. In this chapter, we will 

encounter other researchers that attribute the brain this specific connectionist quality.  

Maintenance of redundancy is carried out by a three-step self-repair algorithm that 

consists of: 

(1) an activation cue, after which  

(2) the activity is allowed to spread over its nodes according to a connectionist 

spreading activation rule, while  

(3) a plasticity rule updates the connections between the nodes.  

A memory representation is selected by the activation cue and the spreading activation rule. 

As a plasticity rule, we used a Hebbian mechanism complemented by normalization. We 

argued that these mechanisms can repair damage (Chapter Two) and have shown that they are 

able to carry out self-repair (see Chapter Three and Chapter Five). We presented behavioral 



Self-repair of neural circuits during sleep         117 

 

evidence for maintenance of redundancy coming from the scientific fields of the use-it-or-

lose-it principle and the serial lesion effect (Chapter Two).  

The data reviewed in Chapter Two suggest that self-repair may be mediated by 

plasticity mechanisms of the normal, intact brain. During the day plasticity is triggered by 

daytime activities like learning, which activate and reinforce the participating memory traces. 

In this chapter, we investigate whether self-repair is taking place during sleep, in particular 

autonomous self-repair driven by random cues. An indication of random brain activation is 

the unstructured order of dreams. Furthermore, internal random activation would probably 

also not be desirable during daytime, because it would interfere with external stimuli. 

Nowadays, there is a considerable amount of research available indicating a relationship 

between memory and sleep (Maquet, 1995, 2001; Terrence J. Sejnowski & Destexhe, 2000; 

R. Stickgold et al., 2001).  We focus on memory processes of memory maintenance and 

memory consolidation during sleep. Briefly, memory maintenance is the regularization of 

memory for proper functioning: strong memories are downscaled in order not to dominate 

memory, while weak but necessary memory traces are strengthened in order not to disappear. 

Memory consolidation is the post-processing of memory traces, during which traces may be 

reactivated, analyzed and gradually incorporated into the brain’s long-term memory (Maquet, 

2001). 

The hypothesis of self-repair during sleep will be investigated as follows. We will 

demonstrate autonomous self-repair driven by random cues in a neurobiological plausible 

model of sleep: it extends the lifetime of memories. Further proof will be provided by a 

review of different sleep theories of memory maintenance and memory consolidation. We will 

investigate whether the theoretical and computational models of the sleep processes and their 

data support the self-repair ideas of redundancy and its maintenance. Maintenance will be 

investigated by identifying similarities with one or more steps of the three-step self-repair 

algorithm mentioned above. Autonomous self-repair with random cues will be supported, if 

they share the first step of randomly cued activation with the self-repair algorithm.  

The exact model specifications and methods of analysis of model performance of the 

sleep model will be described in the next section. In Section 6.3, the exact description of the 

simulation and its results will be described. In Section 6.4, we will first introduce theories of 

memory maintenance and memory consolidation. The relationship between the two sleep 

processes and redundancy and maintenance of redundancy will be discussed in Section 6.5 

and Section 6.6, respectively. In Section 6.7, we conclude with a summary of the similarities 

on the algorithmic level between memory consolidation and memory maintenance on the one 
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hand and self-repair on the other hand. The summary shows that self-repair can be carried out 

by the other two memory processes. It implies that self-repair can carry out maintenance and 

consolidation: they are interchangeable on the algorithmic level. We, therefore, hypothesize 

that it is possible that the other two processes are side-effects of self-repair. 

 

6.2 The self-repair sleep model  

The sleep model is an extension of the neural network model of Chapter Five. The main 

difference is an additional cortical-subcortical feedback projection to emphasize the 

interaction between the cortex and subcortical parts of the brain during sleep, for instance it is 

known that the thalamo-cortical loop generates the typical sleep waves (Lumer et al., 1997; 

Steriade, 2001; Steriade et al., 1993). The model is depicted in Figure 6.1. 

The model represents an input, subcortical, and cortical part of the brain, where self-

repair takes place in the cortical part. Each part consists of a map of 100 neurons. In the 

sleeping brain, the input component represents brain regions in which sleep oscillations are 

initiated like the brain stem core or forebrain structures (Steriade, 2001). The subcortical 

component of the model represents the dorsal thalamus, a region that receives its afferent 

signals during sleep from the reticular nucleus. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6.1. The neural network model (for a further explaination see text). 
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Regarding the connectivity tracts, in addition to the afferent signals from the reticular nucleus, 

the thalamus has both thalamocortical and corticothalamic projections. Afferent signals from 

sensory systems are not considered in the model since they are inhibited during sleep. The 

candidate brain regions for representation by the cortical component of the model should at 

least be involved in some form of learning or memory retrieval. In other words, there should 

be some form of plasticity, for instance long-term potentiation. Moreover, the modelled 

cortical area should have projections to and from the thalamus. In principle this could be any 

part of the cortex, such as the hand part of the primary somato-sensory cortex (SI). 

The model, then, has six projections: (1) an input–subcortical projection, (2) a 

subcortico–cortical projection, (3) a feedback cortical-subcortical projection, (4) a cortico-

cortical projection between pyramidal neurons, (5) a cortico-cortical projection from the 

pyramidal neurons to the interneurons, and (6) a cortico–cortical projection from the 

interneurons to the pyramidal neurons. The last two projections form a feedback inhibition 

loop of the cortical map. All projections connect neurons that tend to be spatially close. This 

type of connectivity results in clustered groups of neurons that we call neural assemblies. 

Each assembly or group of connected assemblies placed over the different maps form a 

memory representation or memory trace. The formulas of the connectivity and other details 

concerning it are given in Appendix A. Thus, the model is constructed in such a way that 

neuronal assemblies represent memory representations of neurons lying close together on a 

grid. This topology is similar to a cortical topological feature map such as the somato-sensory 

(auditory and visual) cortex or the motor cortex (Kandel et al., 1991).   

 The neuron model is a simplification of the MacGregor neuron (MacGregor & Oliver, 

1974), which is based on the Hodgekin & Huxley model (Hodgkin & Huxley, 1952). It is a 

tradeoff between neural plausibility and computational cost; it models neural spiking 

behaviour and adaptation. 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). In all simulations we use the same values for the neural 

parameters. For a description of the parameters we refer to Appendices A and B, for other 

details of the model see the previous chapter. 
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6.3 Self-repair sleep simulation 

The self-repair sleep simulation was as follows: a number of memory representations is stored 

in the network, then, after a given number of time steps the memory representations are 

damaged, then self-repair takes place, and finally the network is tested. We store memory 

patterns in the network with the synaptic density and synaptic weight function that is 

described in Appendix A. Storage is such that in each map four clusters are formed according 

to the cluster algorithm. Damage to the synapses is modelled by 
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where � is noise and t is the integration time of a neuron. The constant c determines the time 

step at which damage was administered to the network. (This was at every 40th time step in 

the simulations.) Damage at that time step is represented by a stochastic perturbation � that is 

added to each synapse. It is modeled by a random number drawn from a uniform distribution 

between zero and a maximum l that is indicated in the simulations by the parameter lesion 

size.  

The self-repair algorithmic scheme is modeled by a three step process in which (1) 

neurons of the input map are randomly activated, (2) activation is allowed to spread over the 

rest of the network, and (3) connections are added or updated in the cortico-cortical projection 

of pyramidal neurons with a Hebbian learning rule as specified in Appendix B.  

The initiation of oscillations 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 type of activation results in stimuli that are very likely temporally and spatially 

very dissimilar from the stimuli that stored the cortical memory representations. If we show 

that self-repair is possible with this type of stimuli, we show that it is also possible with 

stimuli that stored the memory representation, since the latter are most likely stronger 

associated with the stored memory representations. In the real brain self-repair will be carried 

out by stimuli that stored the memory representations, because the brain has been adapted to 

these stimuli during evolution and lifetime. Showing that self-repair can be carried out with 

the artificial stimuli used in the neural network of this chapter, is thus showing that self-repair 

can work with the stimuli of the real brain. The spread of activation is determined by the 

neuron model described in detail in Appendix B (equations B1-B4). 
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We use the Singer-Hebb learning rule (Singer, 1990) for (self-)repair. In this learning 

rule, a weight changes 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 given that the post-synaptic was active. In case the post-synaptic neuron was 

inactive at time t, weights remain constant. After Hebbian learning we apply an inward (in-

star) normalization rule (see Appendix B equation B5-B7) to every neuron. The use of 

normalization is 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). Furthermore, direct evidence for normalization 

known as synaptic scaling has been found (Turrigiano et al., 1998; Turrigiano & Nelson, 

2004). Normalization of the subcortical-cortical projection is not considered, because it is 

constant during a simulation. 

 After the network is initialized, the time scheme of the above described processes of 

lesion and repair is as follows: 

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

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

for the number of assemblies with the cluster algorithm and for the total projection 

weight.  

3. At each 40th time step, damage is administered to all weights according to equation 1. 

As we discussed in the previous section memory traces are represented by neural 

assemblies. To analyze network behavior we use a cluster algorithm that analyzes the neurons 

with respect to their connections. It is variant of a cluster algorithm by Xing & Gerstein (Xing 

& Gerstein, 1996a). The algorithm optimizes the number of clusters or assemblies such that 

each cluster is 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. For 

more details of the cluster algorithm we refer to Chapter Five. 

To show the effect of self-repair we performed two types of simulation, one with self-

repair and another without self-repair. We ran both types of simulation for 4000 time steps. 

Figure 6.2 depicts the number of clusters retained in case of self-repair and without self-repair 

for each time step. The results are an average of 25 simulations.  
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Figure 6.2. This figure illustrates the effect of self-repair. It shows a simulation with self-repair and one without 

self-repair. 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 6.3. All results of the figure are the 

average results of 20 simulations. 

 

In case of simulations with self-repair and damage the network retains its original number of 

assemblies. Without self-repair all assemblies of the network eventually disappear. The 

degradation of the network can be divided in 2 phases, a first phase of a slowly increasing 

number of assemblies until a large number of assemblies is reached. This is followed by a 

second phase of a rapidly decreasing number of assemblies until none are left. In case of 

simulations of only damage and no self-repair, the network is stable for every four subsequent 

measurements. The explanation for this period of stability is that lesions are administered at 

every 40th time step, while the network is tested at every 10th time step. The results of both 

types of simulations clearly show the effect of self-repair. 

 

6.4 Memory maintenance and memory consolidation  

In Section 6.4.1 we introduce several theories of memory maintenance. In Section 6.4.2 we 

discuss theories of memory consolidation. An overview of theories of memory maintenance 

and memory consolidation is given in Table 6.1. 
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Table 6.1. Overview of the different sleep theories  

The different sleep theories

Table 6.1
Sleep theory Short description References

Dynamic stabilization Old memories have to be reinforcement  to  Kavanau (1996,1997)
counteract forgetting over the lifetime

Unlearning Weakening of memories to counteract  Crick and Mitchison (1983)
runaway and spurious attractors

Synaptic weakening Downscaling of all synapses to counteract Tononi and Cirelli (2003)

synaptic noise
Neural regulation Strengthening of weak memories and Horn, Levy, and  

weakening of strong memories to counteract Ruppin (1998a, 1998b)
runaway attractors

Skill improvement Improvement of a skill Karni et al. (1995); Shadmehr 
and  Holcombe (1997)

Skill stabilization Consolidation of a skill to interference of  Robertson, Pascual-Leone, 

subsequent other type of skill acquisition and Miall (2004)
Standard theory of systems Reinforcement of newly acquired memories Squire, Cohen and Nadel (1984); 
consolidation for consolidation Murre (1996)
Alternative theory of systems Reinforcement of newly acquired memories Nadel and Moskovitch (1997)
consolidation for consolidation

 

 

6.4.1 Theories of memory maintenance 

Several sleep theories of memory maintenance are in existence. One can distinguish the 

different theories by the way maintenance is carried out either by strengthening of 

connections, weakening of connections, or both. 

A theory that proposes maintenance by connectivity strengthening is dynamic 

stabilization (Kavanau, 1996, 1997), where neural circuits are stabilized or maintained by 

extrinsic and intrinsic induced neural activity. This activity re-activates mechanisms that have 

an effect on synaptic efficacy. Reactivation is necessary to continue the synaptic change, 

because the mechanisms only have an effect for a limited amount of time. Kavanau proposes 

long-term potentiation (LTP) and gene expression together with facilitated entry as 

mechanisms. The effect of LTP lasts for days up to weeks, while the effect of genetic 

expression mediating the synthesis of new messenger ribonucleic acids and proteins lasts from 

weeks to months. LTP is a likely neural correlate of Hebbian learning (discussed in Chapter 

Two). The effect of gene-expression is the production of a higher amount of (among others 

transmitter) molecules in the cell-core. An increased amount of neurotransmitter does not 

automatically imply increased information transfer, because the entry of molecules into the 

terminals from where they are transmitted is limited. This is referred to as facilitated entry. 
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Thus, in order to affect information transfer, the limitation of synaptic entry in the terminals 

has to be changed. One such a mechanism proposed by dynamic stabilization is a change in 

the shape of synaptic terminals. Reactivation of phylo-genetic memories, memories created by 

genes, and onto-genetic memories, memories created by experience, can come about by 

external stimuli through daytime use. In that case, the reactivation is sufficiently frequent for 

stabilization. Memories not being reactivated by external stimuli are supposed to be 

reactivated by intrinsic spontaneous neural activation during sleep. This could be the case for 

phylo-genetic and ontogenetic neural circuitry both. Although Kavanau admits that he is not 

very certain about this matter, he sketches two scenarios of selection of memory types. The 

first possibility is the reactivation of all types of memory or in other words (a random sample 

of) the complete memory set. The second possibility is the reactivation of only the type of 

memory set that is not activated by frequent use. In the next section, we will say more about 

these two possible scenarios. 

Sleep theories of memory maintenance proposing memory maintenance by the 

weakening of connections can be distinguished by their different objectives: to keep memory 

from overloading by removing old or parasitic memories (Crick & Mitchison, 1983), to 

suppress runaway processes in memory (Hopfield et al., 1983), or to increase the signal to 

noise ratio of memories (Tononi & Cirelli, 2003).  These authors argue that weight decrease is 

necessary for the regulation of memory in order for it to function properly or more optimized.  

The theories of Crick and Mitchison (Crick & Mitchison, 1983) and Hopfield et al. 

(Hopfield et al., 1983) emphasize different goals of weight decrease. They do, however, share 

the same mechanism of unlearning. Crick and Mitchison (Crick & Mitchison, 1983) provide 

most of the theory while Hopfield et al. (Hopfield et al., 1983) were the first to demonstrate 

the mechanism in a computational model. The theory of unlearning by Crick and Mitchison 

(Crick & Mitchison, 1983) sketches a model of a cortical brain processing information that 1) 

is distributed over many synapses, 2) is robust, where in case of synapse loss the information 

is not completely lost, and 3) is superimposed: one synapse is involved in several pieces of 

information. If such a system is overloaded the overlap of stored memory patterns becomes 

too large, leading to a system that produces self-excitatory nodes that are mixtures of the 

stored memory representations (referred to in the literature as spurious memory 

representations). To prevent overloading, spurious patterns have to be removed. This is 

supposedly carried out by unlearning. The mechanism works as follows: random activation of 

the cortex (specifically the forebrain) will select the spurious patterns, which will then be 

unlearned by anti-Hebbian learning. 
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The theory of Tononi and Cirelli (Tononi & Cirelli, 2003) postulates that during slow 

wave sleep (SWS) there is synaptic homeostasis in the form of downscaling of synaptic 

weights (in our terminology weakening of connections). This optimizes memory performance, 

because it increases the signal to noise ratio at the neuronal level. That is, the noise in 

synapses accumulated during daytime due to potentiation will be suppressed and will fall 

under a baseline that silences them, while synapses coding memory will stay above the 

baseline.  

A sleep theory of memory maintenance proposesing memory maintenance by way of 

the weakening and strengthening of connections is neuronal regulation (Horn et al., 1998a, 

1998b). Crick and Mitchison presented the idea of a smarter mechanism than unlearning that 

does not select memories randomly, but ‘knows’ what to store and what to erase. Neuronal 

regulation is such a mechanism. It scales the weights of connections according to the measure 

of the basin of attraction strength of a memory representation.  

To conclude, the purpose of memory maintenance is to regulate memory in order for it 

to function properly or for the maintenance of crucial memory circuits. The different theories 

of memory maintenance ascribe different functions to sleep with respect to memory. A clear 

example is memory strengthening during slow wave sleep by the theory of dynamic 

stabilization (Kavanau, 1996, 1997) and memory weakening by the synaptic homeostasis 

mechanism (Tononi & Cirelli, 2003) in the same period. We will later address this difference 

in Section 6.6.3. 

6.4.2 Theories of memory consolidation 

Memory consolidation is the post-processing of memory traces, during which the traces may 

be reactivated, analyzed and gradually incorporated into the brain’s long-term memory 

(Maquet, 2001). Consolidation refers to processes occurring at different timescales (Squire & 

Alvarez, 1995) ranging from hours to years (decades) (Meeter & Murre, 2004). In this paper 

we will focus on consolidation taking place in humans from hours to days and also on 

consolidation taking place from months to years that is referred to here as systems 

consolidation.  

Consolidation from hours to days, has been observed for instance in visual skill 

learning (Karni et al., 1995) and motor skill learning (Shadmehr & Holcomb, 1997), in which 

after a night of sleep a particular skill is improved or is less vulnerable to interference by other 

skill learning (E. M. Robertson et al., 2004). The latter is also referred to as memory 

stabilization. Skill improvement and stabilization of all types of skills can be regarded as 
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consolidation of procedural memory. A general theory as to how this type of consolidation is 

taking place in the brain does not exist, but there is an assumption in the field that during 

consolidation memory is transferred to other parts of the brain. Some empirical evidence 

supports this. For motor skill learning it has been established that during learning the skill 

seems to be moved from the pre-frontal regions of the cortex to the pre-motor cortex, 

posterior parietal, and cerebellar cortex structures (Shadmehr & Holcomb, 1997). Other 

experimental proof of movement of memory through the brain has been provided by Izquirdo 

et al. (Izquierdo et al., 1997). They showed in rats for a step-down inhibitory avoidance task 

that the task dependence moved from the amygdala and hippocampus through the entorhinal 

cortex to the parietal cortex.  

Systems consolidation is the consolidation taking place from months to years in 

humans and foremost explains the Ribot gradient. This gradient of retrograde amnesia, where 

recent memory traces are not available, was first proposed by Theodule Ribot (Ribot, 1881), 

who suggested that recent memories might be more vulnerable to brain damage than remote 

memories. This has indeed been found in experimental animals and patients with damage to 

the hippocampal memory system (Kim & Fanselow, 1992; Kopelman, 1989; Squire, 1992). It 

can be explained by assuming that memories are first dependent on a hippocampal memory 

system for their retrieval. Through consolidation they gradually become stored in the 

neocortex, making them independent of the hippocampal system (Squire & Alvarez, 1995; 

Squire et al., 1984).  This interpretation of memory consolidation is the conventional or 

standard theory of systems consolidation (Meeter & Murre, 2004). We will further discuss 

systems consolidation and its relation with self-repair in Section 6.6.2.  

 

6.5 Redundancy 

Redundancy, as we have argued in Chapter Two is provided by the connectionist properties of 

memory distribution and the possibility of neural groups to participate in multiple memory 

traces. To show that models of memory maintenance and memory consolidation have 

redundancy we will show that their theory and models are either embedded or implemented in 

connectionist models.  

 The theory of dynamic stabilization has not been implemented in a computational 

model until now (Kavanau, 1996, 1997). As we will argue in Section 6.6, however, the 

simulation of this chapter can be regarded as a possible implementation of the theory, because 

of its resemblance to the self-repair algorithmic scheme. In addition to its similarity on 
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algorithmic level, it also shares its ideas about how memory is embedded in a system of 

neurons and synapses. These ideas about memory lead to a similar conclusion as was made by 

the theory of self-repair. In the words of the theory of dynamic stabilization: “From these 

studies and the foregoing, it is evident that the neural substrates for many functions are 

redundant, that they are widely distributed in cortical and subcortical areas, and that the 

areas may be multi-functional, involved in both cognitive and non-cognitive functions 

(pp.30)” (Kavanau, 1997). With “these studies” is meant lesion studies and with “foregoing” 

is meant distributed interactive neural systems that can participate in several functions. The 

latter is similar to what the theory of self-repair is arguing about the typical connectionist 

property of shared information in different neural traces, discussed in the introduction of this 

chapter, which is providing the brain redundancy. The main point of the theory of dynamic 

stabilization for the theory of self-repair is that Kavanau (Kavanau, 1997) provides its claim 

of brain redundancy with extensive argumentation and illustrates it with many examples.  

 Weight decrease or unlearning has been implemented (and investigated by 

implementation) by Hopfield (Hopfield et al., 1983), Christos (Christos, 1996), and van 

Hemmen (Hemmen, 1997) in connectionist models. In addition to this, as was discussed in the 

Section 6.4 about maintenance, Crick and Mitchison (Crick & Mitchison, 1983) ascribe the 

brain connectionist properties. Amongst them was the property of redundancy that Crick and 

Mitchison (Crick & Mitchison, 1983) named robustness. Other memory properties they 

mention are the properties of distribution and superimposedness. The latter refers to the fact 

that a brain structure can have multiple functions (see Chapter Two). The multi-functionality 

of memory is similar to the typical connectionist redundancy discussed above by the theory of 

dynamic stabilization that was mentioned before in the introduction of this chapter. A 

difference being that the theory of self-repair does not take redundancy as an axiomatic 

property of the brain, but explains it in terms of the other two properties (see Chapter Two).  

Tononi and Cirelli did not (yet) implement the theory of synaptic homeostasis (Tononi 

& Cirelli, 2003) in a model. Tononi, however, did built with Hill (S. Hill & Tononi, 2004) a 

very large scale visual thalamocortical model to investigate thalamocortical functioning in 

waking and sleep. Their model comprises detailed physiological properties as well as detailed 

anatomical organization at different levels: from the level of intrinsic cellular currents and 

synaptic conductances to that of the connectivity within and between cortical and thalamic 

areas. Although the synaptic homeostasis mechanism was not implemented in this model it is 

suggested that the model can be a starting point for investigating different theories of sleep. 

This illustrates how the sleep hypothesis is embedded in connectionist theory. 



Chapter 6     128 

 

The theory of neural regulation has been implemented in a connectionist model see for 

example Horn et al. (Horn et al., 1998a) and Horn et al. (Horn et al., 1998b). 

To our knowledge, there are no computational models simulating procedural 

consolidation, which is not surprising since there is no general theory proposing how it takes 

place in the brain. There are numerous models of systems consolidation of which some will be 

discussed in Section 6.6.2. To our knowledge they are mostly connectionist models implying 

that they all possess the property of redundancy.  

All discussed theories and models of memory maintenance and memory consolidation 

theories can be modeled in a connectionist system. As Fenn et al. (Fenn et al., 2003) put it: “If 

performance is reduced by decay, sleep might actively recover what has been lost, 

presumably by an interaction between partially retained memories (words) and partially 

retained mappings that resulted from learning the word set (pp 616)”. Their remark was 

meant for memory consolidation, but it is evident that the same principle also applies to 

memory maintenance and repair of memories.  

6.6 Self-repair: maintenance of redundancy 

In the previous section we discussed one aspect of the self-repair theory, namely redundancy. 

In this section we discuss the other aspect of the self-repair theory, that is, the process of 

continuous repair or self-repair. In Section 6.6.1, we first go into the process the similarities 

between self-repair and memory maintenance. We will then in Section 6.6.2 list the 

similarities between self-repair and memory consolidation. Finally, in Section 6.6.3 review all 

empirical evidence of memory maintenance and memory consolidation that is also supporting 

self-repair. 

6.6.1 Self-repair and memory maintenance 

The dynamic stabilization theory of Kavanau (Kavanau, 1996, 1997) proposes that during 

sleep internally generated rhythms activate phylogenetic critical neural circuitry, after which it 

is reinforced by, for instance, long-term potentiation (LTP). One possible scheme, suggested 

by dynamic stabilization, purports that all memories have an activation probability, 

irrespective whether they are ontogenetic or phyologenetic memories. This is very similar to 

the self-repair scheme in which there is random selection of memories that is able to select 

any memory. Connections are, furthermore, updated with a Hebbian learning rule. The 

similarities between dynamic stabilization with the random selection scheme of memories and 

self-repair imply that the self-repair simulation of this chapter can be regarded as a simulation 
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of dynamic stabilization. The other scheme of dynamic stabilization selects only memories of 

the phylogenetic type. This scheme is easier than the random selection scheme, because to 

select such a specific type the cues have to be more informed than random cues avoiding 

runaway problems. With an informed cue is meant that it is strongly associated to a stored 

memory. 

In Section 6.4 we suggested that unlearning is incorporated in a similar algorithm as 

consolidation, where memory representations are selected by random cueing. The only 

difference between the self-repair algorithm and unlearning algorithm is that instead of 

Hebbian learning anti-Hebbian learning is used, where neurons that fire together are decreased 

instead of increased. Unlearning does not seem to work well in suppressing runaway attractors 

in a system with ongoing learning and unlearning. One of the main reasons is that the newly 

acquired memories are those most preferred for unlearning (Christos, 1996; Meeter, 2003). In 

other words, they have the highest probability of being selected for unlearning (see Chapter 4 

for an explanation).  

As was mentioned in the previous section, neural regulation has been implemented in 

a connectionist model. It consists of two phases. A first phase in which the basin of attraction 

of the different memories is tested by randomly activating the network. A second phase in 

which the different memories are scaled according to their attractor strength by a 

normalization plasticity rule that is adapting the weights (Horn et al., 1998a, 1998b). There 

seem to be two differences with the self-repair algorithm, namely the time scheme of the 

different parts of the algorithm and the learning rule. The first is not a real difference, as we 

have argued in the previous section, self-repair models a process over time. We have modeled 

this by self-repair at each time step of the simulation. The time scheme of self-repair, 

however, can be modeled differently with self-repair at every 50th or 100th etc. time step. 

Critical for successful self-repair is that the amount of self-repair is in balance with the 

amount of damage, where the frequency of self-repair is only one parameter determining the 

balance (see Chapter Five for a more elaborate discussion). The second difference between 

self-repair and neural regulation concerns the learning rule. This is also not a problematic 

difference, as will be explained in section 6.6.3. Interesting to note, is that neural regulation 

may be able to substitute the learning rule used in the model of this chapter, because 

computational simulations have shown that it can to some extent rid noise from connections 

similar to self-repair. 

In summary, the theory of dynamic stabilization, hitherto not implemented, can be 

regarded as an instance of the simulation presented in this Chapter. Two of the maintenance 



Chapter 6     130 

 

theories share the randomly generated cues and therefore the random selection of memory 

representations with autonomous self-repair. In the other theories the rhythms driving the 

maintenance process play a pivotal role, but they do not have to be necessarily randomly 

generated. This is also the case with the self-repair theory. As was argued in Section 6.5, all 

theories can be regarded as connectionist theories and they, therefore, possess a similar 

connectionist spreading activation rule as self-repair. One theory, the theory of dynamic 

stabilization, shares with the theory of self-repair the assumption of a memory strengthening 

mechanism that might be Hebbian. 

6.6.2 Self-repair and memory consolidation 

Although neurobiological models for procedural consolidation do not exist, one assumes that 

Hebbian learning is part of the mechanism responsible for procedural consolidation 

(Muellbacher et al., 2002). Several models exist for the consolidation of declarative memory. 

One model implementing the standard theory of consolidation entails a fast learning system, 

the hippocampus, that integrates newly acquired knowledge in the cortex, which is a slow 

learning permanent memory store (Alvarez & Squire, 1994; McClelland et al., 1995; Murre, 

1996). In the standard theory, the consolidation of (long-term) memory is by the strengthening 

of cortico-cortical connections. There are also computational models implementing another 

type of system consolidation, among them the multiple trace theory (Nadel et al., 2000) that 

assumes consolidation is the strengthening of hippocampal-cortical connections. 

Models implementing the standard theory of consolidation slowly incorporate 

memories in the cortex which eventually become independent from the cortex by a rehearsal 

or pseudo-rehearsal procedure. In the rehearsal procedure the memory representations 

themselves are rehearsed. In the pseudo rehearsal procedure a memory representation is 

retrieved by randomly cued activation (Alvarez & Squire, 1994; Meeter, 2003; Murre, 1996; 

Robins, 1996). After the memory representation has been activated, it is strengthened through 

Hebbian learning or a backpropagation learning rule. The algorithmic scheme of consolidation 

is thus exactly similar to the self-repair scheme. Consolidation models implement the idea that 

the cortical trace relies on the hippocampus until it is strong enough, thereby underlining the 

idea that cortical memory reinforcement is taking place. This is a difference with the self-

repair theory. Although the emphasis of this thesis is on cortical self-repair (Chapter Two and 

Chapter Five), self-repair is not restricted to the cortex and may take place in other places of 

the brain. 



Self-repair of neural circuits during sleep         131 

 

The multiple trace model (Nadel & Moskovitch, 1997) implements another type of 

system consolidation. Cortical memory representations or traces are selected by random cues 

from the hippocampus. Traces are then created between hippocampus and cortex by Hebbian 

learning. Thus, the algorithmic scheme is the same as the first type of consolidation and also 

of self-repair. However, instead of weight strengthening in the cortex the emphasis is on the 

formation of hippocampal-cortical connections, although their model does not exclude the 

formation or renewal of cortico-cortical connections. Moreover, support for cortical memory 

reinforcement comes from another computational model of the second type of systems 

consolidation. This takes the plasticity of cortex as an assumption (Kali & Dayan, 2004). This 

being so they want to show with their simulations that the hippocampus is always necessary 

as an index system to associate an input pattern with a given (changing) cortical pattern. Their 

theory implies that the cortex is plastic, and therefore can carry out cortical self-repair. 

The discussed models of systems consolidation, thus, show a great similarity to the 

model of self-repair. The consensus in the consolidation models regarding the activation cue 

is that patterns are selected by random activation. As to the learning mechanism, most of the 

models comprise weight strengthening through Hebbian learning. A significant difference, 

however, with the model of self-repair is that consolidation is supposed to strengthen new 

memories, while for self-repair the type of memory is not important. Moreover, the process of 

rehearsal that strengthens the cortical trace can also automatically strengthen other neural 

assemblies involved in the new cortical memory trace by Hebbian learning. This is made 

possible by the above mentioned connectionist redundancy of memory representations of 

participation of neural groups in multiple memory traces. 

6.6.3 Experimental data of memory maintenance and memory 

consolidation supporting self-repair 

The self-repair algorithm consists of three steps. The first and second step of the self-repair 

algorithm concerns the activation cue and the activation rule of the nodes. Together they 

determine the selection of memories. The second step concerns the spreading activation rule 

that is depending on the particular connectionist model. Relevant to the type of self-repair is 

whether the activation rule is similar for every node in the model, in which case random 

selection according to a uniform distribution is possible. For most connectionist models 

discussed in this Chapter this holds. We will, therefore, not consider the second step further 

and will only discuss the first and third step of the self-repair algorithm.  
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The first step of the self-repair scheme consists of the activation cue. Since we try to 

approximate a random selection of memory representations, we used a random cue. We 

simulated this in the model of this chapter by giving each input node an equal activation 

probability. Three computational models of maintenance, dynamic stabilization, unlearning, 

and neural regulation, and all computational models of systems consolidation use random 

cues for unlearning or consolidation. In the theory of dynamic stabilization, activation does 

not necessarily have to be random, but it is essential for dynamic stabilization that cues during 

the night are able to activate important phylo- and ontogenetic memory representations. The 

theory of unlearning assumes that random selection selects spurious memories. In case of 

synaptic homeostasis, random cues are used to determine the basis of attraction of memory 

representations. With consolidation, random cues are used to activate at least newly acquired 

memories. 

Several intrinsic brain rhythms during sleep have been mentioned to drive 

maintenance and consolidation, viz. the theta rhythm of REM-sleep (Pavlides et al., 1988), the 

field irregular sharp waves of non-REM sleep (Buzsaki, 1989), and ponto geniculo occipital 

(PGO) waves (Horn et al., 1998b). Of the first two waves it is not known with any certainty 

whether they can be regarded as random cue(s). Supposedly, they are involved in memory 

reinforcement (Kavanau, 1997). Only the ponto geniculo occipital wave is supposed to be 

random (Crick & Mitchison, 1983; Horn et al., 1998b). According to Sejnowski and Destehxe 

(Terrence J. Sejnowski & Destexhe, 2000) the rhythms during slow wave sleep seem perfect 

for consolidation. They suggest that slow wave sleep spindles that are low amplitude low 

coherent fast oscillations select or prime certain memory representations. The spindles are 

alternated with the typical slow wave pattern that has high amplitude and highly coherent 

slow oscillation, which stores the selected memories. Spindle periods are supposed to be brief 

compared to the typical slow wave pattern.  

In the literature, different candidate rhythms have thus been suggested. It is, however, 

hard to establish whether they can be identified as the activation cues of self-repair and 

whether they are random.  

The third part of the self-repair algorithm is the plasticity mechanism. With the 

dynamic stabilization theory and also the different systems consolidation theories, the 

emphasis is on reinforcing weights in particular by Hebbian learning. Evidence for memory 

reinforcement, therefore, will have to come from these theories. 

The theory of dynamic stabilization provides the following data for memory 

reinforcement. It first mentions data of Roffwarg, Musio, and Dement (Roffwarg et al., 1966) 
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of the requirement of spontaneous, repetitive excitations of neural circuits during REM sleep 

to facilitate circuit development and maintenance. Then, it mentions several other data 

confirming the requirement of spontaneous, stereotyped activations of neural circuits for 

maintenance in development (Changeux & Danchin, 1976; Hobson, 1989; Jacobson, 1991). 

Other supporting experimental data for memory reinforcement found in the adult are the data 

of circuit consolidation and reinforcement during REM sleep (Karni et al., 1994) and NREM 

sleep (Pavlides & Winson, 1989; M. A. Wilson & McNaughton, 1994). 

Memory consolidation is the strengthening or fixating of memory representations into 

memory. Any data supporting memory consolidation therefore support memory reinforcement 

as proposed by the self-repair theory. Supportive data have been found for different forms of 

consolidation of procedural memory, i.e. motor consolidation (Brashers-Krug et al., 1996; 

Huber et al., 2004; Karni et al., 1995; Muellbacher et al., 2002; Shadmehr & Holcomb, 1997), 

perceptual consolidation (Karni et al., 1994; Mednick et al., 2002), consolidation of 

categorization (Gais et al., 2000; Robert Stickgold et al., 2000), and the consolidation of 

generalization of words (Fenn et al., 2003). For instance, Mednick et al. (Mednick et al., 

2002) found that short naps with only SWS are sufficient for perceptual memory 

consolidation. There is no direct evidence that Hebbian learning is involved in procedural 

learning, only indirect evidence. For instance, for motor skill learning evidence is available 

that the primary motor cortex is involved in procedural consolidation (Muellbacher et al., 

2002). Also LTP and LTD are observed after motor skill learning (see for example Hess et al. 

(Hess et al., 1996) and Hess and Donoghue (Hess & Donoghue, 1996)). 

Systems consolidation also supposes that memory is strengthened, but strengthening 

takes place in a larger time scale than procedural consolidation. The hypothesis of systems 

consolidation models as described in the previous section is that strengthening of memory 

takes place in the cortex. Meeter and Murre (Meeter & Murre, 2004) provide evidence for this 

coming from neuropsychology, fMRI, and neurobiology. Important evidence from 

neuropsychology is the Ribot gradient mentioned in Section 6.4.2 that has been found many 

times in humans (Albert et al., 1981; Beatty et al., 1988; Kopelman, 1989; Kritchevsky & 

Squire, 1989; Squire et al., 1989). The Ribot gradient has, furthermore, been found in 

different kinds of animals (Squire, 1992). One has to keep in mind that in animals it is of a 

smaller timescale, ranging from weeks to months instead of months to years. Another 

interesting finding from neuropsychology, where the emphasis is on cortical strengthening, is 

that in case of reversible damage of retrograde amnesia, recovery can take place after a night’s 

sleep (Whitty & Zangwill, 1977). This supports the notion of self-repair during sleep. Meeter 
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and Murre (Meeter & Murre, 2004) mention several convincing neurobiological studies of a 

temporary role of the hippocampus and the strengthening of cortical traces. For instance, the 

experiment of Frankland et al. (Frankland et al., 2001) shows that mice with impaired cortical 

long term potentiation are able to acquire new memories, but unable to retain them. This 

suggests that the hippocampus is able to acquire new memories, but that the cortex is unable 

to retain them, because cortical traces cannot be strengthened by long term potentiation. Other 

relevant studies are from Bontempi et al. (Bontempi et al., 1999) and Izquierdo et al. 

(Izquierdo et al., 1997). For more details and a discussion see Meeter and Murre (Meeter & 

Murre, 2004). 

As we mentioned at the end of the section about theories of maintenance, there seems 

to be a discrepancy between reinforcement and normalization, in particular the downscaling of 

synaptic homeostasis. Although the two processes seem to be contradicting each other, this is 

not necessary so and they may even be complementary as was also suggested by Tononi and 

Cirelli (Tononi & Cirelli, 2003).  As was investigated in the previous chapters, neither a self-

repair process with only Hebbian learning (Chapter 3) nor simple normalization as is used in 

the model of this chapter can work (not reported data). Otherwise, memory problems like for 

instance spurious and runaway memories will arise. They both have to be present for 

successful self-repair. These processes can take place (almost) simultaneously in a single time 

step as is the case in the computational simulations of this chapter. The simultaneously taking 

place of the two processes is also suggested by simulation studies showing that normalization 

is an intrinsic process of spike time dependent plasticity. They may, however, take place in 

separate periods too. An example of the latter comes from Tononi and Cirelli (Tononi & 

Cirelli, 2003) who suggest that potentiation takes place during daytime and normalization 

takes place during sleep. Until now other possibilities like potentiation and normalization 

during the same sleep stage are not excluded by the empirical data. 

There thus is a wealth of data provided by different theories of memory maintenance 

and memory consolidation for memory reinforcement. In addition other plasticity 

mechanisms, not necessarily taking place during sleep, can play a role in self-repair and might 

be complementary to memory reinforcement.  

 

6.7 Discussion 

In this chapter, we investigated the hypothesis whether self-repair through maintenance of 

redundancy takes place during sleep. The extended research question was whether 
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autonomous self-repair with randomly cued activation takes place during sleep. We will first 

address the first research question and then the extended research question. 

To investigate the first research question we constructed a neurobiological sleep model 

in which we demonstrated self-repair with a three step algorithm. We opted for an overall 

fairly abstract connectivity with some biological plausible features to cover a thalamo-cortical 

model, but which also leaves open the possibility, for instance, for a hippocampal-cortical 

model. We reviewed, furthermore, two sleep processes of memory maintenance and memory 

consolidation. The similarities between self-repair on the one hand and the two sleep 

processes on the other hand can be summarized as follows. All theories of memory 

maintenance and memory consolidation are embedded in a connectionist framework. 

Therefore, all these models possess redundancy. They share parts, one or more steps, with the 

three step self-repair algorithm. (1) With respect to the first step, the cue, if neurons are 

activated by a random cue the self-repair algorithm is similar to many memory consolidation 

algorithms (Alvarez & Squire, 1994; Murre, 1996; A. Robins & McCallum, 1998). In this 

case the activation cues are supposed to be associated with newly acquired memories. If the 

activating cues are associated with phylogenetic old memory circuits critical for the 

functioning of an organism that are not activated during daytime (Kavanau, 1996, 1997), it is 

similar to memory maintenance. (2) With respect to the second step, the spreading activation 

rule, since all theories of maintenance and consolidation are implemented or embedded in 

connectionist models, the general way of how memories are selected is also similar to the 

model of self-repair. (3) As far as the plasticity mechanism is concerned, the third step of the 

self-repair algorithm, all theories of memory consolidation assume a Hebbian like plasticity 

rule. Some theories of memory maintenance also assume such a Hebbian plasticity rule. Other 

maintenance theories assume different plasticity rules, but are not contradicting self-repair and 

can be complementary to the Hebb rule. A summary of similarities between the self-repair 

theory and theories of memory maintenance and memory consolidation is given in Table 6.2. 

The conclusion is that both the model and the data support the hypothesis of self-repair during 

sleep. 
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Table 6.2. Summary of similarities between the self-repair theory and theories of memory maintenance and 

memory consolidation (a + is a similarity, a – is a difference and a ? is that it is unknown). 

 

 

 The second research question whether autonomous self-repair with randomly cued 

activation takes place in the brain, was simultaneously addressed with the first research 

question. We constructed a neurobiological sleep model in which we demonstrated 

autonomous self-repair with randomly cued activation. The review, furthermore, shows that 

many theories and models of the discussed sleep processes use random activation. Also in 

case of dynamic stabilization the activation cues can be random, because they can as well 

activate old phylo-genetic memories. Thus, the model and the data also support the extended 

hypothesis of randomly cued self-repair during sleep. 

Despite the similarities between the three processes of memory maintenance, memory 

consolidation, and self-repair, differences can be noted also. The main difference lies in their 

objectives: maintenance aims to stabilize memory, consolidation aims to consolidate newly 

acquired memory, and the goal of self-repair is to repair (small) damage. Though the 

objectives may be different, the many similarities in the algorithmic scheme suggest that one 

process can carry out other processes. For instance, consolidation may be able to repair 

memory. As a consequence, self-repair may be a by-product of consolidation and 

maintenance, or they can all be aspects of a single mechanism. 

It is hard to determine what the main process of the brain is and what the by-product, 

as it is already hard to validate any of these processes. Even for the most advanced research 

topic of memory consolidation, there is not yet definite proof. This has lead Hairston and 

Similarities between self-repair theory and theories of memory maintenance 

and memory consolidation
Table 6.2
Sleep theory connectionist theory: Activation by Hebbian 

 redudancy + spread random stimuli Plasticity rule

 of neural activation

Dynamic stabilization + + +
Unlearning + + -
Synaptic weakening + ? -
Neural regulation + + -
Skill consolidation interference + ? +
Skill consolidation consolidation + ? +
Standard theory of systems + + +
consolidation
Alternative theory of systems + + +
consolidation
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Knight (Hairston & Knight, 2004) to suggest that the ‘reverberating circuits’ may be a by-

product of design for another purpose (than consolidation). Moreover, according to Meeter 

and Murre (Meeter & Murre, 2004) consolidation may continue for years and even decades. If 

this is the case, consolidation will be very similar to the theory of dynamic stabilization, 

where memories have to undergo stabilization or fixation for the rest of the lifetime. Thus, if 

the brain would have a main process, all possibilities are still open. A speculative argument 

that this may be self-repair runs as follows: this chapter and other chapters show that self-

repair can provide the brain with the advantage of extending memory lifetime. It can be the 

immune system of the brain. A memory system possessing this property provides it with a 

great evolutionary advantage. It may be that evolution first selected organisms possessing this 

property and that later, as a side effect, the same mechanism or slight variations of it could be 

used for the maintenance of old phylogenetic memory and/or for integrating newly acquired 

memory. The theory of self-repair is simple and may be favored by Occam’s razor, as it 

explains strengthening of any type of memory and not just of one particular type of memory. 

Whatever the answer may be, this chapter shows that there is evidence for a self-repair 

process during sleep that deserves further investigation.  
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Appendices 

Appendix A. Connectivity of the model 

The typical connection density of the network is shown in Figure 6.3.  

 

Table 6.3. This table shows the connection density between the different maps.  

Connection density function

Table 6.3

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
sensory - subcortical      1.0  1.0  1.0  1.0   0     0     0     0  no inter-connectivity

subcortical - cortical      1.0  1.0  1.0  1.0   0     0     0     0 no inter-connectivity

cortical - subcortical      1.0  1.0  1.0  1.0   0     0     0     0 no inter-connectivity

cortical - cortical       0    1.0  1.0  1.0  1.0  1.0   0     0 no inter-connectivity

cortical - cortical-inhibitory       0    1.0  1.0  1.0  1.0  1.0   0     0 no inter-connectivity

cortical-inhibitory - cortical       0      0    0     0     0     0   1.0  1.0 no inter-connectivity

 

 

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. The distance between these neurons is zero. 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. There is no 

connectivity between assemblies, except when indicated (see for example the simulations of 

Figure 6.3). Cortical neurons have (inhibitory) connections with inter-neurons that have a 

radial distance of 6 and 7. 

The weight of a connection is determined as follows. An average weight of each 

connection is calculated by dividing 1 by the number of connections in an assembly. We call 

this number the average (weight). The weight of a connection is further calculated by adding a 
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random number drawn from a uniform distribution U(min, max), where min is  -0.5*average 

and max is 0.5*average. Each weight is multiplied by a constant c that controls the neural 

activity in a map. This constant is different for the different projections. It is five for the 

cortico - cortical-inhibitory projection, eight for the cortico-inhibitory – cortical projection, 

and one for all other projections. 

Appendix B. The neural model and plasticity rule 

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 is a tradeoff between neural plausibility and 

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

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

milliseconds. 

 The membrane potential U is dependent on the sodium, potassium and chloride 

currents over the membrane. It can be described in the following differential equation: 

0( ) ( ) ( ) .k ex in

k ex i

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

dt
�= � � � � � � � �                      (B1) 

Here –�U is the leak current, gex the excitatory conductance, Eex the natrium reversal potential, 

gi the inhibitory conductance and Ei the chloride reversal potential. The parameter governing 

the leak current is different for each map and given in Appendix D.   

             Adaptation is modeled by the potassium conductance gk with the following equation: 

,k k

Gk

dG g
bS

dt �

�
= +                                                         (B2) 

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

specified in Table 6.4, along with other neural parameters.  

       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=�                                                          (B3) 

where wij is the weight from node j to node i, and Sj is the dichotomous spiking variable of 

node j. The weight wij is negative in the case it is inhibitory. 
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Table 6.4. This table shows the values of the neural parameters of each map. 

Table Neural parameters

Table 6.4

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
�

 

 

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

threshold �.  

0    

1    

if U
S

if U

<��
= �

� ��
                                                         (B4) 

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

 In the model the Singer-Hebb learning rule (Singer, 1990) is applied. In this learning 

rule, a weight changes 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. This results in the following learning rule:  

  ( , ) 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

= + =�
�

� = � = + =�
�
�

 ,                      (B5) 

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

output S is determined by equation (4). To keep the weights between bounds 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+ = + � .                               (B6) 

We use the following inward normalization rule:   

( )
( 1)

( )
ij

ij

ij

j

w t
w t

w t
+ =

�
,                                                   (B7) 

where the weights of a neuron are synchronously updated.  
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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 research group (www.neuromod.org/nutshell).
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