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Abstract

Neuroevolution, i.e. evolving arti�cial neural networks
with geneticalgorithms, has beenhighly effective in rein-
forcement learning tasks, particularly those with hidden
state information. An important question in neuroevolu-
tion is how to gain an advantagefr om evolving neural net-
work topologiesalong with weights. We presenta method,
NeuroEvolution of Augmenting Topologies (NEAT) that
outperforms thebest�xed-topology methodson a challeng-
ing benchmark reinforcementlearning task. Weclaim that
the increasedef�ciency is dueto (1) employinga principled
method of crossover of differ ent topologies,(2) protecting
structural innovation using speciation,and (3) incremen-
tally growing fr om minimal structur e. We test this claim
thr ough a seriesof ablation studiesthat demonstratethat
eachcomponentis necessaryto the systemasa whole and
to eachother. What resultsis signi�cantly faster learning.
NEAT is also an important contribution to GAs because
it shows how it is possiblefor evolution to both optimize
andcomplexifysolutionssimultaneously, making it possible
to evolve increasinglycomplexsolutionsover time, thereby
strengtheningthe analogywith biological evolution.

I. INTRODUCTION
Neuroevolution (NE), the arti�cial evolution of neuralnet-
works using geneticalgorithms,has shown great promise
in reinforcementlearning tasks. NE outperformsstandard
reinforcementlearning methodsin many benchmarktasks
[6, 10, 11]. Neural networks are a good classof decision
makingsystemsto evolve becausethey arecapableof repre-
sentingsolutionsto many differentkindsof problems,andthe
mappingfrom genotypeto phenotypeis generallyef�cient.
NE is particularlywell suitedto reinforcementlearningtasks
becauseNE doesnot requiresupervision.

A majorquestionin NE is how to gainanadvantagefrom
evolving topologyin additionto connectionweights.On one
hand,evolving topologymightovercomplicatethesearch.On
theother, it canalsosave timeby �nding theright numberof
hiddenneuronsfor a particularproblemautomatically[7].

A previousstudyshowedthat �x ed-topologyNE canout-
performa topology-evolving systemon thebenchmarkdou-
blepolebalancingtask[6]. This �nding is importantbecause
pole balancinghasbeena benchmarktask in NE and rein-
forcementlearningfor over 30 years[1, 6, 7, 9], anddou-
ble polebalancingis challengingto eventhebestof modern

methods.Doing well at this importantbenchmarksuggests
that a methodwill do well in other tasksaswell. Whether
Topology and Weight Evolving Arti�cial Neural Networks
(TWEANNs) can enhancethe performanceof NE remains
anopenquestion.

In this article,we aim to show thatevolving topologycan
indeedincreaseperformance.We presenta new TWEANN,
NeuroEvolutionof AugmentingTopologies(NEAT), thatsig-
ni�cantly outperformsthe �x ed-topologyNE methodthat
currently takes the fewest evaluationson the double pole
balancing task. We identify three major challengesfor
TWEANNsandpresentsolutionsto eachof them:(1) Is there
a geneticrepresentationthat allows disparatetopologiesto
crossover in a meaningfulway? Our solution is to usehis-
torical markingsto line up geneswith the sameorigin. (2)
How cantopologicalinnovationthatneedsa few generations
to optimizebeprotectedsothatit doesnotdisappearfrom the
populationprematurely?Our solutionis to separateeachin-
novationinto a differentspecies.(3) How cantopologiesbe
minimizedthroughoutevolution without the needfor a spe-
cially contrived �tness function that measurescomplexity?
Our solution is to start from a minimal structureand grow
only whennecessary. This paperestablishesthateachof our
solutionsis necessaryby showing thatNE performancesig-
ni�cantly declineswith the ablationof any of the major so-
lution components.Working togetherin NEAT thesecompo-
nentsconstitutea promisingnew approachto dif�cult rein-
forcementlearningtasks.

We begin by describingthe NEAT method,including re-
sultsshowing thatNEAT is signi�cantly fasterthanotherNE
methodson thehardestpolebalancingbenchmark.We then
presentablationstudiesdesignedto explain NEAT's perfor-
mancein termsof its components.

II. NEUROEVOLUTION OF AUGMENTING
TOPOLOGIES (NEAT)

A. GeneticEncoding
NEAT is designedspeci�cally to addressthethreechallenges
raisedin the introduction. Eachgenomeincludesa list of
connectiongenes, eachof whichrefersto two nodegenesbe-
ing connected(�gure 1). Eachconnectiongenespeci�esthe
in-node,theout-node,theweightof theconnection,whether
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Fig. 1. A genotypeto phenotypemapping example. The third
geneis disabled,so the connectionthat it speci�es (between
nodes2 and5) is notexpressedin thephenotype.
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Fig. 2. The two types of structural mutation in NEAT. Both
types,addinga connectionand addinga node,are illustrated
with thegenesabove their phenotypes.Thetop numberin each
genomeis the innovation numberof thatgene.Thesenumbers
identify theoriginal historicalancestorof eachgene,makingit
possibleto �nd matchinggenesduringcrossover. New genesare
assignednew increasinglyhighernumbers.

or not the connectiongeneis expressed(an enablebit), and
an innovation number, which allows �nding corresponding
genesduring crossover (as will be explainedbelow). Al-
thoughthe experimentsin this paperevolve networks with
a singleoutput,NEAT canevolvenetworkswith any number
of inputsor outputs.

Mutation in NEAT can changeboth connectionweights
and network structures. Connectionweights mutateas in
any NE system,with eachconnectioneitherperturbedor not.
Structuralmutations,whichexpandthegenome,occurin two
ways(�gure 2). In theaddconnectionmutation,asinglenew
connectiongeneis addedconnectingtwo previously uncon-
nectednodes.In theaddnodemutationanexisting connec-
tion is split andthenew nodeplacedwheretheold connection

usedto be. Theold connectionis disabledandtwo new con-
nectionsare addedto the genome. This methodof adding
nodeswaschosenin order to integratenew nodesimmedi-
atelyinto thenetwork.

Throughmutation,genomesof varying sizesarecreated,
sometimeswith completelydifferentconnectionsspeci�edat
thesamepositions.Thenext sectionexplainshow NEAT can
crossoversuchdiversegenomes.

B. Tracking Genesthrough Historical Markings

In orderto performcrossover, thesystemmustbeableto tell
whichgenesmatchupbetweenanyindividualsin thepopula-
tion. Thekey observationis thattwo genesthathavethesame
historicalorigin representthesamestructure(althoughpossi-
bly with differentweights),sincethey werebothderivedfrom
the sameancestralgenefrom somepoint in the past. Thus,
all a systemneedsto do to know which genesline up with
which is to keeptrackof thehistoricalorigin of everygenein
thesystem.

Trackingthe historicalorigins requiresvery little compu-
tation.Wheneveranew geneappears(throughstructuralmu-
tation), a global innovation numberis incrementedandas-
signedto that gene. The innovationnumbersthusrepresent
a chronologyof every genein the system. As an example,
let us say the two mutationsin �gure 2 occurredone after
anotherin the system. The new connectiongenecreatedin
the �rst mutationis assignedthenumber

�

, andthetwo new
connectiongenesaddedduring the new nodemutationare
assignedthenumbers� and � . In thefuture,whenever these
genomescrossover, theoffspringwill inherit thesameinno-
vationnumberson eachgene;innovationnumbersarenever
changed.Thus,thehistoricalorigin of everygenein thesys-
temis known throughoutevolution.

Thehistoricalmarkingsgive NEAT a powerful new capa-
bility, effectively solving theproblemof competingconven-
tionsfor disparatetopologies(the“Holy Grail” in neuroevo-
lution [14]). The systemnow knows exactly which genes
matchup with which (�gure 3). Genesthatdo not matchare
either disjoint or excess, dependingon whetherthey occur
within or outsidethe rangeof the otherparent's innovation
numbers. When crossingover, the genesin both genomes
with the sameinnovationnumbersare lined up. Genesthat
donotmatchareinheritedfrom themore�t parent,or if they
areequally�t, from bothparentsrandomly. Thisway, histor-
ical markingsallow NEAT to performcrossover without the
needfor expensivetopologicalanalysis.

The methodof crossover presentedhereis notablefor its
simplicity. Any two structurescanbe combinedin a princi-
pled mannerwithout the needfor any topologicalanalysis,
eventhoughtheproblemappearsto bea topologycombina-
tion problem.By recastingtheproblemasa problemof his-
torical matching,it becomestractableandsigni�cantly sim-
pler to solve.
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Fig. 3. Matching up genomesfor differ ent network topologies
using innovation numbers. Although Parent1 andParent2
look different, their innovation numbers(shown at the top of
eachgene)tell uswhichgenesmatchupwith whichwithout the
needfor topologicalanalysis.

C. ProtectingInnovation through Speciation
Adding new structureto a network usually initially reduces
�tness. However, NEAT speciatesthepopulation,sothat in-
dividualscompeteprimarily within their own nichesinstead
of with thepopulationat large.Thisway, topologicalinnova-
tionsareprotectedandhave time to optimizetheir structure
beforethey have to competewith othernichesin the popu-
lation. Speciationis commonlyusedin multimodalfunction
optimizationandin coevolution of modularsystems,where
its mainfunctionis to preservediversity[8, 12]. Webringthe
ideato TWEANNs,whereits maintaskis to protectinnova-
tion.

Historicalmarkingsmake it possiblefor thesystemto di-
vide the populationinto speciesbasedon topologicalsimi-
larity. The numberof excessanddisjoint genesbetweena
pair of genomesis a naturalmeasureof their compatibility.
Themoredisjoint two genomesare,thelessevolutionaryhis-
tory they share,andthusthelesscompatiblethey are.There-
fore, we canmeasurethe compatibility distance� of differ-
entstructuresin NEAT asa simplelinearcombinationof the
numberof excess( � ) anddisjoint ( � ) genes,aswell asthe
averageweightdifferencesof matchinggenes( � ):
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The coef�cients 	�
 , 	�� , and 	�� adjustthe importanceof the
threefactors,and the factor

�

, the numberof genesin the
largergenome,normalizesfor genomesize.

Thedistancemeasure� allows usto speciateusinga com-
patibility threshold��� . Genomesaretestedoneat a time; if
a genome's distanceto a randomlychosenmemberof the
speciesis lessthan ��� , it is placedinto this species. Each
genomeis placedinto the�rst specieswherethisconditionis
satis�ed,sothatnogenomeis in morethanonespecies.

As thereproductionmechanismfor NEAT, we useexplicit
�tnesssharing[4], whereorganismsin thesamespeciesmust
sharethe�tness of theirniche,makingit dif�cult for any one
speciesto takeover thepopulation.Theoriginal �tnessesare
�rst adjustedby dividing by thenumberof individualsin the
species.Speciesthengrow or shrink dependingon whether
theiraverageadjusted�tness is aboveor below thepopulation
average:
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where
�

� and
�

�

� are the old and the new numberof indi-
vidualsin species& , "

�'� is theadjusted�tness of individual (

in species& , and " is themeanadjusted�tness in theentire
population.The best-performing) % of eachspeciesis ran-
domly matedto generate

�

�

� offspring, replacingthe entire
populationof thespecies.1

D. Minimizing Dimensionality
TWEANN algorithmstypically startwith an initial popula-
tion of randomtopologies[2, 7, 21, 22]. Suchtopological
diversitymustbeintroducedfrom thestartbecausenew struc-
ture frequentlydoesnot survive in thesemethods,which do
not protectinnovation. However, it is not clearthatsuchdi-
versityisnecessaryoruseful.A populationof randomtopolo-
gieshasa greatdealof structurethathasnotwithstoodasin-
gle �tness evaluation.Therefore,thereis no way to know if
any of suchstructureis necessary. It is costlythoughbecause
themoreconnectionsanetwork contains,thehigherthenum-
ber of dimensionsthat needto be searchedto optimize the
network. Therefore,with randomtopologiesthe algorithm
may wastea lot of effort by optimizing unnecessarilycom-
plex structures.

In contrast,NEAT beginswith auniformpopulationof net-
works with no hiddennodes.BecauseNEAT protectsinno-
vationusingspeciation,it canstartthis way, minimally, and
grow new structureonly asnecessary. New structureis intro-
ducedincrementallyasstructuralmutationsoccur, andonly
thosestructuressurvive that are found to be useful through
�tness evaluations.Thisway, NEAT searchesthrougha min-
imal numberof weightdimensions,signi�cantly reducingthe
numberof generationsnecessaryto �nd asolution.

*

In rarecaseswhenthe �tness of the entirepopulationdoesnot
improve for morethan20 generations,only the top two speciesare
allowedto reproduce,refocusingthesearchinto themostpromising
spaces.



III. PERFORMANCE OF NEAT
A. PoleBalancingasa Benchmark Task

We demonstratetheef�cacy of NEAT on theproblemof bal-
ancingtwo polessimultaneouslywithout giving velocity in-
puts to the network. This problemis a known benchmark
in thereinforcementlearningliterature,which makesit pos-
sible to compareNEAT to other methods. Pole balancing
has beenused in RL and NE researchfor over 30 years
[1, 3, 6, 7, 9, 11, 15, 17–20]. It is also a good surrogate
for real problems,in part becausepole balancingin fact is
a real task,andalsobecausethe dif�culty canbe adjusted.
We presentthehardestsuchproblem,balancingtwo polesi-
multaneouslywithout velocities,in orderto show thatNEAT
performswell ona dif�cult task.

Two polesareconnectedto a moving cart by a hingeand
the neuralnetwork mustapply force to the cart to keepthe
polesbalancedfor aslong aspossiblewithout goingbeyond
the boundariesof the track. The systemstateis de�ned by
thecartposition( + ) andvelocity ( ,+ ), the�rst pole'sposition
( -


 ) andangularvelocity ( ,

-


 ), andthesecondpole'sposition
( -

� ) andangularvelocity ( ,

-

� ). Control is possiblebecause
thepoleshavedifferentlengths(0.1mand1.0min ourexper-
iments)andresponddifferentlyto controlinputs.

Taking away velocity information makes the task non-
Markovian. It is dif�cult becausethenetwork mustestimate
an internalstatein lieu of velocity, which requiresrecurrent
connections.

Gruauetal. [7] introducedaspecial�tnessfunctionfor this
problemto prevent the systemfrom solving the tasksimply
by moving thecart backandforth quickly to keepthepoles
wiggling in the air. (Sucha solutiondoesnot requirecom-
putingthemissingvelocities.)The�tness functionpenalizes
oscillations.Becausetheonly NE methodsthathave solved
this task were evaluatedusing this special�tness function,
NEAT usesit on this taskaswell.

UnderGruauet al.'s criteria for a solution,the champion
of eachgenerationis testedon generalizationto make sure
it is robust. In additionto balancingboth polesfor 100,000
time steps,the winning controller must balanceboth poles
from 625 different initial states,eachfor 1,000timessteps.
In orderto countasa solution,a network needsto generalize
to at least200of the625initial states.

B. PerformanceComparison

A numberof NE methodshave solvedtheeasierdoublepole
balancingwith velocity informationtask.2 NE methodstake
fewerevaluationsthanstandardreinforcementlearningmeth-
odssuchasQ-Learningonall levelsof dif�culty of polebal-
ancing[6, 11]. Becausedoublepole balancingwithout ve-
locity informationis asigni�cantly moredif�cult task,to our

.

In otherwork, NEAT took thefewestgenerationsamong5 com-
petingNE methodsto solve the easierdoublepole balancingwith
velocity informationbenchmarktask[16].

knowledgeonly two systemshavebeendemonstratedableto
solve the problemso far. NEAT is comparedto thesetwo
systems:CellularEncoding[CE; 4], andEnforcedSubpopu-
lations[ESP;3]. Thesuccessof CE was�rst attributedto its
ability to evolve structures.However, ESP, a �x ed-topology
NE system,completedthetask� ve timesfasterby restarting
with a randomnumberof hiddennodeswheneverstuck.Our
experimentaimedat showing thatevolution of structurecan
leadto betterperformanceif doneright.

The experimentuseda populationof 1,000 NEAT net-
works. ESPevaluated1,000networksper generation,while
CEneededapopulationof 16,384networksto solvetheprob-
lem. The top /1032 of eachspeciesreproduced.The coef�-
cientsfor measuringcompatibilitywere 	4


�657�'0 , 	��

�657�'0 ,
	��

�98:� 0 , and ; � �=<>� 0 . The probability of addinga new
nodewas0.03,andtheprobabilityof addinga new link was
0.3. Theseparameterswere chosenfor their intuitive ap-
peal:It makessenseto addlinks signi�cantly moreoftenthan
nodes,andweconsideredanaverageweightdifferenceof 3.0
to beaboutassigni�cant asonedisjoint or excessgene.Per-
formanceis robustto moderatevariationsin thesevalues.

Method Evaluations No. Nets
CE 840,000 16,384
ESP 169,466 1,000
NEAT 33,184 1,000

Table1. Performance Comparison. CE is Cellular Encodingof
Gruauet al. [7]. ESPis EnforcedSubpopulationsof Gomez
andMiikkulainen [6]. All resultsareaveragesover 20 simula-
tions. Thestandarddeviation for NEAT is 21,790evaluations.
Assumingsimilar variancesfor CE andESP, all differencesin
numberof evaluationsaresigni�cant (?A@CB7D BEBGF ).

Table1 showsthatNEAT indeedtakes25timesfewereval-
uationsthan Gruau's original benchmark,showing that the
way in which structureis evolved hassigni�cant impacton
performance.NEAT is also5 times fasterthanESP, show-
ing thatstructurecanindeedperformbetterthanevolutionof
�x edtopologies.

IV. ABLATION STUDIES:
DECONSTRUCTING NEAT

WehavearguedthatNEAT'sperformanceis dueto historical
markings,speciation,andincrementalgrowth from minimal
structure. In order to verify the contribution of eachcom-
ponent,we performeda seriesof ablationstudies. We dis-
abledeachcomponentof NEAT separatelyandobservedthe
effect on performance.We did not ablatehistorical mark-
ingsdirectlybecauseeverycomponentof thesystemrelieson
historicalmarkings.Without historicalmarkings,thesystem
cannotfunction. All othercomponentsweresystematically
veri�ed.

A. ExperimentalSetup
Ablationscanhave a signi�cant detrimentaleffecton perfor-
mance,potentiallyto thepointwherethesystemcannotsolve
thetaskatall. Therefore,weuseaneasierversionof thepole



balancingproblemfor theablationstudies:doublepolebal-
ancingwith velocities.Becausethis taskis signi�cantly eas-
ier to solve, we useda smallerpopulationof 150. A smaller
populationis suf�cient becauselessdiversity is necessaryto
searchthesolutionspace.

Method Evaluations Failur eRate
No-Growth NEAT 30,239 80%
Non-speciatedNEAT 25,600 25%
Initial RandomNEAT 23,033 5%
Full NEAT 3,578 0

Table2. NEAT Ablations Summary. The tablecomparesthe
averagenumberof evaluationsfor a solutionin thedoublepole
balancingwith velocitiestask(aneasiertaskthanthat in Table
1). Resultsareaveragesover 20 runs,exceptfull NEAT, which
is an averageover 120 runs. Eachablationleadsto a weaker
algorithm,showing thateachcomponentis necessary.

Table 2 shows the resultsof all the ablation studies,in
termsof averageevaluationsrequiredto �nd a solution.The
main result is that the systemperformssigni�cantly worse
(HJI=0:� 010:5 ) for every ablation. We will explain how each
ablationwasperformedandinterprettheresults.

B. No-growth Ablation

In order to make no-growth NEAT comparableto �x ed-
topologyNE, it wasallowed to startwith a fully-connected
hiddenlayer of 10 hiddenunits, thesamenumberasin past
�x ed-topologyNE experiments[15, 19]. Withoutgrowth, the
systemwasonly ableto useweightdifferencesto speciatethe
population. Given 1,000generationsto �nd a solution, the
ablatedsystemcould only �nd a solution20% of the time!
Whenit did �nd asolution,it took8.5timesmoreevaluations
than full NEAT. Clearly, speciationandhistoricalmarkings
alonedo not accountfor full NEAT's performance;growing
andcomplexifying solutionsis a signi�cant factoraswell.

C. Initial RandomAblation

TWEANNs other thanNEAT typically startwith a random
population[2, 7, 21]. Whetherstartingminimally is an ad-
vantagewastestedbystartingNEAT with randomtopologies.
Eachnetwork in theinitial populationreceivedbetween1 and
10hiddenneuronswith randomconnectivity (asimplemented
by Pujol andPoli [13]). Random-startingNEAT was7 times
slower thanfull NEAT on average.Therandom-startingsys-
tem also failed to �nd a solution within 1,000 generations
5% of the time. The result suggeststhat startingrandomly
forcesNE to searchhigher-dimensionalspacesthan neces-
sary, therebywastingtime. If topologiesare to grow, they
shouldstartoutassmallaspossible.

D. Non-speciatedAblation

We have arguedthat speciationis importantbecauseit pro-
tectsinnovationandallowssearchto proceedin many differ-
entspacessimultaneously. To testthis claim, speciationwas
ablatedfrom thesystem.Becausestartingminimally without
speciationsti�es innovation, the non-speciatedNEAT must

Starting minimally

Growth Speciation

Historical Marking

Fig. 4. DependenciesamongNEAT components. Stronginter-
dependenciescanbeidenti�ed amongthedifferentcomponents
of NEAT.

be startedwith an initial randompopulationin orderto pro-
vide diversity. The resultingnon-speciatedNEAT wasable
to �nd solutions,althoughit failed in 25% of the attempts.
Whenit found a solution, it was7 timesslower on average
thanfull NEAT.

Thereasonfor thedramaticslowdown is thatwithout spe-
ciation,thepopulationquickly convergeson whatever topol-
ogy happensto initially performbest. Thus,a lot of diver-
sity is drainedimmediately(within 10generations).Onaver-
age,this initially best-performingtopologyhasabout5 hid-
dennodes.It is likely that the initial best-performingtopol-
ogy hasmoreconnectionsthannecessaryto solve the task.
Thus, the populationtendsto converge to a relatively high-
dimensionalsearchspace,eventhoughthesmallernetworks
in the initial populationwould have optimizedfaster. The
smallernetworksjustdonotgetachancebecausebeingsmall
offersno immediateadvantagein theinitially randomweight
space.This resultshows thatspeciationis crucialfor innova-
tion to beprotectedin a populationof diversetopologies.

E. AblationsSummary
An important conclusionis that all of the parts of NEAT
contribute to its performance.No single componentworks
well without theaid of theothercomponents(�gure 4), and
they areall neededto utilize thepowerof topologyevolution.
Noneof thesystemcanwork withouthistoricalmarkingsbe-
causeall of NEAT's functionsutilize historicalmarkings.If
growth from minimal structureis removed, speciationcan
no longerhelpNEAT �nd spaceswith minimal dimensional-
ity. If speciationis removed,growth from minimalstructures
cannotproceedbecausestructuralinnovationsdonotsurvive.
Whenthesystemstartswith a populationof randomtopolo-
gieswithout speciation,thesystemquickly convergesontoa
non-minimaltopologythatjust happensto beoneof thebest
networks in the initial population.Thus,eachcomponentis
necessaryto makeNEAT work.

V. DISCUSSION
NEAT strengthenstheanalogybetweenGAsandnaturalevo-
lution by notonly performingtheoptimizingfunctionof evo-
lution, but alsoa complexifying function,allowing solutions
to becomeincrementallymorecomplex at the sametime as
they becomemoreoptimal.

A systemthatcanaddnew structureto already-optimized
solutionshasseveral potentiallypowerful properties.Speed



is onebene�t. Smallerstructuresoptimizefaster, sothesys-
tem is able to optimizethe minimal numberof connections
necessaryto obtaina solution.Thisbene�t contrastswith the
goal of a minimal �nished product [22]. Our resultsshow
that the topologyof the �nal solutionis lessimportantthan
thetopologiesof thenetworksalongtheway. Eachincrease
in complexity resultingfrom new structureleadsto apromis-
ing part of a higherdimensionalspacebecausemostof the
existingstructureis alreadyoptimized.

A secondbene�t of complexi�cation is anadditionalway
to escapelocal optima. Not only canNEAT searchthe �t-
nesslandscapewith matingandmutation,but it canalter the
landscapeitself with new structure.Thus,whena speciesin
NEAT is on a local optimum,it is possiblethatby addinga
new connection,a new dimensionof freedommayopenup,
leadingto apathaway from thelocaloptimum.

A parallel can be drawn betweenstructureevolution in
NEAT and incrementalevolution [5, 19]. Incrementalevo-
lution is amethodusedto trainasystemto solvehardertasks
thanit normally could by training it on incrementallymore
challengingtasks. The ideais that NE is likely to get stuck
on a local optimumwhenattemptingto solve thehardertask
directly. However, aftersolvingtheeasierversionof thetask
�rst, the populationis likely to be in a part of �tness space
closerto thesolutionto thehardertask,allowing it to avoid
local optima. The differencebetweenthe incrementalityof
adding structureand generalincrementalevolution is that
addingstructureis automaticin NEAT whereasa sequence
of progressively hardertasksrequireshumandesign.

VI. CONCLUSION
NEAT incrementallyelaboratesstructurein astochasticman-
ner from a minimal startingpoint. Smallerstructuresopti-
mizefaster, soNEAT is ableto �nd solutionsfasterthanother
neuroevolution methods. The ablationstudiesdemonstrate
that historicalmarkings,speciation,andincrementalgrowth
from minimal structureare all integral componentsof ef�-
cient evolution of network structure.NEAT strengthensthe
analogybetweenGAsandnaturalevolutionby bothoptimiz-
ing andcomplexifyingsolutionssimultaneously.
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