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Self-repairing neural 
networks 
 

Abstract 

This chapter is a first exploration of self-repair with mathematical and connectionist models. 

We investigate redundancy, which in neural networks is present in the connections, with 

random graph theory. Then we 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 in this 

model. Investigations in these models show that with continuous lesioning and repair, the self-

repair process must be constrained, otherwise runaway processes lead to a degenerate 

representation where a single pattern overtakes all resources. Several such constraints are 

proposed and implemented. Finally, we discuss some issues regarding self-repair in the brain. 
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3.1 Self-repair as maintenance of redundancy 

This chapter explores how neural networks can repair themselves after a certain percentage of 

their connection weights has been removed or perturbed by addition of a noise term. Our 

approach to self-repair is based on maintenance of redundancy that remains after such diffuse 

lesions. The main question we will address in this chapter is whether self-repair is possible in 

connectionist networks at all.   

In neural networks, it is not immediately clear how much redundancy is present, 

because each neuron may support a different part of a representation and we cannot say that 

the neurons themselves are somehow copies of each other. The redundancy resides in the 

connections of the network. Self-repair is modelled by a three-step process in which (1) nodes 

are activated, (2) activation is allowed to spread over the rest of the connected nodes, and (3) 

connections are added between activated units or weights on existing connections are updated. 

This process is illustrated in Figure 3.1. Our repair mechanism uses the redundancy found in 

most types of attractor networks. One of the consequences of this redundancy is that if all 

synapses receive a small random perturbation, even an incomplete cue may still allow perfect 

recall of the original pattern. As we shall demonstrate, the success of the self-repair 

mechanism is strongly dependent on near-perfect retrieval.  

We will first investigate some of the characteristics of self-repair, mainly redundancy, 

using some of the results of the theory of random graphs. This is followed a brief analysis of 

self-repair in Hopfield networks (Hopfield, 1982). After having proven that self-repair can 

work in theory in Hopfield networks, we will investigate it further with simulation studies to 

find out the details and to find out whether self-repair with randomly generated cues 

(autonomous self-repair) is possible. It will be shown that autonomous self-repair can only 

work with an adapted Hopfield model. To attain a more realistic model of memory in this 

model, we will investigate overlapping patterns. We will further explore self-repair in a more 

complex network, namely in the neocortex part of a model of long-term memory (Meeter & 

Murre, 2005; Murre, 1996). In this model, we will also demonstrate self-repair and investigate 

the effect of stimulus type and learning rule that are two important parameters of self-repair. 

In the last section, we will discuss the necessity of self-repair in the brain and why we chose 

to model self-repair by changes in connectivity. 
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Figure 3.1. Schematic illustration of automous reconnection through maintenance of redundancy. The circles 

represent neural groups, while the lines indicate the tracts in the neural circuit. Activated neural groups are 

shown as black, filled circles. (a) A well connected, intact neural circuit. (b) After diffuse lesioning the same 

circuit is still connected but less densely. (c) Some neural groups become activated through an external cue. (d) 

Activation spreads through the circuit, while a Hebbian learning process forms connections, not necessarily the 

same as the original ones. (e) After this repair stage, the circuit is again well connected. (f) The resultant circuit 

is now less vulnarable to further lesioning, compared to its pre-repair state (b). 

 

3.2 Self-repair and random graph theory 

Random graphs have been analyzed extensively in the past decades (Bollobás, 1985). We will 

here use this framework to explore some of the limits of self-repair. An intact memory 

representation in a neural network, considered in isolation and ignoring overlap with other 

patterns, can be viewed as a connected random graph (a graph is called connected if path 

exists between each pair of nodes in the graph). Random deletion of connections (diffuse 

‘lesions’) may cause it to be no longer connected. Repair can counteract such critical lowering 

of the connectivity. If some nodes are activated (e.g., by a random ‘cue’), an entire 

representation will be activated through spreading activation. Through Hebbian learning new 

connections can then be added between activated nodes. This suggests that an analysis in 

terms of random graphs may be helpful in understanding self-repair in neural networks, which 

is what we shall explore in the next section.  
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In neural networks, most researchers speak of nodes or artificial neurons with 

connections between them. Using a different terminology, graph theorists define a graph G as 

a set of vertices V and a set of edges E that connect some or all of the vertices. In one basic 

model, a random graph Gp is defined as a set of vertices V = {1, 2, …, n} in which the edges 

are chosen independently with probability f, 0 < f < 1 (Bollobás, 1985, p.32). In the preface of 

his book from 1985, reviewing the theory of random graph theory since its beginning in the 

1950s by Erdös and Rényi (Erdös & Rényi, 1959), Bollobás remarks that  

“It is often helpful to imagine a random graph as a living organism which 

evolves with time. It is born with as a set of n isolated vertices and develops by 

successively acquiring edges at random. Our main aim is to determine at what 

stage of the evolution a particular property of the graph is likely to arise.” 

(p.ix).  

For the purposes of the present chapter, we take the inverse perspective and consider a 

random graph as the brain of a living organism that incurs diffuse lesions through synaptic 

turnover, aging, disease, and trauma. In this process, it loses connections at random and we 

are interested to know at what stage of neural decline certain properties are likely to vanish. 

Random graph theory has been applied usefully to other topics in neural networks, 

such as the theory of cell assemblies (Palm, 1982), the analysis of learning procedures in 

neural networks (Feldman, 2000), the aging brain (Cerella & Hale, 1994), models of synfire 

chains and the structure of the cortex (Bienenstock, 1995). The notion of self-repair in the 

brain is derived in part from the field of reliability engineering: Earlier work on this related to 

recovery from brain damage, considers failure rates of parallel and serial subsystems in the 

brain under various conditions (Glassman, 1987). This work, however, does not pursue 

subsystems that are connected in complex ways (i.e., not either strictly serial or parallel), 

because such connection patterns give rise to very complicated mathematics. We approximate 

this more general case with random graph theory. Our approach differs from an earlier model 

by (Petsche & Dickinson, 1990). They propose an intricate neural network based on so called 

trellis codes (a form of redundant coding), which is not only fault-tolerant but also able to 

repair itself. Their model hinges on using a very specific (highly non-random) neural network 

architecture that, while being very effective, is not biologically plausible.  

In our analysis, a neural network representation is equated with a random graph of n 

nodes. There is a connection between any two nodes with a probability f, which we shall call 

the connectivity factor. In a fully connected pattern, f = 1.0. A pattern can be completed (via 

spreading activation) with certainty from any possible sub-pattern, but only if the latter is  
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connected to the rest of the graph. This implies that a path of connected nodes must exist 

between any two nodes in the graph. In a non-connected graph, activation of these isolated 

nodes (or sub-graphs) cannot spread to the other nodes and pattern completion can, therefore, 

not occur in this case. If a graph is connected, however, pattern completion—and hence self-

repair—can always take place. It is, therefore, important to determine graph connectivity 

Connectivity of undirected random graphs has been well researched and is discussed 

extensively by Bollobás (1985). The probability of being connected can be approximated for 

large random graphs and calculated exactly for small graphs. In general, larger graphs have a 

higher probability of being connected compared to smaller graphs, if they have the same f 

value. For example, for a small graph with 100 nodes and a connectivity factor f = 0.10, the 

probability of being connected, p, is nearly 1.0. If f drops to 0.038, p shows a 90% drop to 

0.10.  A very small graph (n = 10) with a connectivity factor of f = 0.163 still has a near-zero 

probability of being connected. We have to raise f to 0.234 to obtain a p of 0.437 (see 

Bollobás, 1985, p. 399ff). As long as a graph is connected, additional connections can be 

formed through a Hebbian 'learning' process, adding connections in a random fashion. This 

increases the connectivity value f to a safer value. The probability p of a random graph being 

connected is expressed by the following formula, which is taken from Theorem VII.3, 

(Bollobás, 1985), p.150). It is valid for graphs with a large number of nodes, n: 
( log )fn nep e

� �
�

=              (1) 

In Figure 3.2a, we have plotted the connection probability p for values of f in the range 0.0 to 

0.015 and for graphs of different size n. We can observe the following properties for random 

graphs. For a given connectivity value f: 

(i) The probability of connectivity is much higher for a large graph. For example, for f = 

0.005, increasing the size of the graph from n = 1000 to 3000 raises p from near-zero 

to near-one.  

(ii) The average slope of large graphs is much steeper than that of smaller graphs.  

These general findings also extend too much smaller graphs as was illustrated above with 

graphs of sizes  n = 10 and n = 100. 

     We now extend the example of the security agents of Chapter Two (Section 2.2) to the 

present discussion of random graphs. Suppose that we have a large but weakly coupled neural 

network representation with n nodes with a certain low connectivity value. Suppose, 

furthermore, that at each time interval the network is lesioned randomly so that at the end of 

the interval the connectivity factor is f. 
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Figure 3.2. Illustration of some analytical graph theoretical results. (a) Probability of a graph being connected as 

a function of the probability f that a connection exists between any two given nodes. Connectivity probability has 

been plotted for graphs of sizes 1000, 2000, and 3000. (b) Expected lifetime in lesion-repair cycles where f is the 

probability f that a connection exists between any two given nodes after the lesion has been applied. 
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We could, for example, start each interval with a connectivity factor of 0.10 and then lesion it 

with 90% to arrive at a final connectivity factor f = 0.01. Suppose, furthermore, that after 

lesioning the connectivity will be restored (repaired) randomly to its original value (i.e., to f = 

0.10 in the example here), but only if such repair is still possible. The latter is the case, only if 

the graph is still connected after lesioning. We will use a very simple approach to repair, here, 

where we: (1) activate one randomly selected node, (2) have activation spread to other nodes 

to which a path exists, and (3) apply Hebbian stochastic learning through randomly adding 

connections between activated nodes (if a connection already exist, no new ones are added). 

This repair mechanism fulfils a similar function as the exchange of manuscript copies 

in the copy example above, although it uses a different mechanism. We are now interested in 

the lifetime of a network that is lesioned to a critical value f and repaired in this manner. We 

can approximate p, the probability of the graph being connected with in equation (1) above. 

The lifetime, then, has a geometrical distribution with mean p/(1-p). The expected lifetime, 

expressed in lesion-repair intervals, has been plotted in Figure 3.2b for critical f-values in the 

range 0.0 to 0.02 and for graphs of various sizes. Given that we use a repair mechanism as 

above, we can note the following properties: 

(iii) Large graphs have a much longer lifetime than small graphs. 

(iv) For large graphs, the life expectancy rises extremely steeply as a function of f.  

(v) The slope of the life expectancy is much larger for large graphs than for small graphs. 

A general observation is that a process of continuous repair ensures very long lifetimes of this 

type of neural network representations even when they are exposed to extremely high levels 

of cumulative noise and damage in the form of diffuse lesions.  

If we did not include a repair process, the expected f-value would in a few intervals 

drop to a level where connectivity is very unlikely (i.e., approaches zero). For example, a 

drop from 0.10 to f = 0.001 can be accomplished in a little over two intervals with 90% 

lesions and would almost certainly reduce connectivity to zero (see Figure 3.2a). A general 

conclusion can be derived from both the copy example and the graph theory. Multiple small 

lesions with continuous repair result in dramatically longer lifetimes compared with either 

multiple small lesions without repair or compared with a large lesion of the same size as the 

cumulative effect of the small lesions.  

Connectivity probabilities only tell us something about the extremes of pattern 

completion: the case where a very small sub-pattern is still able to activate the entire 

representation. Generalizations to the case where we want to calculate completion of a graph 

from k activated nodes out of n and many other generalizations specific to neural networks are 
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necessary to increase the applicability of random graph theory to the theory of recovery from 

brain damage. Unfortunately, many of the results we are interested in have not been derived 

so that for now we will take recourse to a computational exploration. 

Many recurrent neural networks have asymmetric connections, where for example a 

node A is connected to a node B, but where there is no connection from B to A. We simulated 

random graphs with this property (directed random graphs). The results are shown in Figure 

3.3.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.3. Simulation of connectivity in directed graphs. Plotted is the percentage of graphs that were found to 

be connected as a function of between-node connectivity probability f. Each data points is based on 1000 

replications. (a) Graph sizes of 10 to 100 nodes. (b) Graph sizes of 100 to 500 nodes. 

0%

20%

40%

60%

80%

100%

0.01 0.03 0.05 0.07 0.09

Connectivity ( f )

P
e
rc

e
n

ta
g

e
 C

o
n

n
e
c
te

d
 N

e
tw

o
rk

s
 (

p
)

30

10

40

50

60

70

80

90

100

20

0%

20%

40%

60%

80%

100%

0 0.005 0.01 0.015 0.02 0.025 0.03

Connectivity ( f )

P
e
rc

e
n

ta
g

e
 C

o
n

n
e
c
te

d
 N

e
tw

o
rk

s
 (

p
)

150

100

200

250

300

350

400

450

500

( a )  

(b) 



Self-repairing neural networks       51 

 

The figure shows that both increasing the connectivity and increasing the number of nodes in 

the network cause an increase in the graph connectedness probability p, as was described by 

random graph theory. There are some small differences: p values of directed random graphs 

are somewhat lower than those calculated by Bollobas (1985). The five properties above, 

however, remain valid. 

We also investigated the property that under constant lesioning an undirected random 

graph tends to break into one very large connected graph (‘giant component’, (Bollobás, 

1985)) with many isolated very small graphs. Our simulations observed this also for directed 

graphs. A consequence of this property is that above some very small number, it does not 

matter very much how many nodes are used to cue a damaged representation. On the one 

hand, randomly activating only a few nodes virtually always guarantees hitting the ‘giant 

component’. On the other hand, one has to activate nearly all nodes in order to achieve any 

measure of certainty of hitting the isolated small graphs. We can, thus, conclude that the cue 

size is thus not a critical factor for repair when considering representations in isolation, as we 

do here. In case of multiple, overlapping representations, however, cue size may be important 

for the selection and retrieval of unique patterns. 

Graph theoretical results apply mostly to sparsely activated networks, in which 

patterns overlap little. Below we will indeed study the repair behavior of a k-winner-take-all 

network model, but we will first show that self-repair can also be obtained in cases where 

there is very strong overlap, namely in Hopfield (1982) networks.  

3.3 Self-repair in Hopfield networks 

Like in most other types of networks, self-repair in Hopfield networks depends on typical 

connectionist features such as graceful degradation, pattern completion, distributed 

representations and learning capacity. These features have been studied extensively and their 

exact character is paradigm dependent. For example, the original paper (Hopfield, 1982) 

shows that approximately 0.15n patterns can be reliably encoded in a Hopfield network, 

where n is the number of nodes in the networks. If the number of patterns exceeds this 

number, completion to the original becomes unreliable.  

In a Hopfield network, the weight on a connection from neuron j to i is formed by 

increments Ts
ij, each coding the co-occurrence of binary signals in a specific pattern S, using a 

Hebbian learning rule. At the beginning of a lesion-repair cycle, a small lesion is administered 

to each connection weight by adding a random weight perturbation et. This lesion is followed 

by a repair cycle during which we use a partial cue to recall the pattern S% . We will assume 
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that the cue suffices to retrieve the original pattern so that we will be able to undo part of the 

perturbation by storing S%  again:  

(2 1)(2 1)S s s

ij i jT V V= � �
% % %% % %                       (2) 

where S

iV
%

% is the i-th element in S% . This procedure is repeated for all stored patterns.  

In case of one stored pattern S we now have for each synapse two increments plus 

perturbation:  

 ( ) ( )S S

ij ij tT t T t e+ +
%

%  

Normalizing the synapse strength (in this case through division by 2) completes the repair 

cycle. With perfect recall we have S S=%  and ( ) ( )S S

ij ijT t T t=
%

% , giving after t + 1 repair cycles 

 { }
1 1

( 1) ( ) ( ) ( )
2 2

S S S S

ij ij ij t ij tT t T t T t e T t e+ = + + = +
%

% .   

In other words, a single repair cycle will reduce the relative effect of a perturbation by 50%. 

Multiple repair cycles can diminish perturbations to arbitrarily low levels, as long as perfect 

retrieval of the original patterns is obtained. We explored this conclusion in two simulations, 

first using a slightly degraded cue (within the Hopfield bounds for good retrieval) and then 

using random cues.  

Simulation 1. Slightly distorted cues. Figure 3.4 shows the result of a simulation of 

self-repair in a Hopfield network with 100 nodes. For each replication, the network was 

trained with five randomly generated patterns. Lesion-repair cycle of a replication was 

executed as follows. (1) The model was lesioned (perturbed) by adding uniform noise in [-

2.0,2.0] to each weight. (2) A repair trial was carried out for each of the five patterns. For 

each repair trial, a cue (10% distortion of an original pattern) was presented to the network. 

Activations were (asynchronously) updated, and weights were updated according to Equation 

(2). After each lesion-repair cycle, the network was tested on each stored pattern by 

presenting it with a cue (10% distortion of the original pattern). The resulting pattern is 

compared with the stored pattern and their difference is expressed in the Hamming distance. 

This allows us to follow the degradation of the pattern representations under continuous 

noise. Figure 3.4 shows how the accumulated noise rapidly degrades the performance of the 

non-repaired network, but the repaired network preserves its memory representation. 

A possible criticism of the above simulation is that the repair process itself is 

dependent on continued access to the original patterns. Also, it is conceivable that relearning 

is taking place on the basis of the 90% of the patterns that is not distorted. The self-repair 
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method would, therefore, be more interesting, if it could work with completely random cues. 

From an engineering perspective the most interesting case would be repair with completely 

random cues that would allow the system to repair/recover itself from an arbitrary state, as is 

the case in self-stabilizing systems (Dolev, 2000). 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.4. Simulation of selfrepair with a Hopfield network using slightly distorted cues during repair. The 

curves as based on 50 replications. See text for an explanation.  

 

A problem is that for self-repair to take place it is imperative that: (i) Near-perfect 

pattern retrieval always takes place. If this is not the case, the network will learn spurious 

patterns and exhibit ‘faulty repair’. (ii) All patterns have to be repaired approximately equally 

often. If these conditions are not met our initial simulations yielded the following: a few 

patterns become strong, which in turn may cause them to be retrieved more often. This in turn 

will tend to strengthen the strong pattern even further. In case of pure random cueing, this 

may rapidly lead to a self-reinforcing process of strengthening of a single pattern. This 

runaway effect may eventually cause only a single pattern to survive while all others are 

forgotten. Randomly driven and unconstrained consolidation and repair strategies tend to 

suffer from this runaway effect (Hasselmo, 1994; Meeter, 2003). 

Hopfield type networks are, unfortunately, not well suited for randomly cued self-

repair, because near-perfect completion can only be achieved by presenting the network with 

very slight distortions of the original patterns (10% or less, see Hopfield, 1982). By 

introducing a variant of the learning rule, however, we have found a method that allows 
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randomly driven self-repair. In the new learning rule, the weight is changed only if the post-

synaptic neuron is 1 and furthermore the weights wij are bounded between –1 and 1:  

 

(2 1)

( 1) max(min( ( ) ,1), 1)

s s

ij i j

s

ij ij ij

T V V

w t w t T

= �

+ = + �

�
                                (3) 

 

Simulation 2. In Figure 3.5 the results of a simulation with this variant learning rule 

are given. This simulation uses fully random cueing. At the beginning of the simulation, a 

network with 100 nodes was trained on five non-overlapping patterns. Each pattern consisted 

of twenty activated nodes. At each time step, the network was lesioned by setting 10% of the 

connections to zero. During the self-repair cycle, 50% of the neurons was set to 1 randomly. 

Following this purely random cue, the network was allowed to settle into an attractor. Repair 

took place by applying Equation (3) for the thus retrieved memory. We varied the number of 

such repair cycles following a lesion in different versions of the simulation in order to study 

its effect. Following each lesion-repair cycle, the network was again tested for every pattern 

by presenting it with a 10% distortion of the original. The results indicate that stable self-

repair can be achieved with this form of random cueing (see Figure 3.5a). We also found that 

doubling the number of cue-repair cycles, led to longer lifetimes. We, furthermore, tested self-

repair with patterns that overlapped about 18%. Self-repair was stable as long as the lesions in 

each lesion-repair cycle did not exceed 1%. The cumulative effect of such small lesions 

disintegrates unrepaired patterns in about 350 time steps (see Figure 3.5b).  

One of the functions of self-repair in the brain may be to safeguard our memory 

representations against perturbations. We, therefore, applied the repair process to a 

connectionist model of long-term memory. The model is called TraceLink and has been 

successfully applied to a wide range of characteristics of long-term memory and memory 

disorders (Bao et al., 2001; Meeter & Murre, 2005; Murre, 1994, 1996, 1997; Murre et al., 

2001; Robbins & Everitt, 1996; Waelti et al., 2001). In the next section, we will study 

whether within-cortex consolidation, without a contribution of the hippocampus, is feasible. 
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Figure 3.5. Randomly cued selfrepair in a Hopfield network (a) with non-overlapping patterns and (b) with 

overlapping patterns. 
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a two-area model that consists of some input area (e.g., lower visual area or somatosensory 

area) and a higher brain area. The lower or input area is left intact but connections to and 

within the higher simulated brain are lesioned. We will also assume that the input pattern 

remains available throughout the entire simulation. In patients with brain lesions it is often the 

case that lower areas of the brain are preserved and that the original stimuli (or very similar 

ones) are available for retraining. Indeed, during rehabilitation from brain damage, it is 

precisely those stimuli that are being manipulated with the goal of speeding up the recovery 

process (I. H. Robertson & Murre, 1999). We will use as our criterion for self-repair the 

extent to which the representation in the higher area remains identical to the originally 

established representation.  

The general self-repair procedure is similar to the one followed above. We assume that 

initial learning has taken place, after which some lesion or perturbation is administered. Self-

repair is attempted by clamping an original input pattern for a number of iterations. During 

this time, neurons in the damaged area fire stochastically. A threshold mechanism aims to 

keep the average number of activated nodes at k. Each trial consists of (a) updating all 

activations (synchronously), followed by (b) changing all weights using the following 

Hebbian learning rule: 

 

 if 1
 with 0

 if 0
i j j

ij

i j j

a a a
w

a a a

μ
μ

μ

=�
� = >�

� =�
                                  (4) 

 

The learning rate is kept constant throughout this process, but the activation threshold of each 

non-clamped area is updated between trials. Connections can be formed between areas and 

within an area and are asymmetrical (i.e., it is not generally true that wij = wji).  

Simulation 3. Illustration. The results of a single run in Figure 3.5 illustrate our approach. It 

shows self-repair of the trace system with a moderate lesion of 50% of the connections. Figure 

3.6a shows an input area with a constantly activated pattern connected to a ‘higher brain area’. 

The layers in the figure show the development of activations in the higher area. To facilitate 

visual interpretation of the simulations we have assigned a representation to the higher area 

that can easily be recognized (a horizontal bar). After initial learning, the input pattern is able 

to activate the internal representation, as shown on the far left of Figure 3.6b. Immediately 

after this, (moving left to right in the figure), we lesion a large proportion of the connections 

to the nodes of the right half of the higher area. As shown in Figure 3.6b, during iteration 1 
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(third from left), only the unlesioned part of the pattern remains activated. The activation level 

is only half of what is allowed for the higher model, so that the threshold will now start to 

drop gradually until about eight nodes are activated once more. During this process, each 

activated node may develop some connectivity to the rest of the activated pattern, as the 

learning parameters remain the same throughout the simulation. This gradual self-repair of the 

representation is apparent from iterations 1 to 149, going left to right across Figure 3.6b. 

Because the lesioning size was moderate and because the learning rate was sufficiently high, 

recovery succeeds within 150 iterations.  

As a control condition, Figure 3.6c shows the same simulation but with the learning 

rate set to zero (i.e., no self-repair). In this case, the model remains extremely unlikely to 

activate the complete pattern in the right module. Instead, the left (unlesioned) part is 

activated plus about four random nodes in the module.  

As is clear moving from left to right completion is not achieved without the learning-

based self-repair process. The reason that a drop in threshold by itself is not sufficient for 

completion is that the within-area pattern interactions are not strong enough to support 

completion. Only when they are first strengthened can further pattern completion occur.   

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.6. Illustration of the selfrepair mechanism in a network with stochastic nodes and soft k-winner-take-all. 

(a) The input pattern remains constant throughout all simulations and is fed into the a higher area. (b) Successful 

selfrepair after lesioning 50% of all connections to neurons in the right half of the output module. Activations are 

shown in the early stages (iterations 1-3) and in a later, stable stage (iterations 148-150). (c) Replication of (b), but 

without selfrepair. No stable completion is achieved. 
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Some simulation details are as follows. The network was first trained on 20 consecutive 

learning trials with a temporarily increased (‘boosted’) learning rate of 0.01. The learning rate 

during recovery was 0.001 in simulations Figure 3.6b and 3.6c. The temperature q was 0.3 in all 

cases. 

Simulation 4. Repair with minimal size cues. Given the conclusions of the graph 

theory investigations above, we were interested in exploring whether the model could achieve 

self-repair by cueing a single node of the original pattern, rather then having an entire external 

brain area administer pattern cues. A network with 64 nodes with an initial random 

connectivity of 50% (i.e., 50% of possible within-network connections were set to 0) was 

trained with four non-overlapping patterns of 16 nodes. There were 20 lesion-repair cycles. A 

lesion here meant setting a fraction of the connection weights to 0 (allowing ‘regrowth’). In a 

series of independent simulations, the lesion fraction was varied from 0 to 0.45 in steps of 

0.05. The repair cycle consisted of four trials during each of which a random cue of a single 

node was presented to the network. Each of the four patterns received such a minimal cue. 

Initial T was 0.2. The network was allowed 30 iterations to converge on a specific pattern. 

During this process the learning rate was set to 0. After convergence (if any), for 10 trials the 

learning parameter was set to 0.01. The results in Figure 3.7 show successful self-repair up to  

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.7. Results of a minimally cued soft k-winner-take-all network with continuous lesioning and selfrepair. 

The network was tested for every pattern by clamping a node that is part of a representation and let the network 

run/cycle until a stable attractor was reached. The number of activated nodes that are part of the target pattern is 

counted as correct activations. Each data point is the average of 100 replications of the entire simulation. 
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a lesion fraction of about 0.15. After 20 lesions of 15% without self-repair, we expect a very 

low residual connectivity of an estimated 2%, namely 0.50(1-0.15)20 
� 0.0194. This is far 

below the connectivity threshold of a graph consisting of 10 nodes (which is the size of the 

pattern representation). The control simulation in the figure without repair, indeed, confirms 

how the four patterns disintegrate completely after 20 lesions of 15%. With self-repair, 

however, they are still nearly completely intact. 

Simulation 5. Long-term repair with a constrained learning rule. Learning rule (4) 

does not include any normalization. This implies that weights will increase or decrease 

without bound as long as learning continuous, as will be the case during repair cycles. We 

consider this in itself an undesirable feature, because of its clear biological implausibility. In 

addition, the unconstrained repair process was found to become prone to runaway processes 

after many repair cycles. In order to achieve long-term stability we, therefore, introduced a 

stop criterion for learning. If the sum of the absolute net input, summed over all neurons in the 

network, exceeded a preset threshold the learning rate was set to 0, otherwise, it was 0.01 as 

above. In these simulations, a repair cycle consisted of a single additional learning trial. In 

contrast to Simulation 4, cueing was fully random. Lesion fractions were varied from 0 to 

0.005 in steps of 0.001. There were small differences with Simulation 4: The number of 

boosted learning trials was 8, initial value of T was 0.3, time allowed for convergence after 

repair cue was 40 iterations, time allowed for convergence after test cue was presented was 50 

iterations. The repair threshold (summed absolute net input) was 100.  

 

 

 

 

 

 

 

 

 

 

 

Figure 3.8. Randomly cued soft k-winner-take-all network with continuous lesioning and constrained selfrepair. 

Correct activations were calculated as in Figure 3.7. Each data point is the average of 10 replications of the entire 

simulation. 
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The results are shown in Figure 3.8. Even after a very long time, representations remain fully 

intact, while the non-repaired representations disintegrate completely with lesion fractions of 

0.003 or higher. After 4000 lesion-repair cycles with a lesion size of 0.001 the process 

remained stable.  

 

3.5 Discussion 

This chapter was a first exploration of self-repair with mathematical and simulation models. 

We have shown that when memory representations are constantly lesioned diffusely, self-

repair can extend their lifetime in Hopfield networks and in a soft k-winner-take-all network 

that has been used as the 'cortex' part of a model of long-term memory and amnesia. With this 

we have answered the main question of this chapter showing that self-repair in artificial neural 

networks can work. In the Hopfield model we demonstrated autonomous self-repair. Since 

this is a very difficult type of self-repair to model, this makes it more likely that we will be 

able to model other types of self-repair (Chapter One). Furthermore, for overlapping patterns 

we showed that perfect (autonoumous self-)repair can only be achieved by increasing the 

intensity of the self-repair process. This result together with the demonstration that self-repair 

can work in a more complex network, the TraceLink model, suggests that self-repair can work 

in neural networks of the brain, although they may be far more complex. Another result is that 

we identified an important problem for self-repair in connectionist systems: runaway repair. 

We will now discuss some issues concerning self-repair in the brain. 

Although in the cerebral cortex and most other areas of the brain a lost neuron cannot 

be replaced, this does not imply that brain tissue has no possibilities for repair. If neurons 

themselves cannot be replaced, their dendrites, axons, and synapses still can grow longer and 

stronger (Bertoni-Freddari et al., 1990; Bertoni-Freddari et al., 1988; Buell & Coleman, 1979; 

DeKosky & Scheff, 1990) . The primary function of this is to counteract the effects of 

cumulative errors in the synapses caused by continuous neural and extra-neural noise. 

Because at present there is little direct evidence available, the existence and continuous 

operation of repair processes in the brain remains an empirically testable hypothesis. 

A secondary function is to remedy, as far as possible, the effects of brain damage. A 

central assumption in a related paper by Robertson and Murre (I. H. Robertson & Murre, 

1999) is that there exists a broad continuum from normal learning to recovery from brain-

damage, and this continuum-hypothesis may also be extended to the underlying mechanisms 

of learning and repair. Thus, effects in long-term learning may well rely partially on some 
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form of neural sprouting, and various aspects of recovery from brain damage may, for 

example, involve synaptic strengthening of the type usually assumed in connectionist models.  

A network lesion in our simulations usually consists in severing a percentage of the 

connections to the nodes in the area mentioned. One might object to this on the grounds that 

in the brain entire neurons (or neuron groups) may be lost. There are several reasons why we 

do not emphasize loss of entire neurons. Firstly, we are in fact already lesioning neurons: as a 

side effect of severing large numbers of connections, many neurons will become disconnected 

entirely, thus effectively silencing them permanently. Secondly, there is now strong evidence 

that long-term recovery is related to re-establishing of lost connections. Thirdly, the recovery 

of lost neurons by regaining their functionality is a trivial process as far as modeling is 

concerned. We do not expect that this process in itself can explain many of the aspects of 

recovery from brain damage, with three notable exceptions: (i) In many cases, most initial 

recovery will be the result of silenced neurons regaining functionality after a silent phase 

following immediately upon the lesion (so called diaschisis in neurology). (ii) Longer-term 

effects of recovering neurons may contribute in a nontrivial manner to the recovery from 

anterograde and retrograde amnesia, for example, after closed-head injury. The effects of this 

have been detailed in a separate paper (Meeter & Murre, 2005). (iii) Sometimes there is a non-

trivial interaction between temporarily silenced neurons and the process of recovery as in the 

case of multimodule inhibition and excitation. In such cases, a large percentage of silenced 

neurons may cause an entire system to become inhibited by a contralateral inhibitory system, 

effectively preventing recovery of the non-silenced neurons. These simulations are 

summarized in Robertson and Murre (1999). 
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Appendix A: Activation rules of the TraceLink model 

Activation rule 

A node i has an activation ai that can take on either of two values: 0 or 1. The probability that 

node i will 'fire' (i.e., that its activation becomes 1) increases with its net input, as follows: 
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where wij is the connection weight from node j to node i, aj is the activation value of node j, 

and n is the number of nodes in the model (if there is no connection between j and i, wij is zero 

by default). Inhibition is discussed in the next paragraph. As in the Bolzmann Machine 

(Ackley, Hinton, and Sejnowski, 1985), the temperature parameter q controls the degree of 

randomness of the nodes. In addition to the Inhibition term, a difference with the Bolzmann 

machine is that we use synchronous activation update, rather than one-at-a-time of 

asynchronous activation updates. 

Threshold control 

The total number of activated nodes in a module (called A) is constantly monitored and firing 

thresholds are adjusted to ensure that this number does not wander too far from the target 

number k. The system achieves this by constantly adjusting two thresholds T and �. Inhibition 

is the sum of the fast changing threshold T multiplied by the number of active nodes A, and 

the slow moving threshold �: Inhibition = TA + �. The control of fast inhibition, T, is 

straightforward: If the total activation at time t (At) is higher than k, T is increased (more 

inhibition), if At is lower it is decreased. In particular, if At is much larger than k, T is 

increased a lot; if At is only a bit larger, T is increased a little. If A is much larger or smaller 

(i.e., more than a crit proportion) than k: 

 if At > (1+crit)k 

   T = T + �t 

 if At < (1-crit)k 

   T = T - �t 

else, if A is only slightly larger or smaller than k: 

 

 if At > k 

   T = T + 1/3 �t 
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 if At < k 

   T = T - 1/3 �t  

 

where crit is the criterion for deciding whether At is much larger or smaller, and �t is the 

change made to T (crit = 0.20, and �t = 0.01 works well for the simulations reported here). 

One disadvantage of this method is that T may change too quickly so that the module starts to 

oscillate violently. To prevent this, At is dampened by making it a moving average of the 

current activation and the activation of previous iterations. When A*t is the current level of 

activation, the value used to compute both the level of inhibition AtT and the change in the 

parameter T is: 

 

 At = 0.5At-1 + 0.5A*t 

 

This precedes calculation of the new threshold T. 

The slow inhibition process aims to keep the 'slow threshold' � equal to TA. When the 

equilibrium is disturbed, for example, if the activation is diminished due to a lesion, � slowly 

decreases to a new equilibrium value. The speed of this change is determined by the 

parameter ��. Because we envision the adjustment to be slow, �� is chosen low (0.001). The 

expression for calculating �t+1 at t+1 is 

 

 �t+1 = (1-��)�t + ��TA  

 

The amount of 'fast' inhibition is bounded by a minimum value Tmin and a maximum value 

T
max

. If T < T
min it is set to Tmin

, and if T > T
max it is set to T

max. Similarly, � is also kept 

between upper and lower bounds: if � < �min, � is �min; if � > �max, � is �max. Tmin and �mi were 

set to 0. T
max and �max were set to such high values that they were never reached in the 

simulations. Initially, � was always set to 0. 
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