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Summary

Research on potential interactions between corom@stilearning system,
i.e. artificial neural networks, and evolutionargasch procedures has
attracted a lot of attention recently. Evolutionanificial neural networks
can be considered as a combination of artificialirak networks and
evolutionary search procedures. We can distingaislong three kinds of
evolution in evolutionary artificial neural netwarki.e. the evolution of
connection weights, of architectures, and of leagnules. Then it reviews
each kind of evolution in detail and analyses aitiissues related to
different evolutions. The review shows that althoaglot of work has been
done in the evolution of connection weights and aothitecture, few
attempts have been made to understand the evolofidaarning rules.
Interactions among different evolutions are seldoemtioned in the current
research. However, the evolution of learning raled its interactions with
other kinds of evolution play a vital role in evtbnary artificial neural
networks.



Souhrn

Studium interakci mezi spojitymi adaptivnimi sysgemtj. umglymi
neuronovymi sémi a evolgnimi prohledavacimi procedurami je téma stale
aktualni. Evoldni unlé neuronové sit predstavuji kombinaci u#tych
neuronovych siti a evalnich prohledavacich procedur. RozliSujeme #de t
typy evoluce, tj. evoluci vahovych hodnot na sp@bBnmezi neurony,
evoluci architektury a evoluci adapitdch pravidel. Postugnuvedeme
detailni grehled kazdé z uvazovanych evoluci. K problematadsyvajici se
evoluci vahovych hodnot na spojenich mezi neuroni pmoblematice
evoluce architektury neuronové &ize nalézt velké mnozstvi publikaci,
avSak na téma evoluce parameidaptanich pravidel bylo napsano pouze
neékolik praci. V aktualnim vyzkumu evainich unglych neuronovych siti
jsou rovigz jentidce zmigny interakce mezitiznymi typy evoluci, i kdyz
evoluce parameir adaptanich pravidel a jeji vzajemna interakce
s ostatnimi typy evoluci zde hraje vyznamnou roli.
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optimalizace.
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1 Introduction

Under neuroevolution we can understand the connection of
evolutionary algorithms and artificial neural netk® - that is the using of
evolutionary algorithm properties in suggestioradfficial neural network
architecture and upon work with them. This thesiscentrates on finding
the suitable way of using evolutionary algorithms foptimizing the
artificial neural network parameters.

Evolutionary algorithms are the term for different approaches as of
using the models of evolutionary processes, whavehnothing common
with biology. They try to use the conception ofvittg forces of organism’s
evolution for optimization purposeBvolutionary algorithms refer to a class
of population-based stochastic search algorithras #ine developed from
ideas and principles of natural evolution. Theylide [17]: evolution
strategies, evolutionary programming, genetic afgors etc. All these
models work with random changes of submitted sohsti and they do not
use optimized function derivatives; only the values said function.
Optimization will be considered here as a synongmnfinimization. This
is not a problem because going in search the fumcthaximum is
equivalent to going in search of function minimunaltiplied by -1. One
important feature of all these algorithms is theipulation-based search
strategy. Individuals in a population compete amdhange information
with each other in order to perform certain tagkse individual within the
evolutionary algorithm is then the problem solutidha new solution is
better, it substitutes the previous one. The chofdfe right representation
of individuals and their fitness create the esseasfcéne advantageousness
of the evolutionary algorithm, which depends on $leéection of suitable
choice of evolutionary algorithm and its approgiaperators. A general
framework of evolutionary algorithms can be desitby figure 1.To
achieve a better clearness all the algorithms wik described in
.Pseudopascal”.

1. Generate the initial population G(0) at random, and set = 0;

2. REPEAT
(a) Evaluate each individual in the population;
(b) Select parents fromG(i) based on the fitness irG5(i);
(c) Apply search operators to parents and produce fspring
which form G(i+1);.
(di=i+1;
3 UNTIL ‘termination criterion’ is satisfied.

Figure 1: A general framework of evolutionary algbms.



Artificial neural networks are discussed in numerous publications, e.g.
[2, 10]. An artificial neural network is charactaxd by its pattern of
connections between the neurons (calledaihitecturg, its method of
determining the weights on the connections (calettaining, or learning
algorithm), and itsactivation function Neural network architecture can be
described as a directed graph in which each neugmrforms a transfer
function f; of the form (1):

y, = f; zWinj -6 |, (2)
=1

wherey, is the output of the neuroi) X is the j' input to neuroni and
w; is the connection weight between neuraona j. 8 is the threshold (or
bias) of the neuron Usually,the activation functionf; is nonlinear, such as
a sigmoid, or Gaussian function. Artificial neuratworks can be divided
into feedforward and recurrentasses according to their connectivity. An
artificial neural network is feedforward if thereigs a method, which
numbers all the neurons in the network such thatethis no connection
between a neuron with a large number and a neuithnavsmaller number.
All the connections are from neurons with small bens to neurons with
larger numbers. An artificial neural network is ugent if such a
numbering method does not exist. Learning in aréifineural networks is
typically accomplished using examples. This is atsdled training in
artificial neural networksLearning in artificial neural networks can roughly
be divided into supervised, unsupervised, and oeteinent learning.
Supervised learninig based on direct comparison between the actualibu
of an artificial neural network and the desiredreot output, also known as
the target output. It is often formulated as thenimization of an error
function such as the total mean square error betwee actual output and
the desired output summed over all available d3ta (

=§ii(yi —t )f, 2)

=1 i=1

wherey; is the actual output of the neurant; is the desired correct output
of the neuroni, n is a number of output neurons, amdis a number of
training patters. A gradient descent-based optitisimaalgorithm such as
backpropagation can be used to adjust connectiaghteein the artificial
neural network iteratively in order to minimize tegor (2). Reinforcement
learningis a special case of supervised learning whereeitaet desired
output is unknown. It is based only on the inforioraiof whether or not the
actual output is correctUnsupervisedlearning is solely based on the



correlations among input data. No information ofreot output is available
for learning. The essence of a learning algoriththe learning rulei.e., a
weight-updating rule that determines how connecti@ights are changed.
Examples of popular learning rules include theadalie, the Hebbian rule,
the competitive learning rule, etc. are discussedumerous publications,
e.g. [2, 10].

2 Evolution in artificial neural networks

Evolution has been introduced into artificial néuratworks at roughly
three different levels: connection weights, arddtitees, and learning rules.
The evolution of connection weightstroduces an adaptive and global
approach to problem solution. Thevolution of architecturesnables
artificial neural networks to adapt their topolagie different tasks without
human intervention and thus provides an approacautomatic artificial
neural network design. Trexolution of learning rulesan be regarded as a
process of “learning to learn” in artificial neuraktworks, where the
adaptation of learning rules is achieved throughigion.

2.1  The evolution of connection weights

The evolutionary approach to weight training inifaital neural
networks consists of two major phases. The firsisehmeans to decide the
representation of connection weights. The secon@& aneans the
evolutionary process simulated by evolutionary gthms. A typical cycle
of the evolution of connection weights is showrigure 2.

1. Decode each individual (a neural network) in the awent
generation into a set of connection weights and csmuct a
corresponding artificial neural network with weights.

2. Evaluate each individual (a neural network) by compting its
total mean square error between actual and target wputs (2),
but other error functions can also be used. The fitess of an
individual is determined by the error (e.g. the hidper of error,
the lower of fitness).

3. Select parents for reproduction based on their fitess[12].

4. Apply search operators, such as crossover/or muian, to
parents to generate offspring, which form the nexgeneration.

Figure 2: A typical cycle of the evolution of cestion weights.



The most convenient representation of connectioight® is, from
evolutionary algorithm’s perspectivieginary string. In such a representation
scheme, each connection weight is represented hyngber of bits of a
certain length. An artificial neural network is eded by concatenation of
all the connection weights of the network into ttheomosome. The order
of the concatenation is, however, essentially igdpalthough it can affect
the performance of evolutionary training, e.g.rihag time and accuracy
[3]. The advantages of the binary representatieniri its simplicity and
generality. It is straightforward to apply classiceossover (such as one-
point or uniform crossover) and mutation to binatyings. The binary
representation also facilitates digital hardwar@lamentation of artificial
neural networks since weights have to be repredeinteerms of bits in
hardware with limited precision. A limitation ofr@ry representation is the
representation precision of discrete connectionghtsi It is still an open
guestion how to optimize the number of bits forreagnnection weight, the
range encoded, and the encoding method used alttthugmic techniques
could be adopted to alleviate the problem.

To overcome some shortcomings of the binary reptaten scheme,
real numbers themselves proposed to represent conneegiights directly,
i.e. one real number per connection weight. It iscassed in numerous
publications, e.g. [24, 28]. The chromosome isrespnted by the
concatenation of these real numbers, where theierois important. As
connection weights are represented by real numbkard) individual in an
evolving population is a real vector. Standard deaperators dealing with
binary strings cannot be applied directly in thel neepresentation scheme.
In such circumstances, an important task is togesarefully a set of
genetic operators, which are suitable for the reptesentation as well as
artificial neural network’s training, in order tanprove the speed and
accuracy of the evolutionary training. Single realmbers are often
changed by average crossover, random mutationhar alomain specific
genetic operators. It is discussed in numerousigatiins, e.g. [9, 24]. The
major aim is to retain useful functional blocksidgrevolution, i.e., to form
and keep useful feature detectors in an artificéalral network.

Evolutionary algorithms can handle the global segmblem better in a
vast, complex, multimodal and no differentiablenfocection weight) space.
They are usually based on a global search algorithus can escape from a
local minimum, while a gradient descent algoritham @nly find a local
optimum in a neighborhood of the initial solutioAn evolutionary
algorithm sets no restriction on types of artificieural networks being
trained as long as a suitable fithess function lmardefined properly, thus
can deal with a wide range of artificial neuralvaetks: recurrent artificial
neural networks, high-order artificial neural netls fuzzy artificial neural



networks etc. An assignment of the most acceptaindéutionary algorithm
to a task represents always a big problem, becarde search procedure is
suitable only for a class of error (fitness) fuoo8 with certain types of
landscape, the issue of what kind of search praeeumore suitable for
which class of error (fitness) function is an infpot research topic of
general interest. The efficiency of evolutionargining can be improved
significantly by incorporating a local search prdgee into the evolution,
i.e., combining evolutionary algorithm’s global sgfa ability with local
search’s ability to fine tune. Evolutionary alghbrits can be used to locate a
good region in the space and a local search proeeslwsed to find a near-
optimal solution in this regiorHybrid training has been used successfully
in many application areas. The obtained resultsvedothat the hybrid
GA/BP approach was more efficient than dfther the genetic or
backpropagation algorithm alone [33] were used, abse genetic
algorithms are much better at local good initialigh¢s than the random
start backpropagation method. Similar work on thel@&ion of initial
weights has also been done on competitive learnagal networks and
Kohonen networks [36]. One of the problems face@¥gylutionary training
of artificial neural networks is theermutation problenf3, 32], also known
as thecompeting convention problenit is caused by the many-to-one
mapping from the representation (genotype) to itteiad artificial neural
network (phenotype) since two artificial neural wetks that order their
hidden neurons differently in their chromosomesl! willl be equivalent
functionally. In general, any permutation of thdden neurons will produce
functionally equivalent artificial neural networkswith different
chromosome representations. The permutation probiekes therossover
operator very inefficient and ineffective in prothg good offspring. It is
generally very difficult to apply crossover operatin evolving connection
weights since they tend to destroy feature detecfound during the
evolutionary process, because hidden nodes asenee feature extractors
and detectors. Separating inputs into the sameshiddde far apart in the
representation would increase the difficulty of stoacting useful feature
detectors because they might be destroyed by areseperators.

2.2 The evolution of architectures

The architecture of an artificial neural networklirdes its topological
structure, i.e., connectivity, and the transferction of each neuron in the
artificial neural network. Architecture design isucial in the successful
application of artificial neural networks becaudee tarchitecture has
significant impact on a network’s information presag capabilities. Up to
now, architecture design is still very much a huragpert’s job. It depends
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heavily on the expert experience and a tedioukarid-error process. There
is no systematic way to design a near-optimal &chire for a given task
automatically. Constructive / destructive algorithmre one of the many
efforts made towards the automatic design of aidfi neural network
architecture. Aconstructive algorithmstarts with a minimal network
(e.g. network with minimal number of hidden layemeurons, and
connections) and adds new layers, neurons, and ectans when
necessary during training whiledestructive algorithndoes the opposite,
i.e., starts with the maximal network and deletemecessary layers,
neurons, and connections during training. Thesdoast are susceptible to
becoming trapped at local optima, and in additibey only investigate
restricted topological subsets rather than the d¢etmpclass of network
architectures. The design of the optimal artificiaeural network
architecture can be formulated as a search proinehe architecture space
where each point represents some architecturep@&tiermance level of all
architectures forms a discrete surface in the spetoe optimal architecture
design is equivalent to finding the highest pointthis surface. There are
several characteristics of such a surface, whiclkenthe evolutionary
algorithms a better candidate for searching thtasarthan theonstructive
and destructive algorithms. These characteristie$238] the following:

» the surface ignfinitely large since the number of possible neurons and
connections is unbounded;

» the surface isio differentiablesince changes in the number of neurons
or connections are discrete and can have a discants effect on
artificial neural network’s performance;

» the surface isomplexandnoisysince the mapping from an architecture
to its performance is indirect and dependent onetfeuation method
used;

» the surface isdeceptivesince similar architectures may have quite
different performance;

» the surface isnultimodalsince different architectures may have similar
performance.
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Figure 3: Process of evolutionary design of artdlmeural networks.

Similar to the evolution of connection weights, twoajor phases
involved in the evolution of architectures are tenotype representation
scheme of architectures and the evolutionary atlyoriused to evolve
artificial neural network architectures. But thelplem now is not whether
to use a binary representation areal one, since we only deal with discrete
values, a binary representation is required. A issye here is to decide
how much information about architecture should beoded into a
representation. As we apply discrete values, we umgally a binary
representation, i.e. matrices or graphs. This kihtepresentation is called
direct encoding schemelt can be seen that only parameters of a
connectivity pattern, instead of each individuahwection, is specified by a
chromosome in bigger networks [14]. It is possilite choose more
complicated way of encoding to optimize huge neknarchitectures, where
only the most important parameters or features wafhigecture are
represented, such as the number of neurons, thberurh connections, and
the type of transfer functions. Other details of irchitecture are left to
learning (training) process to decide. Such kindegfresentation is called
the indirect encoding schemé& he net architecture is then specified by
developmental rules, by sentences of a formal lagguetc. The evolution
of neural network architecture, regardless of thwsen type of its
representation (kind of encoding) is shown in feg@® and figure 4. The
stochastic optimization algorithms are in princiglee only systematic
approach to optimization of neural network architee. Continuous
research on evolving neural network architectueldeen carried out in the
recent years, e.g. [4, 20, 35]. Most of the redeavatputs have been
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concentrated on the evolution of artificial neursdtwork topological
structures. Several of them have been focused doetlolution of node
transfer functions, e.g. [34, 39].

1. Decode each individual in the current generation ito
architecture with necessary details.

2. Train each artificial neural network with the decoded
architecture by the predefined learning rule starthg from
different set of random initial connection weights, if any,
learning rule parameters.

3. Compute the fithess of each individual (encoded ahitecture)
according to the training results and other performance criteria
such as the complexity of the architecture.

4. Select parents from the population based on theiithess.

5. Apply search operators to the parents and generateffspring
which form the next generation.

Figure 4. A typical cycle of the evolution of arutures.

Two different approaches have been taken in divect encoding
scheme The first separates the evolution of architeufem that of
connection weights. The second approach evolvesitactures and
connection weights simultaneously. Both approadieegiire determining
the fixed network topology before calculation. Newe will focus on the
first approach. In the direct encoding scheme, eamimection between
neurons is directly specified by its binary repreaton. For example, an
N x N matrix C =(cj)nxn Can represent an artificial neural network
architecture withN neurons, where; indicates presence or absence of the
connection from neurom to neuronj. We can useg; = 1 to indicate a
connection and; = O to indicate no connection. Each mat@ixas a direct
one-to-one mapping to the corresponding artificimural network
architecture. The binary string representing anhitecture is the
concatenation of rows (or columns) of the matriheTdirect encoding
scheme is quite straightforward to implement. lvésy suitable for the
precise and deterministic search of compact aglfimeural network
architecture, since a single connection can be caddeemoved from the
artificial neural network easily. One potential plem of the direct
encoding scheme iscalability. A large artificial neural network would
require a very large matrix and thus increase & dbmputation time of
evolution. In [16] is shown that the length of gpenotype is proportional to
the complexity of the corresponding phenotype, dne space to be
searched by the evolutionary process increasesnerpially with the size
of the network. One way to cut down the size ofrioes is to use domain
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knowledge to reduce the search space. For exaniple, complete
interconnection is to be used in a feedforwardfieigl neural network
between two neighboring layers, its architectune lsa encoded by just the
number of hidden layers and nodes in each hiddgsr Ig.g.Layer-based
encoding, therefore the length of chromosome can be reatluce
considerably. However, doing so requires sufficémmain knowledge and
expertise, which are difficult to obtain in praetiocVe also run risk of loss
of certain very good solutions when restricting search space manually.
Another problem of direct encoding schemes is thgoissibility to encode
repeated structures (such as network composed vefradesub-networks
with similar local connectivity) in a compact wdwp. one-to-one mappings,
in fact, elements that are repeated at the levehefphenotype must be
repeated at the level of the genotype as well. @biss not only affect the
length of the genotype and the corresponding segrabe. A full genetic
specification of a phenotype with repeated str@stuin fact, implies that
adaptive changes affecting repeated structuresidHoa independently
rediscovered through changes introduced by thetigemgerators. The next
problem to be considered in binary representasathat ofvariable-length
genomeg31]. For example, where two parents have diffetepologies, it
is not obvious how their offspring should be form&dhen determining
which nodes and connections the offspring shoultkrih, it would be
helpful to know which subnetworks from the parepesform the same
functions, and which represent disjoint conceptsifodtunately, this
information is not readily apparent from the twdfefient topologies.
Handling a binary representation we strive to tadvantages from
combining different solutions, while we draw atfentto the confrontation
between the flexibility of representations and catilplity of genotypes.
The said might be implemented e.g. thru using thiation operators only
and / or by specially defined crossing operatorictviminimize thegenome
destruction after its application, and which fadscombine these parts of
genome, which preserve functionality of differemustures.

In order to reduce the length of the genotype epration of
architectures, we can use thalirect encoding scheme where only the
most important characteristics of architecture amcoded in the
chromosome. The details about each connection iraréficial neural
network is either predefined according to prior Wiexige or specified by a
set of deterministic developmental rules. Many bé tindirect neural
networks encoding strategies are inspired byLthdenmayer systenj%8].
Some references to the related papers are in [8. typical approach of
such encoding isa grammatical encoding[16], where evolutionary
algorithms do not develop network architecture atlye but rules of formal
grammatics, being subsequently used for gener#tiegietwork topology.
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The shift from the direct optimization of architexs to the optimization of
developmental rules has brought some benefits, sischmore compact
genotype representation. The rules do not grow withsize of artificial
neural networks, since the rule size does not ahamge rule is usually
described by a recursive equation or a generatid@ is similar to a
production rule in a production system witHedt-hand sideand aright-
hand sideIn [13], a genetic encoding scheme for neuralvogts based on
a cellular duplication and differentiation procesas proposed. Genomes
are programs written in a specialized graph transftion language called
the grammar tree which is very compact. The genotype-to-phenotype
mapping starts with a single cell that undergoearaber of duplication and
transformation processes ending up in a completeahaetwork. In this
scheme the genotype is a collection of rules gamgrthe process of cell
divisions (a single cell is replaced by two "dawght cells) and
transformations (new connections can be added b@dstrengths of the
connections departing from a cell can be modifiga}his model, therefore,
connection links are established during the celldlgplication process. The
author [13] also considered the case of genotypesdd by many trees
where the terminal nodes of a tree may point temttees. This mechanism
allows the genotype-to-phenotype process to prodepeated phenotype
structures (e.g. repeated neural sub-networkskhgimg the same genetic
information, which saves space in genome anduséful even for keeping
the substructures when applying the crossover tgend/e cannot be sure
whether the subgraphs combined mutually are tha bgilding blocks to
create a functional offspring. The literature [iriffoduces a new algorithm
based onGene Expression Programminthat performs aotal network
induction using linear chromosomes of fixed lenttht map into complex
neural networks of different sizes and shapes.tdtad induction of neural
networks using gene expression programming reqturtiser modification
of the structural organization developed to mardfihumerical constants
and domain-specific operators. The author explaims the chromosome
may be modified, so that a complete neural networduding the
architecture, the weights and threshold valuesldcbe totally encoded in a
linear chromosome. The indirect encoding scheméiagogically more
plausible as well as more practical, from the vjmint of engineering, than
the direct encoding scheme although some fine-tualgorithms might be
necessary to further improve the result of evohuti©ther techniques of
indirect neural network encoding topology are tistén numerous
publications, e.g. [22, 26, 30].

The representation of artificial neural network hatectures always
plays an important role in the evolutionary desijmrchitectures. There is
not a single method, which outperforms others inagbects. The best
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choice depends heavily on applications at hand awdilable prior
knowledge. A problem closely related to the repmestéon issue is the
design of genetic operators. However, the use a$saver appears to be
inconsistent, because crossover works the best Wwhiaing blocksexist
but it is unclear what a building block might be am artificial neural
network since the artificial neural networks aratfeed with a distributed
(knowledge) representation. The knowledge in aifi@al neural network
is distributed among all the weights in the ari#ficneural network.
Recombining one part of an artificial neural netkvavith another part of
another artificial neural network is likely to dest both artificial neural
networks. However, if artificial neural networks dot use a distributed
representation but rather a localized one, suchiad&l basis function
networks or nearest-neighbor multilayer perceptrengssover might be a
very useful operator, see e.g. [1, 40]. In genedlficial neural networks
using distributed representation are more compact have abetter
generalization capability for most practical prab&e As for the evolution
of connection weights, thus even here we have golve thepermutation
problem(competing convention problgrhat causes enormous redundancy
in the architecture space. Unfortunately, no sgtigf technique has been
implemented to tackle this problem. An advantagetha&f evolutionary
approach is that the fitness function can be ddfeeesily in such a way that
an artificial neural network with some special teas is evolved. For
example, artificial neural networks with lzetter generalization can be
obtained if testing results, instead of trainingules, are used in their fithess
calculations. Apenalty termin the fitness function for complex connectivity
can also help improve artificial neural network’sngralization ability,
besides the cost benefit, by reducing the numbeeafons and connections
in artificial neural networks.

The discussion on the evolution of architecturegasmnly deals with
the topological structure of architectur€he transfer functionof each
neuron in the architecture has been assumed tixde dnd predefined by
human experts yet. The transfer function has beew:s to be an important
part of artificial neural network architecture amave significant impact on
artificial neural network’s performance. In prinkgp transfer functions of
different neurons in an artificial neural netwoincbe different (e.g. hard-
limiting threshold function, a Gaussian functioignsoid functions etc.) and
decided automatically by an evolutionary processteiad of assigned by
human experts. The decision on how to encode ®an&Mmctions in
chromosome depends on how much prior knowledgecamputation time
is available. In general, neurons within a groike b layer, in an artificial
neural network tend to have the same type of tesurfahction with possible
difference in some parameters, while different gowf neurons might
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have different types of transfer functions. Thiggests some kind of
indirect encoding method, which lets developmemalkes to specify
function parameters if the function type can beawtsd through evolution,
so that more compact chromosomal encoding andrfastdution can be
achieved.

2.3 Simultaneous evolution of architectures and
connection weights

The evolutionary approaches discussed so far ingdeg artificial
neural network architecture evolve architecturedy,orwithout any
connection weights. Connection weights have todaened after a near-
optimal architecture is found. This is especiatlyetif one uses the indirect
encoding scheme of network architecture. One mpjoblem with the
evolution of architectures without connection wegghs noisy fithess
evaluation see e.g. [6, 38]. In other words, fithess evabmats very
inaccurate and noisy because a phenotype’s (ire.aréficial neural
network with a full set of weights) fitness was dis® approximate its
genotype’s (i.e., an artificial neural network wath any weight
information) fitness. We want to optimize the gemat so that it can
perform well regardless of initial connection wefghbut we can only
approximate such optimization by examining phenesywith limited sets
of initial connection weights of a virtually indafte number of sets. There
are two major sources of noise [38]:

1. The first source is the random initialization tbE weights. Different
random initial weights may produce different tramgpiresults. Hence, the
same genotype may have quite different fitnesstdudifferent random
initial weights used in training.

2. The second source is the training algorithm. febént training
algorithms may produce different training resulterefrom the same set
of initial weights. This is especially true for rtimodal error functions.
For example, backpropagation may reduce an adifieural network’s
error to 0.05 through training, but an evolutionalgorithm could
reduce the error to 0.001 due to its global seeagfability.

In order to reduce such noise, architecture usuadly to be trained
many times from different random initial weight$i€Taverage result is then
used to estimate the genotype’s mean fitness. mathod increases the
computation time for fithess evaluation dramatigalt is one of the major
reasons why only small artificial neural networksrevevolved in this way.
In essence, the noise is caused byotie-to-manymapping from genotypes
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to phenotypes. It is clear that the evolution afh&tectures without any
weight information has difficulties in evaluatinigness accurately. One way
to alleviate this problem is to evolve artificiatural network architectures
and connection weights simultaneously, see e.g33p, In this case, each
individual in a population is a fully specified ifidial neural network with
complete weight information. Since there isree-to-onemapping between
a genotype and its phenotype, fithess evaluatiaadsrate.

2.4  The evolution of learning rules

An artificial neural network training algorithm malyave different
performance when applied to different architectufid®e design of training
algorithms, more fundamentally the learning rulesdito adjust connection
weights, depends on the type of architectures aagning tasks under
investigation. After selecting a training algoriththere are still algorithm
parameters, like the learning rate and momentumbackpropagation
algorithms, which have to be specified. For exangaeetic algorithms are
suitable for training artificial neural networks ttvifeedback connections
and deep feedforward artificial neural networkstiiwnany hidden layers),
while backpropagation is good at training shallome® At present, this
kind of search for an optimal (near optimal) leaghrule can only be done
by some experts through their experience andandl-error. In fact, what is
needed from an artificial neural network is itsliépito adjust its learning
rule adaptively according to its architecture amel task to be performed. In
other words, an artificial neural network shouldrle its learning rule
dynamically rather than have it designed and fixednually. Since
evolution is one of the most fundamental forms déptation, then said
evolution may contribute to the development of appate type of the
learning rule for given application; for which altwe factmay be utilized
that the relationship between evolution and learnsextremely complex.
Various models have been proposed, but most of treahwith the issue of
how learning can guide evolution and the relatigmletween the evolution
of architectures and that of connection weightseRech into the evolution
of learning rules is still in its early stages, seg [19, 29]. This research is
important not only in providing an automatic way agtimizing learning
rules and in modeling the relationship betweennliear and evolution, but
also in modeling the creative process since newiyved learning rules can
deal with a complex and dynamic environment. A dgbicycle of the
evolution of learning rules can be described byrig5. The iteration stops
when the population converges or a predefined maximnumber of
iterations has been reached.
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The adaptive adjustment of algorithmic parameters through
evolution could be considered as the first attemptthe evolution of
learning rules, e.g. in [15pncoded backpropagation’s parameters in
chromosomes together with thetificial neural network architecture. There
is a number of algorithms with an adaptive learniate and momentum
[21], where also a nonevolutionary approach is usedther comparison
between the two approaches would be quite usefte @volution of
algorithmic parameters is certainly interesting ftubardly touches the
fundamental part of a training algorithm, i.e., léarning rule or weight-
updating rule.

1. Decode each individual in the current generation ito a learning
rule.

2. Construct a set of artificial neural networks with randomly
generated architectures and initial connection weigts, and train
them using the decoded learning rule.

3. Calculate the fitness of each individual (encodeceérning rule)
according to the average training result.

4. Select parents from the current generation accordig to their
fitness.

5. Apply search operators to parents to generate offspng, which
form the new generation.

Figure 5: A typical cycle of the evolution of learg rules.

Adapting alearning rule through evolution is expected to enhatice
artificial neural network’s adaptivity greatly indynamic environment. It is
much more difficult to encode dynamic behaviouil tthe learning rule,
than to encode properties, like the architectuie @nnection weights, of
an artificial neural network. The key issue herehmv to encode the
dynamic behavior of a learning rule into staticashosomes. Trying to
develop a universal representation scheme, whiohspacify any kind of
dynamic behaviors, is clearly impractical, let aothe prohibitive long
computation time required searching such a learnitgyspace. Constraints
have to be set on the type of dynamic behavioes, the basic form of
learning rules being evolved in order to reduce tepresentation
complexity and the search space. Two basic assongptvhich have often
been made on learning rules are [37]: a) weightatipd depends only on
local information such as the activation of theunpeuron, the activation
of the output neuron, the current connection weigttt., and b) the learning
rule is the same for all connections in an ardficheural network. A
learning rule is assumed to be a linear functiothete local variables and
their products. That is, a learning rule can becdiesd by the function (3):
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n n k
AW(t) = z eil,iz,...j I_l X, (t _1) 3)
E

k=L ipdp,...Jc =1

wheret is time,Aw is the weight changey,X,...,%, are local variables, and
the gs are real-valued coefficients, which will be detemed by evolution.
In other words, the evolution of learning rulestliis case is equivalent to
the evolution of real-valued vectors 86. The major aim of the evolution
of learning rules is to decide these coefficie@#ferent s determine
different learning rules. Due to a large numbemossible terms in (3),
which would make evolution very slow and impradiiaaly a few terms
have been used in practice according to some haabgr heuristic
knowledge [7]. There are three major issues inwblivethe evolution of
learning rules: a) determination of a subset omgerdescribed in (3);
b) representation of their real-valued coefficieats chromosomes; and
c) the evolutionary algorithm used to evolve theseomosomes. Research
related to the evolution of learning rules is aiscluded in [25, 27],
although they did not evolve learning rules exglci Researchers
emphasized the crucial role of the environment imictv the evolution
occurred.

Similar to the reason explained above, also in tase there is the
problem of the fitness evaluation for each indiakjui.e., the encoded
learning rule is very noisy because we use pheedyfitness (a training
result) to approximate genotype’s fitness (a leagniule’s fitness). There
are two possible sources of noise. The first is dieeoding process of
chromosomes. The second is introduced when a dddedening rule is
evaluated by using it to train the artificial nduraetworks. The
environmental diversity is essential in obtainingg@d approximation to
the fitness of the decoded learning rule and thugducing the noise from
the second source. If a general learning rule wischpplicable to a wide
range of artificial neural network architecturesl d&sarning tasks is needed,
the environmental diversity has to be very higle.,i.many different
architectures and learning tasks have to be usztifitness evaluation.
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3 A general framework for evolutionary artificial
neural networks

One distinctive feature of evolutionary artificiaural networks is their
adaptability to dynamic environment, e.g. they adapt to an environment
as well as changes in the environment. In a broadase, evolutionary
artificial neural networks can be considered toabgeneral framework for
adaptive systems, i.e., systems that can change ahehitectures and
learning rules appropriately without human inteti@m Furthermore let us
focus to a description of a general framework feoletion in artificial
neural networks in terms of adaptive systems wtheteractions among
three levels of evolution are considered. This ganffamework can be
found in figure 6 [37, 39], where different leveté evolution react to
different environments and use different time staléhe evolution of
connection weights proceeds at the lowest leveherfastest time scale in
an environment determined by architecture, a legrmule, and learning
tasks. There are, however, two alternatives to déethe level of the
evolution of architectures and that of learningesuleither the evolution of
architectures is at the highest level and evolutbrearning rules at the
lower level or vice versa. The lower the level ebltion, the faster the
time scale it is on. As a rule it could be betterput the evolution of
architectures at the highest level because sucilkdge can be encoded in
an architecture’s genotypic representation to redbe (architecture) search
space and the lower-level evolution of learninggsutan be biased toward
this type of architectures. On the other handethaution of learning rules
should be at the highest level if there is moremknowledge about them
available or if there is a special interest ineatain type of learning rules.
Unfortunately, there is usually little prior knowlige available about either
architectures or learning rules in practice. Iis ttase, it is more appropriate
to put the evolution of architectures at the highesel since the optimality
of a learning rule makes more sense when evaluateth environment
including the architecture to which learning rideapplied.

Figure 6 can also be viewed as a general frameuwfoaikaptive systems.
In fact, the general framework provides a basis domparing various
specific evolutionary models of artificial neuratworks according to the
search procedures they used at three differentslevece it defines a three
dimensional space where'0' represents one-shot search and
‘+ od represents exhaustive search along each axis.igadal of artificial
neural network corresponds to a point in this space
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THE EVOLUTION OF ARCHITECTURES

—> evaluation of architectures |

architectur v T fitness

THE EVOLUTION OF LEARNING RULES

—» | evaluation of learning rules

learning A

rules fitness

EVOLUTION OF CONNECTION WEIGHTS

— > | evaluatiol |
weights L T fitness
: tasks i

4| reproduction of learning rules |<—
4' reproduction of architectures |<—

Figure 6: A general framework for evolutionary didial neural networks.

4 Conclusions

Optimization within informaticsmeans to seek the answer to the
guestion“which solution would be the bédor a problem, in which the
quality of each answer may be evaluated via a singlue. Although we
commonly use the wordoptimuni; in practice we should obtain threxact
global optimum within ahuge complex space, which may be considered
here with troubles only. Generally, solving the qtiGal tasks, we need
sufficient enough approximated (suboptimum) resofuthowever, above
mentioned need not be implicitly a global optimu@riterion “sufficient
enoughi differs for various types of solved problems. Rimn course
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usually endeavors to find out a certain task subaph solution, instead of
exact one.

Optimization within artificial neural network®ieans to seek the optimal
combinations of architecture, learning rule andnemtion weights. Global
search procedures such as evolutionary algorithme asually
computationally expensive. It would be better rmtemploy evolutionary
algorithms at all three levels of evolution. It ispwever, beneficial to
introduce global search at some levels of evolutimpecially when there is
little prior knowledge available at that level atite performance of the
artificial neural network is required to be higrechuse the trial-and-error
and other heuristic methods are very ineffectiveuoh circumstances. Due
to different time scales of different levels of &u@n, it is generally agreed
that global search procedures are more suitabletHer evolution of
architectures and that of learning rules on slanetiscales, which tends to
explore the search space in coarse grain (locatpignal regions), while
local search procedures are more suitable for dodutton of connection
weights on the fast time scale, which tends to@kphe optimal region in
fine grain (finding an optimal solution). Such dgwd artificial neural
networks have been shown to be quite competitiverims of the quality of
solutions found and the computational cost. With ittcreasing power of
parallel computers, the evolution of large artdlaieural networks becomes
feasible. Not only can such evolution discover pmssew artificial neural
network architectures and learning rules, butsbabffers a way to model
the creative process as a result of artificial abnetwork’s adaptation to a
dynamic environment.
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