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1. Introduction 
1.1 Introduction: self-repair as maintenance through redundancy 

This thesis focuses on self-repair as maintenance through redundancy and investigates the 

hypothesis that this type of self-repair is a property of neural networks of the brain. Self-

repair-through-maintenance is ubiquitous in nature. It can be found in nearly all organisms on 

many different levels ranging from amoebe to primates.  Indeed, the very fundament of 

genetic evolution, the double helix structure, allows DNA to repair itself (Ayala & Kigger, 

1982). A striking example that nicely illustrates the power of self-repair is the Dienococcus 

radiodurans, a radiation-resistant bacterium that is able to survive under conditions of 

starvation and oxidative stress. Its DNA self-repair and genetic redundancy enable this 

organism to withstand severe ionizing and ultraviolet irradiation effects (White et al., 1999). 

A more common example of self-repair at the molecular level is presented by the human skin, 

which repairs itself in a process of replacement that goes on continuously, even in the absence 

of trauma, although there is considerable fine-tuning depending on wear and tear. Skin also 

repairs areas of lost tissue. 

There is ample evidence of recovery after brain injury (Bach-y-Rita, 1990; Cotman & 

Nieto-Sampedro, 1982; Elbert & Rockstroh, 2004; Kolb, 1995; Kolb et al., 1987; Kolb et al., 

1997; Marshall, 1984; I. H. Robertson & Murre, 1999; Taub et al., 2002) suggesting a self-

repair capacity of the brain. Based on such data Robertson & Murre (I. H. Robertson & 

Murre, 1999) distinguishes a triage of recovery: autonomous recovery, guided recovery, and 

compensatory recovery. Each type of recovery is associated with a type of lesion: autonomous 

recovery with a mild lesion, guided recovery with a moderate lesion, and compensatory 

recovery with a severe lesion. A mild lesion will recover spontaneously and specific external 

stimulation or a rehabilitation program is unnecessary. With a moderate lesion, 

representations are potentially reusable and restitution may be possible given appropriate type, 

timing, and frequency of stimulation. A severe lesion will not recover and only compensation 

by other brain areas is possible.  

To explain the data of the different types of recovery Robertson & Murre (I. H. 

Robertson & Murre, 1999) proposed a model of self-repair by maintenance through 

redundancy. With a mild lesion, sufficient redundancy is still present and the brain can 

recover with the available information present in the damaged neural circuits. In case of a 

moderate lesion, redundancy in the neural circuits is insufficient and a rehabilitation program, 
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which can provide the missing information, is needed to restore the damaged neural circuits. 

In case of a severe lesion, there is insufficient redundancy left and no rehabilitation program 

can restore the damaged neural circuits. If the wrong type of stimulation or rehabilitation 

program is applied to a lesion it may result in maladaptive repair. In this case erroneous 

information is fed into the repair process and wrong connections are enhanced, which may 

lead to brain disorders like phantom limb disorder (Elbert & Rockstroh, 2004; I. H. Robertson 

& Murre, 1999). One goal of this thesis is to develop a model that is able to model the triage 

of recovery. The development of this model will contribute to the other goal of this thesis, 

namely to demonstrate that self-repair is possible in the brain. These goals will be further 

explained in Section 1.3. In the next section, we will present the connectionist model that can 

model the triage of recovery. This model is based upon the idea of maintenance through 

redundancy. We call this the self-repair model.  

 

1.2 The self-repair model 

1.2.1 Modeling the triage of recovery 

In Chapter Two, we will construct a connectionist model of self-repair by maintenance 

through redundancy based upon empirical data. In this model redundancy resides in its 

connectivity. The capability of repair is provided by plasticity mechanisms that restore 

connectivity. Self-repair is the continuous repair over time. The self-repair model consists in 

addition to repetitive repair of repetitive lesions. To simplify the model, we regard it as 

consisting of consecutive lesion-repair cycles similar to the procedure of serial lesion 

experiments (see Chapter Two). In a cycle repair or a lesion can be omitted, which results in 

different frequencies of self-repair and lesions over time.  

A lesion is modeled by adding a (negative) number to the connections. Self-repair is 

modeled by feeding the network with a stimulus and applying a given plasticity mechanism to 

the connections, which also results in a change of the connections. The triage of recovery can 

be modeled by having different types of lesions, different types of self-repair, and 

manipulating frequency of damage and self-repair. Below we will discuss in more detail how 

lesions and self-repair are modeled. One has to keep in mind, however, that the way they can 

be modeled depends on the type of connectionist network. More neuro-biological detailed 

models usually have more options and parameters to model them. 

To model a particular type of lesion one can vary parameters of lesion size and lesion 

distribution. The size of a lesion can be for instance a number drawn from a uniform 
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distribution between a minimum and a maximum number. Another possibility is to put some 

of the connections to zero. In this thesis, putting the weights of a particular neuron to zero 

means that the synapses are lost, but because we simulate synaptic re-growth their values can 

increase again. The lesion distribution determines which portion of connections will be hit by 

a lesion. For instance, damage will hit an area of the network containing a specific set of 

memory representations. 

 Self-repair has as variables the stimulus type and type of plasticity mechanism, where 

each variable can have several parameters. The most important parameter for stimulus type is 

how similar or dissimilar the stimuli for self-repair are from stimuli that can retrieve stored 

memories. In a simple connectionist network, like the Hopfield network (Hopfield, 1982) that 

will be discussed below, the difference between two stimuli can be measured with the 

Hamming distance. 

 In Chapter Two, we will discuss neuro-biological data of plasticity. The Hebbian 

learning mechanism is derived from this data. To illustrate repair with a plasticity mechanism, 

we will discuss repair with the Hebbian learning mechanism in a simple feed-forward network 

and extend it to a Hopfield network (Hopfield, 1982). 

In neural network learning, one distinguishes between supervised learning and 

unsupervised learning. For a simple feed-forward network, supervised learning with Hebbian 

learning is as follows. An input stimulus is administered to the network by activating the 

nodes representing the input stimulus in the input layer. The output stimulus is administered 

by activating the nodes representing the output pattern in the output layer. This is shown in 

Figure 1.1. The two patterns are associated with each other by Hebbian learning. The Hebbian 

learning rule strengthens connections of active nodes and decreases the strength of 

connections of which one node is active and the other is inactive. In the Hopfield network, the 

input layer is the output layer and in case of auto-associative learning, the input stimulus is 

similar to the output pattern.  

In the Hopfield network unsupervised learning is as follows. An input stimulus is 

administered to the network by activating the nodes representing the input stimulus in the 

input layer. The activation caused by the stimulus is propagated through the network to the 

output layer that settles after some time. The association between input stimulus and output 

pattern in which the network settles can then be learned in a similar way as described above 

with a Hebbian learning rule. When a Hopfield network is initially empty, i.e. the weights of 

connections are zero, the network will always settle into an output pattern with no activated 

neurons at all. 
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Figure 1.1. An example is shown where an input pattern, a letter A, is associated to an output pattern, which is a 

letter E. At time step t the input pattern A is presented to the input-layer. Then at time step t+1 the output pattern 

E is activated in the output-layer. 

 

One way to solve this problem is to initialize the connections with random values before 

learning such that an input pattern will be associated with some random output pattern. 

Another way to solve the problem is that after an input stimulus a random output pattern is 

constructed by activating nodes of the output layer randomly according to a given stochastic 

process. In this way, input stimuli will also be associated with a random output pattern.   

In the Hopfield network repair by relearning is carried out by the unsupervised 

learning procedure. Given that there are learned or stored patterns and the weights are 

damaged, first the stimulus used for storing the pattern is administered to the network. Then 

the network iterates for a while to settle or converge to an output pattern. An example of 

pattern convergence is shown in Figure 1.2. If the weights are not critically damaged, the 

network will still be able to completely retrieve the correct  

 

 

 

 

 

Figure 1.2. The figure shows how a random pattern converges to a given pattern. The pattern to which it 

converges is the letter E. 
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output pattern. The network will apply the Hebbian learning rule and the weights will be 

strengthened again.  

Given a certain type of connectionist model, we can model the triage of recovery with 

the self-repair model as follows. Severe lesions are modeled by lesions that cannot be repaired 

by any self-repair scheme. The two most important parameters to model guided and 

autonomous recovery are the relative frequency of lesions compared with repair and the self-

repair type. Relative frequency can be regulated by the number of times lesions or repair take 

place within one lesion-repair cycle (that could be zero). It is possible to simulate a recovery 

period with rehabilitation by alternating a self-repair type modeling guided recovery with a 

self-repair type modeling autonomous recovery and omitting lesions at all.  The guided 

recovery uses stimuli that are better able to retrieve memory representations than the stimuli 

of autonomous recovery. Also different types of plasticity rules can be used to model the 

different types of self-repair. The exact way how a different type of recovery has to be 

modeled should depend on the available empirical data. The different types of recovery can be 

used to classify different types of self-repair in the brain: guided recovery is guided self-repair 

and autonomous recovery is autonomous self-repair. 

 

1.2.2 Autonomous self-repair in connectionist models versus 

autonomous self-repair in the brain 

In the context of connectionist models, we can also distinguish different types of self-repair 

on the basis of the stimulus used for repair. In case of guided or supervised self-repair, a 

stimulus strongly associated with a stored pattern is used. This can for instance be a stimulus 

used during the training phase or a prototype of the training stimuli. Since with this type of 

self-repair we can determine what stimulus to provide to the network and how many times to 

administer it, we have control over which memory representation will be repaired and the 

degree of repair. In case of autonomous self-repair, a randomly generated cue is used to select 

a stored memory representation. Since with this type of self-repair a stochastic process is 

determining what stimulus is chosen and how many times it is chosen, we have no control 

over which memory representation will be repaired and the amount of times it will be 

repaired. Autonomous self-repair, therefore, is more difficult to operate reliably than guided 

self-repair. 

 There may be differences between autonomous self-repair in the brain and 

autonomous self-repair in artificial neural networks as discussed above. Autonomous self-
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repair in artificial neural networks is driven by randomly generated stimuli. In this case, any 

similarity between these stimuli and stimuli associated with stored patterns is a coincidence. 

Conversely, autonomous self-repair in the brain is probably triggered by stimuli that are more 

strongly associated with the stored patterns than are randomly generated patterns. That is 

because we assume that the brain is adapted to its environment. This implies that stimuli used 

for repair resemble the stimuli used for building the brain during evolution and during 

lifetime. Since autonomous self-repair of artificial neural networks is the most difficult form 

of self-repair to achieve in artificial neural networks, it represents a worst case scenario for 

autonomous self-repair in the brain. Self-repair in the brain probably resembles more the 

guided self-repair strategy of artificial neural networks. Thus, implementing autonomous self-

repair in artificial neural networks will show that the most difficult type of self-repair is 

theoretically possible, making its existence in the brain more likely. Another reason to focus 

on autonomous self-repair in connectionist models is that if we can succeed modelling 

autonomous self-repair, it is likely that we can also succeed in modelling other types of self-

repair. For these reasons in this thesis the stress is on autonomous self-repair. If we speak 

about autonomous self-repair, we mean self-repair with random stimuli. In the rest of the 

thesis, if we talk about autonomous self-repair in the brain that could be without random 

stimuli, we will explicitly mention this.  

 

1.3 Chapter overview 

1.3.1 Goals of the thesis 

This thesis aims to show that self-repair is a possible process taking place in the brain. 

Another goal is to lay the foundation for models of brain recovery after damage. To achieve 

the first goal we will construct a self-repair model based on neurobiological and behavioral 

empirical data (Chapter Two). We, furthermore, will show that self-repair can work by first 

demonstrating an ‘easy’ type of self-repair in a simple connectionist model, which is 

consistent with the model of Chapter Two, and later will demonstrate autonomous self-repair 

in that same model (Chapter Three). To make it more likely that self-repair can take place in 

the brain, we will derive from the model of Chapter Three a connectionist model that is more 

neurobiological detailed in which we will also demonstrate autonomous self-repair (Chapter 

Five). Thus, the strategy to prove that self-repair can work in the brain is to take the most 

difficult type of self-repair, namely autonomous self-repair. Remember from Section 1.3 that 

by demonstrating it in an artificial model we show that autonomous self-repair in the brain is 
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also more likely possible. Since autonomous self-repair will be the main focus of this thesis, 

Chapter Four will be devoted to derive some general characteristics of autonomous self-repair 

in connectionist systems of different complexity with a mathematical model. The goal of 

Chapter Six attempts to relate autonomous self-repair in connectionist systems with 

autonomous self-repair in the brain with random stimuli. Thus, autonomous self-repair in the 

brain is here equivalent to autonomous self-repair in connectionist systems. With these 

chapters and the argument of Section 1.3 that if autonomous self-repair can be modeled we 

are also able to model other types of self-repair, we will also lay the foundation for a model of 

brain recovery that is rich enough to model different data of brain recovery and rehabilitation.  

 Why do we want to demonstrate self-repair in different connectionist models? In other 

words, why is making one model based on the empirical data not sufficient? The reason is that 

connectionist models have properties about which the experimental data of Chapter Two does 

not say much. All models of this thesis with which we will investigate self-repair are 

connectionist models. In general, this class of models is famous for their neural plausibility 

compared to other type of memory and cognitive models.  This means that many properties of 

connectionist models are consistent with properties of the brain. If, however, we go into the 

details there are differences concerning similarity with the brain between the different types of 

connectionist models. For example, in the before discussed Hopfield there is no distinction 

between different types of neurons. The more neurobiological detailed models have more 

properties and parameters than the less detailed models. They, therefore, have a richer 

repertoire of neural behavior than the less detailed model. It, furthermore, is more or less 

assumed that the more biological detailed models are more similar to the brain. As we will 

also see in this thesis is that the more neurobiological detailed model allows implementing 

aspects of self-repair more realistically (Chapter Seven). 

Besides the question whether it is still a model, it is, however, practical impossible to 

model all details of the brain, because of the enormous computational cost. In general, the 

common practice is that a model is a result of a tradeoff between the particular research 

question and computational cost. This thesis is no exception to the common practice. The 

connectionist models of this thesis have a simulation run time such that it is possible to search 

for parameter values and replicate results.  

1.3.2 Detailed chapter overview 

In Chapter Two, we will address the question whether memory representations in the brain 

are endowed with a self-repair capacity. In order to answer this question, we will present a 
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theory of maintenance of redundancy and demonstrate how it can extend the lifetime of 

memory representations, enormously. We will review neurobiological data of redundancy and 

plasticity. With the data, we will argue that the brain possesses redundancy on different levels 

of the brain (synaptic, cellular, and neural circuit level) and maintenance is carried out by 

plasticity mechanisms in the brain. We will, furthermore, review behavioral data of the use-it-

or-lose-it principle and the serial lesion effect supporting redundancy, maintenance, or 

maintenance of redundancy. Based on the data we will build a model of self-repair. The 

model’s procedure of lesions followed by repair is similar to the serial lesion effect. The 

intensity of self-repair is dependent on external stimuli similar to the ‘use-it-or-lose-it’ 

principle. Redundancy is present as some form of abundance of connections, while plasticity 

mechanisms, derived from the plasticity data (Section 2.3.2) maintains redundancy at some 

minimal, safe level. Moreover, in a connectionist model implementing the self-repair model, 

we will demonstrate that self-repair is able to extend memory lifetime. Finally, we will show 

how the ideas of the self-repair theory can be applied to normal aging. 

Chapter Three is a first exploration of self-repair with mathematical and connectionist 

models. We will investigate redundancy, which in neural networks is present in the 

connections, with random graph theory. Then we will address the question whether self-repair 

is possible in connectionist models at all and what types of self-repair are possible. 

Concretely, the latter two research questions imply that we will study guided and autonomous 

self-repair in the classical connectionist Hopfield model (Hopfield, 1982). In a soft k-winner-

take-all network with stochastic neurons, we will also demonstrate self-repair and explore it 

further. Finally, we will discuss the necessity of self-repair in the brain and why we chose to 

model self-repair by changes in connectivity.  

The main topic of Chapter Four is to investigate random cued self-repair or 

autonomous self-repair with an analytical model. The model allows us to express memory 

retrieval in terms of probability. The aim is to derive results that can be applied to the more 

complex simulation models of the other chapters and the brain. The results will come from the 

following research questions: What will be the effects on system stability (1) of weight 

differences due to learning alone, (2) of weight differences because of learning and lesions 

together, (3) the activation probability, and (4) pattern size? System stability is expressed in 

the retrieval probabilities of the weakest and strongest memory representation. The first 

retrieval probability indicates the risk of a system of losing a memory representation. The 

second retrieval probability gives information about a possible runaway memory 

representation. Using the probabilities of the weakest and strongest memory representations as 
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a measure, we will show under which conditions the most difficult type of self-repair, 

autonomous self-repair, is possible. Since the brain fulfils the important condition of 

comprising many patterns, we will argue that autonomous self-repair is feasible in the brain. 

In Chapter Five, we will study autonomous self-repair in a more neurobiological 

plausible network. Questions addressed in this chapter are whether autonomous self-repair is 

possible in such a network and how to achieve it? The main difference with the models of the 

previous chapters is that this model possesses spatio-temporal properties that will allow us to 

relate data generated by the model to experimental data. The model is for instance more 

neurobiological detailed in network structure and neuron activation rule. It might represent for 

instance a small part of the primary somato-sensory cortex (SI), in which each neural 

assembly represents a finger of one hand.  

In chapter Six, we will investigate whether self-repair by maintenance of redundancy 

takes place during sleep. In particular we will address the question whether autonomous self-

repair with random cueing takes place during sleep. 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 the external stimuli. We 

will investigate the research question of self-repair during sleep by demonstrating in a 

neurobiological plausible model of sleep that self-repair works and extends the lifetime of a 

memory. The investigation will, furthermore, consists of a review of models and data of 

processes of memory maintenance and consolidation taking place during sleep. This review 

will show that processes during sleep may be able to carry out self-repair. It will, furthermore, 

explain that theories and models of these processes imply that the brain possesses redundancy 

as is proposed by self-repair. It will, finally, show that the processes of memory maintenance 

and memory consolidation are similar to the algorithmic procedure of self-repair. In 

particular, many theories of these sleep processes use random cueing as a way of activation.  

In the last chapter, we will discuss the main results of this thesis. Among others, we 

will discuss to what extent we have proven the hypothesis that self-repair by maintenance 

through redundancy takes place in the brain. In the context of the hypothesis, we will discuss 

why there is a need for self-repair and present an experiment to test the hypothesis. We will, 

furthermore, explain how models of this thesis can easily be applied to modeling recovery 

from brain damage. The type of damage of these models of recovery will not be small and 

diffuse as will be investigated in this thesis, but large and localized. In addition to model 

recovery from brain damage, we will discuss other future research with the models of this 

thesis.
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