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“...there’s nothing like millions of years of
really frustrating trial and error to give a species
moral fibre and, in some cases, backbone.”

Reaper Man, Terry Pratchett



Abstract

In the neural network / genetic algorithm community,
rather limitedsuccessn thetraining of neuralnetworksby
genetic algorithms has been reported. In a paper by
Whitley (1991), he claims that, due to “the multiple
representationsproblem”, genetic algorithms will not
effectively be able to train multilayer perceptronswhoes
chromosomalrepresentatiorof its weights exceeds300
bit's. In the following paper, by use of a “real-life

problem”, known to be non-trivial, and by a comparison
with “classic” neural net training methods,| will try to
show, that the modest successof applying genetic
algorithmsto the training of perceptronsis causedot so
muchby the “multiple representationproblem” asby the
fact that problem-specificknowledge available is often
ignored,thus making the problemunnecessarilyoughfor

the geneticalgorithmto solve.Specialsuccesss obtained
by the use of a new fitness function, which takesinto
accountthe fact, that the searchperformedby a genetic
algorithm s holistic, and not local asis usually the case
when perceptrons are trained by traditional methods.



1 Motivation

Genetic algorithms (GAs) are one of the most generalsearch
techniguesknown in computerscience.They have beemapplied
with much successver a broad spectrumof problems,especially
since their rise in connection with the publication of David
Goldberg’s“classic” book on the subjectfrom 89 [Goldberg89a].
Yet their successin relation to neural networks (NN) has been
limited. For the designof networkarchitecturehey have beertried
on, among other things, the notorious XOR problem (by e.g.
[Whitley89], [Miller et al.89], [Romaniuk93], [Zhang &
Myhlenbein93])with theoreticallyinterestingresultsfollowing. But
the techniqueseemdo be so computationallyheavythat only with
difficulty can it be applied to “real-life problems” where it is
outdistanced by methods like Scott Fahlman’'s “Cascade
Correlation” [Fahlman90]. For the training of neural network’s
weightsandthresholdgheir useis more obvious,yet their success
to datehave beemodest. A numberof paperson the subjecthave
beenpublishedduring the lastfour or five years;e.g.[Montana89]
and [Caudell & Dolan89]. They all seemto have two things in
common.Firstly analysesmply, thatthe achievedresultsin reality
stem from a stochastichillclimb, (for a description of various
hillclimbing techniquesse [Ackley87]), rather than from a GA’s
hyperplanesampling.This is first of all evidentin exceptionally
high mutationrates;seee.g.[Ronald & Schoenauer94]nsteadof
being a backgroundoperator,it is in reality the mutation operator
that scansthe search space, guided by the GA’s selectivity.
Secondly the chromosomesepresentinghe coding of the weights
of the network in question,are usually relatively short. Montana
uses strings consisting of eleven real numbers,which must be
assumedto be insufficient for setting “the building block
hypothesis”to work. Caudell & Dolan use 288 bits; not much
either.



The above conditions are summarizedin a paper by Darrell
Whitley [Whitley et al.91], in which it is concludedthat GAs are
unsuitedfor the training of perceptronsin caseswherethe coding
of the weights consistsof more than 300 bits. For this aim he
proposesthe use of a hybrid, a “genetic hillclimber”, called
GENITOR, which as the name implies is primarily basedon
mutation/selection.

My main purposewith this paperis to renderprobablethat it is
yet too early to abandorthe ideaof GAs asa generalalternativeto
back-propagationBP), when training multilayer perceptrons.It
seemdhatthe number300 bits is of a sizelargeenoughto be non-
trivial, but too small for the GA’s hyperplanesamplingto make
itself felt. Below | will describe an experiment where the
chromosomdengthis in the magnitudeof 10000bits; a coupleof
magnitudes longahantraditionally. Thetechniqued inventin this
connection are generally applicable to NN training. Most
importantly | use, as the first in GA training of NN, a fitness
function which is not the leastmeansquarefunction known from
BP training (whereit is usedas error function). My new fitness
function takes into accountthe qualitative nature of the GA’s
search.

Finally, I will focuson the generalizatiorabilities of GA trained
netsasthis very importantaspect(indeedthe very reasorfor using
NN in thefirst place,on a given problem)is mostoftenignoredin
the literature of this field of research.

1.1 The Neural Nets’ Task

My “real-life problem” consistsin training a fully connected
perceptronwith 6 input nodes,a hiddenlayer containingl5 nodes,
and one single output-unit,for the purposeof sorting corn in two
categories: “wanted” (wheat) and “unwanted” (rye, badagloats),
seefig. 1. The inputs are obtainedvia a scannerand somesimple



preprocessing.

FIGURE 1 HERE

The problemis non-trivial, oneof thereasondeingthat overlaps
existbetweerthe different corn speciesgachof theseconsistingof
a number of subspecies,measuredon the basis of the six
characteristicqlength of grain, width, areaect.), the network is
given asinput. E.g., one subspecie®f wheatlooks more like rye,
thanit looks like any other subspeciesf wheat.The problemwas
used as a main project for an introductionary coursein neural
computationfor undergraduateat the University of Aarhusin the
autumnof 93. Around 40 peoplecompetedin producingthe best
network. This makes the problem well suited for a GA/BP-
comparisonas the BP aspectwas thoroughly investigatedthen,
including variousextension®f standardBP, suchasWeight-decay,
adaptivelearning-ratesalternativecost-functionsand constraintsl
will return to this point shortly. The success criteria was:

“No. of correctly classified “wanted” grains” larger equalto 85.0
% of all wanted grains

“No. of correctly classified“unwanted” grains” larger or equalto
99.0 % of all unwanted grains,

andthe latter maximized.The grainsarein fact usedas seedcorn,

soa high level of purity mustbe obtained.Our (my team’s)record

in 93 was:

“No. of correctly classified “wanted” grains” = 87.5000 %

“No. of correctly classified “unwanted” grains” = 99.4444 %,

obtainedafter 1554 on-line training epochspon a testsetconsisting

of 2000wantedand4500unwantedgrains.This resultwill be used

as a bench-markin what follows. As | know that a good solution

exists for the above neunagtarchitecturejt becomes questionof

the GA’s (and my!) ability to (re)find it. What follows is a short



description of the various techniquestried in connectionwith
standard BP and their relative success.

1.2 Alternative cost functions
Threealternativedo the standardquadraticerror measureausually
usedas costfunctionin BP (2" -0")°, where ¢! is the desiredand
O! the actual output for output nodei on propagationof input
patternu, weretried. Most successvasobtainedby the useof the
Relative Entropy Function:
1-q'C
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It originsfrom informationtheory.Seee.g.[Sollaetal.88]. In effect
it accelerategonvergenceon plainsin the error landscapewhere
the ordinaryerrorfunctioncould getstuck,anddecelerateprogress
on sharp bendsof the cost surface, thus hopefully preventing
oscillations around a minimum. My experimentsdid show a
somewhaftasterconvergencehut not a betterfinal resultthanwhat
can be producedby the quadraticerror measure A middle course
suggestedoy Fahlman[Fahlman89]is a new delta value for the
output layer:

ot =[o(n) el -or)
“g” Is the neurons’activationfunction. By way of €, a minimum
“speed” on the plains is assured,while the accelerationon the
curvesis kept. This works quite as well as the relative entropy
function;anindicationof thefactthatit is theflat areasof the error
landscape that constitute a problem in BBt againthereis noreal
improvementof the quality of the endresult. The last alternativeis
also Fahiman’swork. Ignoring the actual error function we usea
new delta value for the back-propagation of the output layer:
ol = arctanh%(zi“ —Oi“)



The ideabeingthat whenthe differencebetweenthe expectedand
the actual output becomeslarge, we use a large step size. It
performed as the previous function.

1.3 Weight decay

Herel startedwith arelatively high numberof neuronsabout50,
in the hiddenlayer, hoping thatweightdecay(WD) would remove
non-productivenveightsby convergingthemtowardszero. The rule
employedwas w;i*™ = (1—5". )w;;'d. The strategybeingthatif BP is not
actively trying to reinforce a given weight, the factor (1—5".) will
send it towards zero (with exponential speed). The term:

e =M
i (1+W§)2
Insures that small weights will decay more rapidly than large
weights.Otherwisewe will discouragdarge weights,which is not
our objective.If all weightsrelevantto a givenneuronareremoved,
the neuron itself can be removda the end,oneshouldbeleft with
a network where only the relevantstructuresremain. WD sounds
Intuitively attractive,but the resultswere disappointing.Thougha
large interval of ¢; valueswas tested,the expectedeffect did not

materialize. All that happenedwas that all the perceptron’s
weights/thresholdsvere lowered with a factor that evenappeared
ratherconstantfor a given trial. Lack of successisingWD was a
generalexperienceamongthe approx.40 participantsengagedn
classificationof cornin 93. Only a single participantreportedsome
success.

1.4 Constraints on BP

As a new thing, we tried to impose some constraintson BP’s
searchof the error landscape,not unlike a kind of controlled
simulatedannealing Our startingpoint wasthe following strategy:
If a numberof X epochsof BP havenot improvedthe perceptron’s



performanceon a testset,thenrestorethe old weightsandtry again
In anotherdirection; however,at mostY times. This is to prevent
the BP from bouncingin a “hollow” thatit takesmorethanX steps
to getout of. If the latteris the case(i.e. we havetried Y timesto

get away from the hollow), X is resetto allow further stepsaway
from the hollow to be taken, otherwise(i.e. the X epochsHAVE

improved the performance)Y is reset. Theseconstraintsgave a
significantspeed-upf the learning processitypically a factor two

or three. But again- no improvement on the final test set.

1.5 Interactive Learning-Rate

The following techniqueis in effect rather like the above-
mentionedconstraintsapartfrom the fact that it is exponentialin
time insteadof linear. However,the effect is here obtainedby an
adjustment of BP’s learning rate. We started out witarningrate
on 0.04 and halvedit each25th (on-line) epoch.For each250th
epochwe resetit to 0.04, to avoid rummagingaboutin a local
minimum. It was by use of this techniquethat we obtainedour
record for classification of corn by BP:

“No. of correctly classified “wanted” grains” = 87.5000 %

“No. of correctly classified “unwanted” grains” = 99.4444 %
Interactivelearningrate gives a certainspeed-udor mostruns. In
return thereis also a bigger ratio of erroneousruns comparedto
standardBP, meaningrunswherenothinglike an acceptableesult
IS ever obtained.This is probablybecauséhe interactivelearning
rate very quickly drills down into the minima that are present by
virtue of the initial weights. Whenthe initial weightscoordinatea
bad area of the error landscape, we thus land on “rocky ground”.

2 The Genetic Algorithm

In what follows, | will describe my GA from Davis &
Steenstrup’sfive-componentoutline [Davis87]. The GA was



Implementedn standardANSI-C (gnu-cver. 2.5.6),andrun on a
HP 705 “Snake” computer.

2.1 Chromosomal Representation of the Problem

| havechosena binary representatiof the chromosomessthis
choice maximizesthe numberof building blocks per information
unit. Most earlier attemptsof GA training of NN usereal value
strings, meaning that crossoveronly takes place in the space
betweenweights.This further meanghatthe only way the separate
weightsareactuallychangeds by mutation.Sucha strategymight
not be taking full advantage of the GA’s processing capabilities.

A perceptronis coded as a concatenationof its weights. As
thresholdgbiases)in practiceare calculatedas weightsassociated
to a neuronhardwiredto the value-1.0, our perceptron( andthus
our chromosomes)contains (6+1)-15=105weights betweenthe
input layer andthe hiddenlayer,and (15+1)-1=16weightsbetween
the hiddenlayerandthe outputlayer, makinga total of 105+ 16 =
121 weights.Eachof theseare representedby four 29 bit integers,
making 4-29 = 116 bits availablefor eachweight. Thesebits are
uniformly mappedinto the real-valueinterval [-16; 15] by the C
program.At theselimits, the neurons’activationfunctionis, for all
practical purposes, completely saturated.

FIGURE 2 HERE

How many of the 116 bits that are actually used,dependsof the
precisionthe userrequires. A chromosomehus maximally consists
of 121-116= 14036bits. Seefig. 2. In the experimentalesultsthat
follow, all 14036 bits are used when the genetic operatorsare
applied (on the genotype).However, when the chromosomesre
decodedto perceptrongthe phenotype)the numbersare rounded
off to C’s ordinary“double” precision,53 bits. Consequently am,
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with 121-53= 6413bits for the phenotypg and 14036bits for the
genotype) well on the other side of the 300 bits barrier found by
Whitley experimentally.

But in what order shouldthe separateveightsbe concatenated?
Whitley et al. mention,asthe primary sourceof the difficulties of
using GAs for NN training, The Multiple Symmetric
RepresentationsProblem (MSRP). In each layer in a given
perceptron,an arbitrary neuron and its incoming and outgoing
weights,canswitch placeswith any otherneuronin the samelayer,
without changingthe perceptron’dunctionality. It is symmetric.In
our caseit follows that thereare 16!, i.e. approx.2.1-16° possible
permutationsof an arbitrary solution! This meansthat the error
landscapeis extremely multimodal. One cannot rule out the
possibility that a large amountof the processingpower will be
wastedon a futile oscillation betweenequally attractiveweights.|
haveto a certaindegreetried to solvethis problemby codingthe
perceptronin sucha way that a nodein the hiddenlayer hasits
incoming weights distributed across most of the chromosome,
insteadof groupingthe incomingweightsof a neuronin the hidden
layer together,ascommonknowledgewould suggestSeefig. 3. In
this way, the GA is to a certain degreeforced to more or less
“choose” one of the possible permutationsearly in a run, as a
templet for future generations to work on.

FIGURE 3 HERE

Why is it so?Well, if we havea MSRP of size 16! it meansthat
the potential “troublemaking” clustersof building blocks number
16 in a given solution. But with a coding, like the onein fig. 3,
thereare only 7 clustersof troublemakergbecausethere are 7
nodesin the input layer). Thus,if we believein the building block
hypothesis,it meansthat only 7! = 5040 of the possible 16!
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permutations of a given solution should have a reasonable
probability of being considered.This reduction from approx. 2
2.1-16° to 5040 might be expectedo boostthe GA’s performance
somewnhat.

2.2 The Initial Population of Solutions

| choosejnspiredby Herz,Krogh & Palmer[Herz91], the initial
weightsat random,uniformly distributedin the interval plus/minus
the inverse of the square root of the fan-in to the neurgaastion.

l.e. [—%;%] and [—ﬁ;ﬁ] for the hiddenlayer andthe outputlayer,

respectively.Generally speaking,Gas are characterizedoy being
lessdependenbn theinitial valuesfor successthanBP. The most
important thing being that all possible alleles (iG8. and“1”) for a

givenlocusin the chromosomare presentWith a binary alphabet
and a population size of 100 individuals, this will statistically
“always” be the case (the probability  being
1-202)” =1- 1610 =1). The initial population, generatedas
described above, by and large, turns out to coabisbstentirely of

individuals that either categorizeall grains as being wheat or

categorizeall grains as being non-wheat.See section 3.6 for a

discussion of the importance of the initialization.

2.3 Fitness Function, Selection Technique ect.

The raw fitness varies from experimentto experimentand is
mentionedin the relevantsections.Commonto all the different
fitnessesis, however, the fact that they are all basedon the
chromosomean questionbeing decoded)oadedinto a perceptron,
and propagatedy a training set, consistingof the dataof approx.
2000 grains. On the basis of the successof this classification
procedure,the raw fithessis created.Insteadof scaling the raw
fitness,| havechoseno useFitnessRanking[Baker85],[Davis89],
[Whitley89]. The solutions are sorted by their raw fitness and
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assigneda ReproductiveFitnessaccordingto their rank. | usean
exponentialfitness ranking with base0.95; meaningthat the best
individual will receivereproductivefitness0.95, the secondbest
individual receives0.95', the 15th bestindividual receives0.95*
and so on. This means,that we on averagereceive approx. five
copiesof the bestfit individual, approx.onecopy of the 33nd most
fit individual, thatthe 46thindividual surviveswith a probability of
50 % ,andthatthe leastfit individual surviveswith a probability of
0.031 %. Fitnessranking conquerstwo of the biggest problems
inherited from traditional fithess scaling: Over Compressionand
Under Expansion.

Over Compressioroccurs,in the beginningof a run, if a “super”
individual with, say,tentimesthe averagdfitness,is created As a
consequencef the fithess scaling’s attemptto avoid Premature
Convergence(the geometricakequivalencas beingstuckat a local
maximum in the 121-dimensionalsearch space,)the different
individuals fitness valueswill be far too closeto eachother. We
then risk nobnly too slow convergencdut alsoGeneticDrift away
from the true global optimum (optima).

Under expansionis essentially another name for the same
phenomenonwhenit occursat the endof a run. The genotypesare
now supposedlyery closeto eachotherin fithess,andthe fitness
scalingwill try to increasehe distanceamongthem,to avoid Slow
Finishing. An extremely poor genotype, created perhapsby a
mutation,will represenbnelimit to the expansionandthe bestfit
individual the other),and we will neverquite reachthe top of the
function we are optimizing.

Fitness ranking representsan elegant solution to both these
problems asit alwaysforcesa user-definedunction (in my casean
exponentialfunction) onto the individuals. No matterhow good a
solution, it will, on average,never survive more than five times
each generation. And most reasonablyfit individuals have a
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reasonableprobability of survival. Experimentalevidencehas by
now shown fitness ranking be superiorto ordinaryscaling overa
wide spectrum of problems.

As selection technique I have chosen Stochastic Universal
Sampling(SUS), inventedby JamesEdward Baker. Baker shows
[Baker87], that SUShasMinimum “Spread”’andzero“Bias”. Bias
has(in this case)nothingto do with the neurons’thresholdsput is
an expressiorfor the absolutedifferencebetweenthe expectedand
the actualnumberof individuals. Spreads herethe setof possible
numbersof individuals, that can be selectedpy a given sampling
strategy;minimum spreadis defined as the theoretically smallest
spreadthat allows zero bias. Baker thus effectively minimizesthe
geneticdrift causedby selection.This makesSUS superiorto for
exampleStochasticRemainderSampling Without Replacementa
techniquewithout the above-mentionedgroperties,that is often
usedasa kind of “standard”samplingtechniquein GAs. SUScan
be visualizedasa “wheel of fortune” with n arrowsinsteadof one,
with equal angle distanceto eachother, n being the number of
individuals in the population.

| usea generationgap of one. When 100 individuals havebeen
selectedby SUS,thesearepairedoff randomly,andthe 50 pairsare
crossed over. Botbhildrenof a crossingaremutatedandpassedn
to the next generation, thus again constituted of 100 individuals.

2.4 Genetic Operators

| only use the two operators“crossover” and “mutation”. In
section4.2 (FutureWork) | discussthe possibleapplianceof some
kind of reordering operator.

2.4.1 Crossover

| usea combinationof thetwo techniquesTwo PointCrossover”
and“Uniform Crossover”which | havecalled“Two PointUniform
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Crossoverwith Constraints”,which is specially designedto this
problem.

Two-point crossover[Booker87] regardsthe chromosomeas a
ring insteadof a string; i.e. two crossovelpoints are chosen.Both
experimental results and theoretical evidence, (one gets more
building blocks, as thesecan be wrappedaroundthe endsof the
string. Schematawhich in the ordinary string representationhave
the longest Defining Length, are now not so easily ruined by
crossover.)lead to the conclusion, that two-point crossoveris
superior to ordinary crossover.

Uniform crossoveris a more controversial matter, and many
argumentsexist, both experimentabndtheoretical for and against
it. See e.g. [Eshelman et al.89] and [Syswerda89]thgzant, it is not
really uniform crossover | use; “-witGonstraints’refersto thefact,
that! only allow crossovelbetweenthe partsof two chromosomes,
that representthe “same” weights. “Same” means, in this
connectionbit sequenceshat are decodedto the sameweight in
the perceptron,i.e. the same position in the perceptron, not
(necessarily}he samefunctionality. The chromosomesanthus, at
the time of crossoverpe regardedas consistingof a string of 121
rings, eachmadeup of 53 bits. The two crossoverpoints, for a
given ring chosenfor crossover,are selectedat random. My
justification of theseonstraintds the (reasonableassumptionthat
a strongerepistasisexists betweenbits in the sameweight, than
between bits in different weights, statistically speaking.

It shouldbe remarkedthat my crossovertechniquein itself is a
solutionto the multiple representationproblem, asit is unlikely,
that a whole cluster of weights will be switched simultaneously.

The crossover rate mentioned in secofimeanghe probability
that eachsingle weight is crossedFinally it shouldbbe mentioned
that a crossovels only performed,if thereis a distanceof at least
two bits between the crossover sites. Otherwise it is canceled.
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2.4.2 Mutation

| useordinary bit mutationwhereeachbit in the chromosomas
flipped with a certainprobability. This is not the sameas eachbit
acquiring a randomvalue with the above-mentionegrobability,
but, on averagewith twice the abovementioned-probabilityThis
banal point often causes misunderstanding in the literature.

2.5 Parameter Values

By way of someshort, initial experimentd fixed the crossover
rate at 0.01 and the mutationrate at 0.001, which means,that on
average one weight of 100 will be crossed andweightof 19 will
be mutated each generation. This again correspondsto each
chromosomebeing crossedl.2 placesand mutatedin 6.4 bits on
averageWith a higher mutationrate, the systemperformedalmost
like a random search,as the mutations override the selection
mechanismThis is characterizedy the fact thata large part of the
population,asmentionedn section2.2, eitherrejectsor acceptsall
grains. In other words, the GA doesnot function as a stochastic
hillclimber. If no mutationis used,the populationconvergesto a
local maximum in very few generations.

Thepopulationsizeis 100.This is probablya bit onthe high side
of whatonewould usuallychoose but | think thatthe overheadn
computertime is worth the (relative) security, a large gene pool
provides.(As a matterof fact, manyof theresultsin GA theoryare
only valid, under the assumption,that the population size is
infinite!)

The number of generationsis 120, which is basedon the
experimental observation that almost all runs will heeevergedt
this point.

Theabovechoicesarehardly optimal,andthereareotherwaysto
determinea GA’s parameters.One possibility is a theoretical
calculation of the crossovandthe mutationrates.Suchtechniques
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have beerdevelopedoy, for example,DeJong[DeJong75].But as
the GA | use differ from a standa@A (on,amongotherthings,the
crossover operator), non of the methods known to the aut@wobe
directly applied here. Another possibility is to usea Meta GA to
find nearoptimal parametersettings[Grefenstette86]The idea s
theoreticallyattractiveand hasin practiceyielded positive results.
But it is rathercomputationallyheavy.Both the above-mentioned
methodsare outside the scopeof this article, and one can find
comfort in the thought, that GAs are supposedto be rather
parameter stable.
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3 Results

The resultof my experimentdollow. In eachsectionthe relevant
characteristicof the experimentare described.The graphsshow
the bestof ten runs, where “best run” is defined as the run that
obtainedthe bestsingle individual. Both the averageand the best
individual of the generation are shown.

3.1 Standard Configuration (Reference)

Heretheraw fithessis calculatedrom a training setconsistingof
1000 wanted and 990 unwanted grains; i.e. approx. the same
guantity of the two categories.Each correctly classified grain
countsl.0in rawfitness,i.e. araw fitnessof max.1990is possible.
When a potentially successfulsolution is obtained,the test set,
consisting of 2000 wanted and 4500 unwanted grains, is
propagated. The perceptrons generalization ability is thus
thoroughly tested. As mentioned in section 1.1, a successful
solution is defined by
“No. of correctly classified “wanted” grains” greateror equal to

85.0 % of all wanted grains
“No. of correctlyclassified“unwanted’grains” greateror equalto

99.0 % of all unwanted grains.
The results are shown in fig. 5. However, with a single
modification: Thefithessoughtto bereproducedn two dimensions
asa function of the numberof generationsOne dimensionfor the
wantedgrainsand one for the unwantedgrains.Seefig. 4. As 3D
graphsseldomlyturn out well on paper,| haveinsteadchosen,n
the depiction, to add 150.0 to the raw fithess of potentially
successfukolutions.The lowestvalue, which ensureghat the best
solutions will in fact have the highest fithess. The maximum
theoreticallypossiblefitnessthenbecomesl000.0+ 990.0+ 150.0
= 2140.0.1t is emphasizedthat this boostof the raw fithessis not
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usedduring the GA’s run. It is solely a technical“trick” in the
depiction.

FIGURE 4 HERE

As appeardrom fig. 5, a populationof reasonablyfit individuals,
quickly arises and appearsto remain reasonablystable. Five
individuals,which potentiallyfulfill the minimum requirementsre

FIGURE 5 HERE

createdFour of these,areableto generalizesatisfactorily.The best
individual is createdin generation111, with “No. of correctly
classified“wanted” grains” (WG) equalto 85.85% and “No. of
correctly classified“unwanted” grains” (UG) equalto 99.13%, in
performance on the test set.

The reason for the relatively modest number of successful
solutions is ottoursethatthe GA hasanothergoalin sightthanthe
onewe havedefined.Its only interestis to optimizeits raw fithess,
and therefore weights the recognition of wanted grains just as
highly asthe rejectionof unwantedgrains.From our viewpoint, the
successfulsolutionsare just spin-offs, from a less discriminating
searchfor a generally good solution (in this run, the record is
WG=98.00%andUG=96.26%).In the nextexperiment will try to
change the situation, by the introduction of Penalty Terms.

3.2 Penalty Terms

We needa techniqueto guidethe GA'’s blind searchin the right
direction,which traditionally canbe obtainedin two ways:We can
either use“Enforcement’or “Penalty Terms”. The former strategy
banschromosomeghat which do not measureup to the minimum
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requirementsj.e. they are “killed off” without any possibility of
contributing genetically to the next generation.The remaining
strings,abovethe minimum limit, thensomehowfill up the empty
spacein the gene pool. But this technique demands,that our
minimum requirementsare less severethan the casebeing, as it
would be difficult to fill uptheinitial population.(Onewould need
to collect fit chromosomeghrough many runs like the one in
section 3.1.)

The latter strategy,the one | will usein this section,consistsof
punishing (or rewarding!) an individual’s raw fitness, before the
fithessranking is performed,accordingto how closeit is to the
optimal requirements. The followidmes of pseudacode,equalthe

penalty terms placed in the C program:
IF (#WG >= 85. 0% AND #UG >= 98.0% THEN
raw fitness = raw fitness + 120.0

raw fitness = raw fitness + 6.0*(#UG - 990. 0*99. 0%
END | F

| F (#WG >= 87.0 % THEN
raw fitness = raw fitness - 2.0*(#W5 - 1000. 0*85. 0%
END | F

The first term, and its consequencesre immediatelyintelligible.
(The numeric constantss a qualified guessfrom the author). An
individual, who (almost)lives up to the minimum requirementsis
rewarded.The reward consistsof a higher fithess, which directly
leadsto biggerinfluenceon the next generation’sgenes.The last
three lines of the pseudocode are less obvious. Often, while
training the perceptronby meansof BP, it was remarkedthat, in
very good solutions,there was a trade-off betweenWG and UG;
when one othemwentup, the otherwentdown. Thereforel punish
successfulsolutions, that use too many “resources”, (meaning
internal flexibility in the neural net) on increasing WG,
(supposedlypt UG’s expenseWhenWG is just over 85 % we are
satisfiedwith it, and the attentionmust be focusedon optimizing
UG.
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Theresultsof the bestof tenrunsareshownin fig. 6, themaximum
theoreticalpossiblefitnesshere being (besidesextremelyunlikely)
1000.0-0.87+ 990.0-1.0+ 120.0+ 6.0-(990.0-1.0990.0-0.99)=
2039.4.

FIGURE 6 HERE

Note that, while the averagefitness after about 50 generations
stabilizesat an averagevalue, with oscillationsin the size of 5-10
%, the fitnessof the generation’sestindividual continuesto grow
moreor lessall throughthe experimentAnd we do endup with no
lessthan2093 potentialsolutions,and 1053,i.e. morethan half of
these, generalize satisfactorily on the test set! It is worth
mentioning,thatin the lastgenerationsthereare more occurrences
of potentiallygoodsolutionsthatturn out to generalizevorse,than
the potentialsolutionsin the earlier generationswhile at the same
time, the potential solutionsthat DO generalizesatisfactorily,are
betterthanthe onesin the previousgenerationsThis polarizationis
causeduy thefact, thatsomeof the chromosomesavestorednoise
containedin the training set; a phenomenorwell known in NN
circles, where it is named overfitting (or over-training). This
indicatesthat the networks,to a certaindegree Jack moretraining
data-they arein theory capableof storing more information/rules,
and haveindeeddonethis, unfortunatelyin the shapeof noise.|
will returnto this importantpoint in the next section.The bestnet
in this experimenthas WG=85.70%and UG=99.20%:;the bestso
far. This phenotype occurs in generation 103.

3.3 Composition of the Training Set

Now | alterthe compositionof the training set. The onewe have
usedso far was composedf 1000 wanted(i.e. wheat)grainsand
990 unwanted(i.e. rye, barley and oat) grains.| try to compensate
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for the lack of training data, mentionedin the last section, by
changingthis relationship.As we want the highest precisionin
connectionwith UG, it makessenseo give the GA accesgo more
Instance®f unwantedgrains,soit canbuild up a statisticallymore
stable,a more coherentand thus better, “picture” of the fitness
valueasa function of the 121 weightsin the perceptron A quasi-
logic choiceis to let the training set contain 15 times as many
unwantedgrains as wantedgrains,as we want a 15 times higher
precision(1.0%)with UG thanwith WG (15.0%).In the following
run (bestof ten), all conditionsare equalto the onesin section3.1,

FIGURE 7 HERE

apartfrom the fact thatthe training setnow consistsof 128 wanted
and 1854 unwantedgrains.The testsetis unaltered(2000 wanted,
4500 unwanted).The maximumtheoreticalpossiblefitnessis now
128.0 + 1854.0 = 1982. The results are presented in fig. 7.

Again the averageindividual is seento oscillatearounda rather
fixed value, while the generation’sbest individual’s fitness is
increasingas a function of the numberof generationsthroughthe
wholerun. This timethereis “only” 232 potentialsolutions.As the
test set is propagated,47 of these turn out to generalize
satisfactorily.The bestphenotypas presentothin generationl19
andgenerationl20. (Onegetsthe impressionthat 120 generations
wasa bit on the low sidefor this specificrun). It hasWG=85.40%
andUG=99.36%.We havenow, with a factor ten fewer successful
solutions,brokentherecordfrom the previousexperimentit would
seem,that we haveincreasedhe exploitation/exploratiorratio. It
would now be naturalto try to combinethe methodsfrom section
3.2 and this section. | will return to this in section 3.7.
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3.4 Real Value Raw Fitnhess

In this sectionl will returnto the“roots”, asl replacethe discrete
error function| haveusedsofar, with a continuousone,similar to
the one most often used during traditional BP training of
perceptronsThe hitherto usederror function hasbeendiscretein
the sensethat a positive output, causedby the propagationof a
given input pattern, has been read as a +1.0, winégativeoutput
has beenregardedas a 0.0, and then addedto the fitness score.
Nobodyhasactuallycaredif the answerwase.g.0.4 or 0.9.In this

experimentwe use the classicquadraticerror measure((* -o})’,

where ¢! is the expectedwishedfor!) output,and O is the actual
output. This numberis summarizedor the whole training setand
thusconstituteghe raw fitnessfunction. It is an obviousincreaseof
the exploitation/exploratiorratio, as the error landscapenow no
longercontains‘don’t care” plateausThe hopeis now thatthe GA
In @ more unambiguousvay will be ableto find a road leadingto
the existing global minimum (or minima). (With this new fitness
function we are looking for minima, not maxima). Otherwise,the
conditionsare similar to the conditionsin section3.2, apartfrom
the constanton the penaltytermswhich have beeradjustedto fit
the magnitudes of the new, continuous, quadratic fithess function.
Outof 10 runs(or, asa matterof fact 20, | performedl10 more,to
be sure), not one potential solution that turns out to generalize
satisfactorilyoccurs.The bestrun of the first 10 hasno lessthan
4006 potential solutions, but non of them reachedthe 85.0/99.0
limit in performanceon the test set! The GA obviously lacks the
freedomto actit is given by the discretefitnessfunction. The bad
generalizationability would suggestthat we have reached‘noise-
fissures”in the energylandscapef the training set. Maybethe GA
enters these, becausethe new, cogent fitness function forces
genotypes which want a chance of survival downwards at any price.
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Sowhy is the quadraticerror measuregenerallyworking well (if
not optimal) when BP is used in perceptron training? One
explanationwhich springs to mind is that the stringent error
measuras counteredoy therandomnessherentin online BP. The
slightly different versionsof the error landscapecontainedin each
Input instancemakesthe error landscapenore“shimmering” andit
Is thus harderto get stuckin a noise-fissure GA training is more
reminiscent of batch BP training.

But the mainreasorfor therelativesucces®f the quadraticerror
measuran BP is of course,that BP is a local searchprocedurea
gradient descent algorithmhich “makesthe bestof a badjob”; i.e.
it descentswhenever possible, and hopesto get out of local
minimasby noise.In sucha situationthe quadraticerror measuras
a reasonablemeasureof success.lt makeslittle or no sense
however,to transferthis measureof succesgo solutionsproduced
by a GA’s holistic (i.e. produced primarily lmyossoverhyperplane
sampling.The gradientinformationcontainedn the quadraticerror
measuras of no immediateuseto the GA. As we do not know the
geometricexpression®f the GA’s implicit parallelism [Goldberg
89a], the only objective measureof successis how well the
perceptron performs the classifications.So to avoid imposing
unreasonableonstraints(which might be downright harmful) on
the GA’s searchof the perceptron’serror landscape) simply use
the numberof correctclassifications(maybeweightedand maybe
with somepenaltytermsaswell) asthe basisof a fithessranking.
As is evident from the above, this approachin its apparent
simplicity completely outperformsthe quadratic error measure.
Notice that, unlike the quadraticerror measuremy fitnessfunction
Is completely monotonic [Hampshire 92]; a quality not easily
obtained for error functions used for BP. See [Moeller &
Depenau94jfor a discussionof ways to approachmonotonicity
during BP.
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Goldberg has recently pointed out theedfor defininglandscape
characteristicsmportantto crossoverunlesswe want to continue
to look at the fitness-landscap&om a hillclimber’s (i.e. gradient
ascent) point of view [Goldberg & Horn 94].

It is worth to emphasizehat during GA training of neuralnets,
the quadraticfitnessfunction is alwaysused,by direct inspiration
from back-propagation. Indeed it is recommendsd standardn a
survey paperof the GA/NN field by David Schaffer[Schaffer et
al.92]. 1t is morethanlikely thatthis is the main reasondor GAS’
undeservedbadreputationin this area.Examplessuchasthe above
show that genetic algorithms, though being a general search
technique shouldnot be appliedto a problem“mindlessly”. They
must be carefully fitted to the concreteproblemif one hopesto
achieve good results.

3.5 Hillclimbing of Good Solutions

Now we try to hillclimb all solutionsthat generalizesatisfactorily
on the testset. | thereforeuse three different data sets(otherwise
somespoil-sportmight cry foul): One training set, for the fitness
function, aspreviously.Onetestset,to decidewhetherto hillclimb
a givensolution,or not, anda validationsetwhich takeson therole
the test set had in the former sectiongge&ithe final generalization
ability of the phenotypes.Like the test set, the validation set
consistsof 2000 wanted grains and 4500 unwantedgrains. The
hillclimber is a non-stochastic, round robin climber that in flips
the 29-121= 3509bits in the genotypewhich codefor the 30 most
significant bits in all 121 weightsin a given phenotype.To keep
down the number of candidatélse prerequisiteo be hillclimbed is
a performance with WG>85.0% and UG>99.1% on the test set.

For each inverted bit, the chromosomeis decodedand the
training setis propagatedIf the performanceas increaseddefined
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as UG increasedand WG not below 85.0%), the changeis kept,
otherwisethe bit is flipped backto its original value. The climber
runs, on a given chromosome,till it has not succeeded in
improving the performance3509timesin successioni.e. it runsat
least3509timesandat mostan infinite numberof times (or to be
precise (3509 -1)-2°% times). In the end the validation set is
propagatedit mustbe stressedhat the roundrobin hillclimber has
nothing to dowith Whitley’s “GeneticHillclimber”. Theformeris a
superstructureoften imposedon GAs. Geometricallyspeaking,it
meanghatonewill always“at least”reacha local extremum,n the
fitnesslandscape(lt appearssilly to standhalf way up a mountain
sideandapparentlyhaveno ideaof how to proceedfurther). Apart
from the hillclimber, the conditionsin this experimentare like in
section3.2. Of theruns| started,manydid neverfinish, dueto the
hillclimber’s great need of processing power.

The hillclimber turnedout notto be worth the effort. During the
executionof one hillclimbing cycle (requiring 3509 decodingsof
the chromosomeand 3509 propagationsof the training set), an
amount of processing power equal to almost 35 standard
generationsheedswas used(“standard”’meaninga generatiomot
containingany successfuindividuals; a standardgenerationtakes
about60 sec.in real time to performon an HP 705), andin most
casesthe acquiredadvantagegurned, out to be minimal. Most
often,no progressat all is madein any of the 121 dimensions!And
almostnever(onein a hundred)in more thantwo or three.For a
GA advocatejt is quite satisfying,that the GA’s blind hyperplane
samplingfinds local maximain a 121-dimensionaspace(Or to be
more precise,a 121times53, i.e. 3509-dimensionabinary space).
Evidently from a more practical point of view, it meansthat the
hillclimber was a dead end.
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Fig. 8 showsthe hillclimb that hadthe mostsuccessgoncerning
improvement of the already acquired weights. It is, with
WG=85.20% and UG=99.29% also the record in this section.

Each*hop” corresponds$o onebit beingtested.In morethantwo
cycles,i.e. during morethan 7018 propagationstherearefive bits,
the flipping of which produces an improvement on the
performanceThe screerdumpalsoillustratesthe above-mentioned
trade-off betweenWG and UG; when one goesup, the other goes
down.

FIGURE 8 HERE

3.6 Alternative Initialization

Instead of creating the initial generationof perceptrons,as
describedin section2.2, 1 now usea completelyuniform random
Initialization. Eachbit in the initial populationhasexactlya 50 %
probability of being switchedon. This is the proceduremostoften
recommendedor the seedingof a GA, with the argumenthatthen
therewill be ambleinstancef eachalleleatall loci. Thenit is up
to the geneticoperatorgdo sortandrecombinethese In practicethis
turns out not to hold good. | performedl10 runs, like the onesin
section3.2 with this initialization. The bestresultwasWG=86.20%
andUG=99.06%.Thelastgeneratiorturnedout, in all tencasesto
containvery alike phenotypesThat could point to somekind of
prematureconvergenceThe bad resultsare probably producedby
the fact that many of the initial weights, producedby the new
initialization strategy,lie in the interval where the perceptron’s
activation functionis completelysaturated(The activationfunction
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Is the usual hyperbolic tangent functiofine sameconclusionasin
section3.4 canbe drawn: The GA mustbe adjustedto the specific
problem in question.

3.7 Last Experiment

As a last experimentl try to combinethe bestof the previous
experimentsl useconstraintsand haveincreasedhe training set
considerablyto 1344 wanted and 4050 unwanted grains; The
maximum number of training data available. Besides | have
increasedhe numberof generationgo 200. Finally, the hillclimber
will beactivatedif a successfusolutionhasUG>99.30%.Tenruns
gave as the best result WG=85.20% and UG=99.31% and the
hillcimber did not improve this solution. An interesting
phenomenoroccurredin almostall ten runs: Ratherfew potential
solutions,typically around40 in a run, werefound. But they had a
very fine generalizatiomability, whenthe test set was propagated;
oftenwith UG in the areaof 99.20%to 99.28%.This situationdid
not occur during the experimentgescribedn section3.1to 3.3. 1
have no immediate explanation for this.

4 Conclusion and Futue Work

4.1 Conclusion

| have in this papertried to arguethat it is possibleto train
perceptronsefficiently by way of genetic algorithms, if one is
carefulto observethat a seriesof problem-specifigoints, suchas
Initialization, chromosomal representation,crossover technique
and, most importantly, choice of fithess function are non-trivial,
and deserve special attention.

The strategy for applying my fitness function to a general
problem is the following: First Count the number of correct
classifications(or whatever)the phenotypemakeson the training
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set.(In situationswherewe havemultiple outputnodes,we simply
count, maybeweighted,the numberof outputnodeswhich answer
correctly, for eachtraining pattern,and then sum up for all the
patterns.The absolutesize of a phenotype’sraw fithess do not
matterasit is only comparedo otherphenotypeswhich havehad
their raw fitness calculatedin the sameway, during the fitness
ranking). Thenwe might lay someproblem specific penaltyterms
on the raw fitnessasin section3.2. Finally we perform a fithess
ranking, and acquire the reproductive fithesses used for the
selection.] haveusedan exponentialranking, but a linear ranking
might be usedwith just asmuchsuccessOf courseone might also
try to use some gradient information, to choose betweentwo

perceptronswhich have the same performancein terms of pure
classificationsHere it might be sensibleto choosethe perceptron
whose answers lie closest to the output neurons’ activation
functions’ saturation,as this perceptronmight have more internal
flexibility left, thana perceptrorwhich barely managedo getthe
correctsign from the activationfunction. Suchan approachcould
build on a raw fitness consisting of the number of correct
classificationgplus a gradientterm. For inspirationsee[Moeller &

Depenau94].

It is difficult to directly compareGA training with the various
kinds of back-propagationThe GA hasa largerspacerequirement
than back-propagation,as a certain population size must be
sustainedBut the spacerequirementshouldnot be a problemon
most machinestoday, which are usually equippedwith at leasta
couple of megabyteRAM in their standardconfiguration. More
relevant is the time requirements,i.e. the processing power
required. It does not make a lot of senseto talk about time
complexityin this connectionsince,as hasoften beenpointedout,
thetime usedto adjustthe manylooseparameterghatboth genetic
algorithms (population size, probabilities of applying genetic
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operatorsgeneration-gagizeetc.)andback-propagatioiflearning-
rate, momentum, error measuresetc.) suffer from, should be
included objectively in the final time measure.Maybe there is
somethingto be said for GAs here, as they are known to be
relatively parameterinsensitive, and thus easierto steerto an
acceptableonfiguration.BP training, on the other hand, probably
hasfewer loose parametershan GAs. It shouldbe mentionedthat
GAs are very good at creatinga large numberof different, good
solutionsto a given problem.And thesemay be further trained by
varioustechniqueslin a recent,comparativestudy of NN learning-
techniques [Heistermann94], GA training with a subsequent
gradient search optimization yields good results.

Concerningesults,| achieveda 99.36%recognitionof badseeds
onthetestset.In the autumnof 1993,99.44%wasreachedoy way
of back-propagationa little betterthan the former. On the other
hand99.44% wasthe bestresultachievedoy approx.40 people,so
the results | have obtained cannot be overlooked. And the
generalization abilities of the GA networks are generally very high.

It shouldalsobe noticedthatthe training techniquegpresentedn
this paperis in no way restrictedto perceptron®nly. It canbeused
on any network architecture, including recurrent architectures
which are not easilytrainedby traditional methods As a matterof
fact, their is reasonto believethat “pure” perceptronsdueto their
many symmetries, represent a kind of worst-case architecture.

Furthermore thereis reasonto believethat GA training hasa

larger potentialthan has beeninvestigatedhere. This is what the
next section is about.

4.2 Future Work

Due to the many loose parametersmentionedin the preceding
section,anddueto the manypossiblealternativesundereachpoint
in Davis & Steenstrup’dive componenbutline [Davis87],thereis

-30-



ample opportunity for future work. But thereis in particularone
possibility that shouldbe mentionedasit canbe expectedo yield
good results. It is connectedto the multiple representations
problem,seefig. 9. | have,asmentionedn section2.1,to a certain

FIGURE 9 HERE

degreetried to solvethis problemby codingthe perceptronn such
a way that a nodein the hidden layer has its incoming weights
distributedacrossmostof the chromosomeseefig. 3. In this way,
the GA is to a certaindegredforcedto moreor less“choose”one of

the possiblepermutationsearly in a run, as a templet for future
generationgo work on. But a bettersolutionto the problemwould
be some kind of reordering operator. An effective reordering
operatorwould completelydisposeof the problem.Unfortunately,
reorderingis a highly non-trivial problem, (as a matter of fact,
much harderthanthe original problemof finding goodvalues,i.e.

weights) and the operator usually employed for the purpose,
Inversion,is notoriousfor its lack of efficiency. Baker hasgiven
some theoreticalargumentsfor the lack of successof inversion.
With this in mind, Goldberghas, sometime ago [Goldberget al.
89b] suggestedh new kind of GA, a “Messy GeneticAlgorithm”

(mGA):

A mGA containschromosome®f variable lengths.This means
that the phenotype(in our casethe perceptron)can be over- or
underspecified. The latter requires that one is able to dafvaetial
fitness function basedon a local maximum in the searchspace.
(Onecanseea possiblerehabilitationof the roundrobin hillclimber
here). This is without doubt the greatestdifficulty in applying a
MGA, but in our caseit should be possibleto solve it. In this
connectionthe interestingthing aboutGoldberg’sinventionis the
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operators.The mGA usesmutationjust as an “old-fashioned”GA,

but insteadof crossoverandinversion)it hastwo operatorscalled
Cut and Splice. As their namesmore than suggest,the former

divides a chromosomein two, while the latter splices two

chromosomes together. Goldberg argues convincingly, from

theoreticalargumentsthat the cut/splice operatorsnot only work

effectively on the chromosome’salleles (like crossover),but also
work on their ordering (i.e. their coding) much more effectively
thaninversionin an ordinary GA. Furthermorehe teststhe mGA,

with successpn a 30 bits order-three-deceptivunction with 3*°

optima.A situationnot unlike ours,in characteif notin size.lt is

easyto imaginethat this new techniqueshouldbe able to address
“The Multiple Representation®roblem” somehow,and the mGA

thusappeargo be tailor-madefor the training of perceptronsMore

information aboutmessygeneticalgorithms”canbe acquiredfrom

[Goldberg et al.89Db], [Goldberg et al.90], Goldberg et al.91],

[Merkle and Lamont93] and [Markus93].
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Figure 1. The Perceptron. The black nodes represent thresholds and

are hardwired to the value -1.0.
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Figure 2. The ChromosomeEachof the 121 weightsconsistsof 4

, 1.e. 116 bits.

times 29 bits
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Figure 3. The bit groups,that eachrepresenta weight, have been
distributedover a large part of the chromosomeFor the
input/nidden-layer weights it means a concatenatioh
clusters.Eachclusterconsistsof a weight from eachof
the hidden neurons, i.e. 16 weights altogether .

-39



no. of correctly classified "wanted" grains

01 potential successful

solutions

0.85

no. of correctly classified
0.99 1.00 "unwanted" grains

no. of generations

Figure 4.



2300 T

2100 +
A
1900 + /Jw
% 1700 +
[
& 1500 + MMM \A\ /ﬂwvwwx Mﬂm /VW\/
1300 +/
/ — Theoretical Maximum
1100 '7 ——— Generation Best
—— Generation Average
900 } } } : : :
0 20 40 60 80 100 120

No. of Generations

Figure 5. Standard Configuration (Reference).

-41-



2100 -

1900 -

1700 Fﬁ/

\ /Ww/mwwvwv\ﬂﬁf MwMW \r

a

£ 1500 1
1300 + / — Theoretical Maximum

/ —— Generation Best
1100 __/ —— Generation Average
900 } } } } } |
0 20 40 60 80 100 120
No. of Generations
Figure 6. Penalty Terms.

-42-



