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Abstract - Neuroevolution techniques have been successful in
many sequential decision tasks such as robot control and game
playing. This paper aims at establishing whether they can be
useful in numerical optimization more generally, by comparing
neuroevolution to linear programming in a manufacturing op-
timization domain. It turns out that neuroevolution can learn
to compensate for uncertainty in the data and outperform lin-
ear programming when the number of variables in the prob-
lem is small and the required precision is low, but the current
techniques do not (yet) provide an advantage in problemswhere
many variables must be optimized with high precision.

I. INTRODUCTION

Ewvolving neural networks with genetic algorithms has
provento beapowerful approactio mary sequentiatiecision
making taskssuchas robot control and gameplaying (Cliff
etal. 1993;Fogel2001;GomezandMiikkulainen1999,2001;
Moriarty etal. 1999;Nolfi etal. 1994;Whitley etal. 1993;Yao
1999). In suchdomains,a policy needsto be learnedwhere
optimal actionsareidentifiedfor eachstate.Usuallythe state
andthe actionsarediscrete,or requireonly alimited amount
of numericalprecision. An open questionat this point is
whetherneuro&olution methodscould alsosolve large-scale
numericaloptimization problemssuchasthoseoccurringin
resourcananagementnanufcturing,andprocessontrol.

Numerical optimization is usually performed using the
well-known techniqueof Linear Programming(LP; seee.g.
Tahal1987). LP cansolve the optimizationproblemexactly,
giventhatthe constraintsandthe objective functionarelinear
anddeterministic However, in realworld applicationghereis
oftenuncertaintyin the data. Uncertaintymakesit necessary
to maintainsafetymamins,whichin turnleadsto suboptimal
solutions.

Oneway to solve this problemin principlewould beto an-
alyzethedistribution of theuncertaintyin thedataandusethe
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obsenedregularitiesto improve the optimizationprocess.It
is difficult to make useof suchdistributionsin LP because
the problem effectively becomesnonlinear An alternatve
is to replaceLP with a nonlinearneuralnetwork, trainedto
make optimal decisionsunderuncertainty Becausehe opti-
mal decisionsarenot known, standardraining methodssuch
asbackpropagatiosannotbe applied.However, a successful
network canbeevolvedusinggeneticalgorithmsto maximize
optimizationperformance.

In this paper this ideais put to testin a challengingreal-
world application:optimizinga metalregycling processThe
systemrhasto represenalargenumberof massgconcentration,
and cost variablesaccurately and optimize thesevariables
under uncertainty Neural networks were evolved using a
methodcalled EnforcedSub-Population§ESP),becausehis
methodhas beenshovn more powerful than standardrein-
forcementiearningtechniquesn mary controltasks(Gomez
andMiikkulainen 1997,1999,2001).

The mainresultwasthat neuro@olution found bettersolu-
tionsthanLinearProgrammingvhenthe numberof variables
waslow. Neurosrolutionwasalsoableto improveits solution
asthe amountof precisionrequiredwasreduced. This is a
promisingresult, which also presentsa significantchallenge
for furtherneuro@olutionresearch.

[I. THE ESP NEUROEVOLUTION METHOD

ESPis anextensionof SymbioticAdaptive Neuroerolution
(SANE; Moriarty andMiikkulainen 1996,1997).Unlike stan-
dardneuroeolution,wherethe populationconsistof full net-
works, SANE evolvesa populationof neurons.Eachneuron
hasits own input and outputweights,so that a 3-layerfeed-
forward network canbeformedby placinga numberof these
neurongogetherinto the hiddenlayer. The neuronsareeval-
uatedbasedon how well thedifferentnetworksin which they
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Fig. 1. TheEnforced Sub-PopulationsM ethod (ESP). The populationof neuronss segregatedinto subpopulationshavn hereasclusters
of circles. The network is formedby randomlyselectingone neuronfrom eachsubpopulation Eachnetwork is testedin thetaskanda
fithessscoreis assignedo eachof the neuronsdependingon how well the networksin which they participateperformon average.This
way evolution searcheg$or compatiblesubtasksand optimizeseachsubtaskseparatelywhich is fasterandmore powerful thana direct

searchof full networks.

participateperformin thetask. Sincegoodnetworks require
different kinds of neurons,diversity is automaticallymain-
tainedin the population,which allows evolution to proceed
moreeffectively thanis possiblein network-level evolution.

ESPtakesthis ideaonestepfurther by evolving eachhid-
denneuronin its own subpopulatiorisomezandMiikkulainen
1997,1999,2001.Crosswer only occursbetweemeuronsof
aparticularsubpopulationallowing eachneuronto specialize
in its role in the network (figure 1). In effect, evolution not
only maintainsdiversity automatically it also definescom-
patible subtasks.and finds the solution by optimizing each
subtask.Suchsubtaskingnakesthe searchfor solutionmore
efficient.

ESPhasbeenshovn to performwell in mary benchmark
taskssuchasprey captureanddoublepole balancing({Gomez
and Miikkulainen 1997, 1999, 2001). It can solve easier
tasksfasterthanstandardeinforcementearningmethodsand
other neuro@olution methods,andit can solve harderver-
sionsof suchproblems. However, ESPand otherneuro&o-
lution methodshave notbeentestedbeforein numericalopti-
mization problemsrequiring high precisionand high dimen-
sionality.

I1l. EXPERIMENTS
A. TheOptimizationDomain

In the experiments,ESP was appliedto the domainof op-
timizing a metal regycling process(Lahdelmaet al. 1999).
In the mostgeneralform, the problemis asfollows: A re-
cycling plantrecevesraw materialswith stochastimamounts
andintenvals. Using theseraw materials,the taskis to pro-
ducealloys with specificconcentrationsf elementqsuchas
Cu, Si, Fe...)throughamelting procesdo fill outstandingpr-
ders,whichalsoarrive stochasticallyThegoalis to maximize
long-termprofits, taking into accountraw materialcostsand
productvalues quality tolerancesandstoragecosts.
Uncertaintyis introducedin the melting processin sev-

eral places. The elementconcentrationsn the raw materi-
alsareroughestimatesraw materialsmayinteractin thefur-
nace;someelementanay burn off morequickly thanothers,
changingheconcentrationsf thefinal productunexpectedly
Theserandomfactorsmake the optimizationproblemdifficult
to solvereliably andaccurately

Ratherthanoptimizing the entire processthe experiments
in this paperfocuson robust optimizationunderuncertainty
To reduceconfoundingactors theproblemwaslimited to op-
timizing the value of oneorderthe sameway it is commonly
donein practice:thegoalis to produceasmuchof theproduct
aspossiblen onechageto thefurnace.More specifically the
taskis to find themasseg; of raw materials;j suchthat

minimize Tmax = 2_; Tj Q)
subject to

Ej Zj < Tmax, (2

0<z; <Tjmax, (3

22 TiPija;Ti > 2timin, 4)

Z,- 7iDij Q5T < 2t; max, %)

wherez . is the maximummassthat may be placedin the
furnace,z; max is thetotal amountof materialj thatis avail-

able,r; € [0..1] is theyield of element;, p;; is the concen-
tration of element; in materialj, a; € [0..1] is theyield of

materialj, 2 = EJ. a;x; is themassof theproduct,andt; min

andt; max arethe minimumand maximumallowed concen-
trationsof element in the product.

A databaseof 1000 actualordersof the Kuusaloski alu-
minum regycling plant (Lahdelmaet al. 1999) was usedin
trainingandtestingthe system Eachorderspecifiedtheprod-
uct massand boundariedor the elementconcentrationsas
well astheavailableraw materialamountsandconcentrations.
Therewerel3raw materialsn the systemandconcentrations
werespecifiedfor 10 differentelementgor eachraw material
(asshavnin figure 2).
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Fig.2. An optimization networ k. Eachnetwork had20hiddenunits,fully connectedo theinputandoutput(only asubsebf theconnections
areshawvn). Theinputsconsistof the desiredproductmassandelementoncentrationsandthe massandelementconcentrationsf each
raw material. The outputsconsistof the percentagesf eachraw materialto be usedin the process.The massesndthe percentages
aremappedo intenals representethy (max) 20 units (shavn asclustersof units); the concentrationsverescaledbetweerD and1 and

representedly activationvaluesof singleunits.

The input to the optimizer (a network or the LP program)
consistedof the massesand elementconcentrationf the
availableraw materialsandthe target productmassand con-
centrationboundaries The outputsindicatedthe percentages
of eachraw materialto be usedfor the chage. In the do-
main simulation, the productmassand concentrationsvere
first calculatedexactly usingthe outputvalues,anda signifi-
cantamountof noise(25%)wasthenaddedto the calculated
values.Suchstochasticitymodelsthe uncertaintyin the melt-
ing processandin the raw materialconcentrationsAlthough
thereareno hiddenregularitiesin thedistributionsin this sim-
ple model,theevolution processhouldbeableto adjustto the
level of uncertaintyto improve its performance.

B. OptimizationunderUncertainty

The optimizationproblemspecifiedabore malessensef the
valuesare exact. However, the task needsto be modified
slightly to allow optimizationunderuncertainty

Becauseof the noise, LP optimization of equations1-5
would often generateproductsthat did not meetthe con-
straints2-5. Therefore,safety mamins were introducedto
problemsgivento LP. The elementconcentratiortolerance,
i.e. the differencebetweent; min and t; max, Was reduced
50%. Thisway LP wasforcedto find solutionsaway from the
boundaries|eaving a safetymargin againstnoise. The 50%
reductionwas the maximumsafetymargin possible:tighter
boundswould have madethe optimizationproblemsinfeasi-
ble.

The objective function alsoneededo be modifiedto sene
asafitnessfunctionfor ESP Dueto the explorative natureof
the evolutionary searchprocess.a large numberof the ESP
solutionsareinfeasibleduringlearning.If the chagewastoo
large, violating constraint(2), a penaltyequalto undershoot-

ing by the equalamountwas introducedto fitnessequation
(1). Becauseheraw materialamountsepresenpercentages,
constraint(3) was never violated. If the elementconcentra-
tion boundg4) or (5) wereexceededexponentialpenaltiess;
wereintroduced:

eti’avg_ci if ti,min > ¢,
si=AQ efTtave if ¢ >t max, (6)
0 otherwise

wherec; is the concentratiorof element; in the productand
ti,avg IS theaverageof t; min andt; max, i.€.theminimumand
maximum concentration®f elementi. The constant\ can
be adjustedexperimentallyto encouragefeasibility without
overwhelmingthe otherconstraints.The value A = 100 was
foundto work well in theseexperiments.

Becausef theuncertaintyin thedomain,bothLP andESP
still sometimegyeneratanfeasiblesolutions. The objective
function thereforecannotbe directly usedto comparetheir
performanceacrossa large set of orders. Instead,a profit
function was usedwhich takesinto accountthe costof raw
materialsthe costof additivesto fix a productif possibleand
thevalueof the product:

P=am — ZC;A; — Zdjl‘j,
i J

whereq is the value per unit of massfor the productin the
order m is the total massof the productproduced; is the
costof the additive 7 per unit of massand 4; its mass,and
d; is the costof raw materialj per unit mass. This way, if
someconcentrationsvere low andit was possibleto bring
themwithin tolerancedy addingpureelementsjt wasdone
andthe additive costsreducedhe profit. If the concentration

()



constraintcould not be met, the massm wassetequalto O,
sothatthe orderresultedn negative profit.

C. Neupevolutionlmplementation

A crucialissuein implementingnumericaltaskswith neural
networks is the representatiorof numbersat the input and
output. Possibleapproachesnclude: (1) scalingnumerical
valuesbetween0 and 1 andrepresentinghem as activation
valuesof singleunits; (2) representingachpossiblevalueas
a separateinit, with only oneunit on atary onetime (i.e. the
valuevalueunit approach)and(3) activatingsuchvalueunits
accordingo a Gaussiarpatternrwvhosemeanidentifiestheac-
tualvalue(Ballard1987).With neuroeolution,thenumberof
unitsis alsoa confoundingissuebecausét is generallymore
difficult to optimizelarge networksthansmallones.

After considerablesxperimentationa combinationof the
above threetechniqueswas found to perform the best(fig-
ure 2). In the input, eachmassvariable was mappedto 5
value units, representingequalintervals betweenmaximum
andminimumvalues.Theseunitswereactivatedwith aGaus-
sianpatternwhosemeanidentifiedthe actualvalue. The con-
centrationgurnedoutto requirelessprecision,andwererep-
resentedby single unit activations betweenO and 1, repre-
sentingthe minimum and maximumvalues. At the output,
eachraw materialquantitywasrepresentetly (max)20value
units: the mosthighly activatedunit identifiedthe percentage
of thatraw materialto be usedin thechage.

EachESPnetwork had20 hiddenunits, fully connectedo
the input and output. * Therewere therefore20 subpopu-
lations, eachconsistingof 100 neuronchromosomes.Each
chromosomeavasformedby concatenatinghe floating point
numbersrepresentinghe input-to-hiddenandthe hidden-to-
outputweightvaluesof the neuron.One-pointcrosseer was
usedto generatgwo offspring, and eachoffspring chromo-
somewas mutatedwith a probability of 0.2, replacinga ran-
domly chosenweightin the encodingwith a randomvalue
within [0.0, 1.0]. At eachgenerationthetop 25% of the pop-
ulationwasrandomlymatedto replacethe bottom50%of the
population.Theoffspringwasevaluatedoy randomlyforming
200networksfrom the currentsubpopulations.

IV. RESULTS

Figure 3 depictsthe progresof atypical evolution simula-
tion, in thiscasewith full dimensionalityandprecision.ESPs
performancdirst improves significantly during the first 200
generationf evolution, but then levels off, and very little
furtherprogresss madeevenin prolongedevolution. Eachof
the simulationswererun until suchstagnatiorwasobsened,

1In preliminary experiments computingthe outputpercentagén termsof
activation-weighéd averagewas also tried but the resultswere not signifi-
cantly different. Also, hiddenlayerswith 5, 20, 50,and100units weretried,
but they did notsignificantlydiffer in performance.
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Fig. 3. Progress of ESP Performance over Time. Fitnessof the
bestnetwork is plotted over time (i.e. generation®f evolution)
for the caseof 13 raw materialsand 20 output units for each
percentageTheinitial progresss quite rapid but eventuallythe
performancdevels off anddoesnotimprove evenin prolonged
evolution.

whichusuallytookaboutl000-200@enerationspr 3-5days
onal-GHzPIll machine.

In orderto determinehow ESPcomparego LP with differ-
entdegreesof inputdimensionalitybothmethodswveretested
usingavaryingnumberof input raw materials:2, 3, 6,9, 11,
and13. Theorderswerechosersothatit wasalwayspossible
to fill themwith the availableraw materials.In eachcasea 5-
fold cross-alidationexperimentwas performedon the 1000
order database.In eachof the 5 runs, a set of 200 orders
waschoserrandomlyfor eachevaluationout of an800order
trainingsetandusedin measurinditnessduringevolution. A
setof 200 orderswereusedto measurehe final network per
formanceafter evolution hadbeenobsenedto stagnateThe
sametestsetwasusedto measurehe performancef LP.

Figure 4 summarizeghe performanceof eachmethods.
Whenonly two raw materialswereused,ESPachieved a fit-
nessof 994,661which was significantly betterthan that of
LP. The differencewasinsignificantfor 4, 6, and9 raw ma-
terials, but for the full 13, LP performedsignificantly better
at 867,178. In otherwords, when the input dimensionality
is low, ESPsignificantlyoutperformd_P, apparentlyby com-
pensatingor the uncertaintyin the dataaswe hypothesized.
As the numberof dimensiongyrows, however, ESPbeginsto
have moretroubleandeventuallycannotcompetewith LP.

In previouswork, neuro&olution hasbeenshavn effective
evenwith very high-dimensionainputwhentherequiredout-
putprecisionis low (ase.g.in selectinghebestmovein game
playing or prey captureGomezandMiikkulainen 1997;Mo-
riarty et al. 1999). To testthe effect of precisionon perfor
mance ESPwas alsotestedon optimizing the full setof 13
raw materialswithin alimited degreeof outputprecision,i.e.
3, 4, 5, 10, and 20 possiblevaluesfor eachoutput percent-
age. A 5-fold cross-alidationexperimentwasperformedon
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Fig. 4. Neuroevolution Performance with Varying Dimension-
ality. With a low numberof input dimensions ESP performs
significantlybetterthanLP, but cannotcompetewith full 13 raw
materialsasinputs.In themid-rangethedifferencesarenot sig-
nificant. The plotsareaveragef five runs.

thesamedatain eachcase.

Theresultsareseenin figure 5. Interestingly the bestper
formanceis achieved with very low levels precision. With
only 5 output percentagdevels to choosefrom, the perfor
manceis 811,870,..e. comparabldo thatof LP. As the num-
ber of outputunitsincreasesthe performancealecreasesap-
parentlyESPhastroubleoptimizinga large numberof output
weights. With fewer than5 outputunits for eachpercentage,
the performancealso declinesbecauseahereare not enough
optionsto constructa feasibleorderwithin the constraints.

Togetheitheseresultssuggesthatneuro&olutionis ableto
compensatdor the uncertainty but currently doesnot scale
up very well whenthe requireddimensionalityand precision
isincreased.

V. DISCUSSION AND FUTURE WORK

Theresultspresenbotha promiseanda challengefor neu-
roevolutionresearchThey arepromisingin thatit is possible
to learnto compensatéor uncertaintyin the data,andthere-
fore probablyalsoto utilize hiddenregularitiesin the data.
Sucha capability should be valuablein mary optimization
problemsin the realworld. For example,it may be possible
to trainanothemeuralnetwork (with backpropagatiortp pre-
dict theoutcomeof the meltingprocesstherebycapturingthe
otherwiseunknown regularitiesin the domain. Neuroe&olu-
tion canthenbe usedto develop a decisionmaking network
that performsoptimally wrt. the neuralnetwork modelof the
domain,Suchadecisionrmakingnetwork shouldthenperform
verywell in theactualrealworld taskaswell.

The challengeis to improve the methodsso that they can
dealwith morevariablesaccurately Fine tuning neuralnet-
workswith evolution in generalis difficult. Unlike with gra-
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Fig. 5. Neuroevolution Performance with Varying Precision.
With only 5 unitsto representhedifferentpercentagealues the
performanceof ESPis comparableo that of LP, but decreases
whenmore precisionis required. The plot is an averageof five
runs.

dientdescentnethodswherethe gradientcanbefollowedby
makingarbitrarily small changego all weights,in neuroeo-
lution the changegendto be moredrastic: swappingpartsof
the network, or mutatingan individual weight significantly
Suchaprocesss goodfor discovery, but mayneedto beaug-
mentedby e.g. stochastichillclimbing, value function itera-
tion, or particleswarming(Conradieetal. 2002)to achieve the
desiredprecisionin mary dimensionsatonce. |t mayalsobe
possibleto achieve higheraccurag with indirect,compressed
representatiomf the network weights(Whitley et al. 1995).
Methodsthat optimizethe structureof the network aspart of
the evolution (Stanley and Miikkulainen 2002; Whitley et al.
1995)mayalsohelpbalancehedemandgor highdimension-
ality andhigh precision.

It is worth noting that numerical optimization with neu-
roevolution has one clear advantageover standardmeth-
ods suchasLP: optimizationrequiresonly one propagation
throughthe network, which is extremelyfast. With full di-
mensionalityand precision, our evolved network was 600
timesfasterthan LP. With fixed-sizehiddenlayer, the opti-
mizationtime grows linearly with dimensionality Suchex-
tremely fast approximateoptimization may turn out highly
usefulin e.g.real-timedomains.

VI. CONCLUSION

Neuroevolution hasbeenshown to performwell in mary
controltasksincluding pole balancingandrobotarm control.
Thesedomaingrequireeitherlow precisionwith mary param-
eters(e.g.polebalancing)or high precisionwith few parame-
ters(e.g.robotarm). In suchdomainsneuroeolutionis able
to learnandutilize the underlyingregularitiesin the domain,
andcanperformsignificantlybetterthandirect mathematical



optimizationmethodsuchasLinearProgrammingHowever,
the currentneuro@olution methodsdo not provide anadvan-
tageif the problemrequiresa high degreeof precisionwith
mary parametersimultaneouslyposingan interestingchal-
lengefor future neuroeolutionresearch.
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