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Abstract

Neuroevolution, i.e. evolving arti cial neural networks
with geneticalgorithms, has beenhighly effective in rein-
forcementlearning tasks, particularly those with hidden
state information. An important questionin neuroevolu-
tion is how to gain an advantagefr om evolving neural net-
work topologiesalong with weights. We presenta method,
NeuroEwvolution of Augmenting Topologies (NEAT) that
outperformsthe best xed-topology methodson achalleng-
ing benchmark reinforcementlearning task. We claim that
the increasedef ciency is dueto (1) employinga principled
method of crossaver of differ ent topologies,(2) protecting
structural innovation using speciation, and (3) incremen-
tally growing from minimal structure. 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
and complexifysolutionssimultaneously making it possible
to evolveincreasinglycomplexsolutionsover time, thereby
strengtheningthe analogywith biological evolution.

[. INTRODUCTION

Neuroevolution (NE), the arti cial evolution of neuralnet-
works using genetic algorithms, has shavn great promise
in reinforcementlearningtasks. NE outperformsstandard
reinforcementlearning methodsin mary benchmarktasks
[6, 10, 11]. Neural networks are a good classof decision
makingsystemsgo evolve becausehey arecapableof repre-
sentingsolutionsto mary differentkindsof problemsandthe
mappingfrom genotypeto phenotypeis generallyef cient.
NE is particularlywell suitedto reinforcementearningtasks
becauseNE doesnotrequiresupervision.

A majorquestionin NE is how to gainanadwantagefrom
evolving topologyin additionto connectionveights.On one
hand evolving topologymightovercomplicatéhesearchOn
theother it canalsosave time by nding theright numberof
hiddenneurondor a particularproblemautomatically[7].

A previous studyshovedthat x ed-topologyNE canout-
performa topology-evolving systemon the benchmarkdou-
ble polebalancingask[6]. This nding is importantbecause
pole balancinghasbeena benchmarktaskin NE and rein-
forcementlearningfor over 30 years[1, 6, 7, 9], and dou-
ble pole balancingis challengingto eventhe bestof modern

methods. Doing well at this importantbenchmarksuggests
that a methodwill do well in othertasksaswell. Whether
Topology and Weight Evolving Arti cial Neural Networks

(TWEANNS) can enhancethe performanceof NE remains
anopenquestion.

In this article, we aim to shaw that evolving topologycan
indeedincreaseperformance We presenta new TWEANN,
NeuroEwlutionof AugmentingTopologiedNEAT), thatsig-
ni cantly outperformsthe x ed-topologyNE methodthat
currently takes the fewest evaluationson the double pole
balancingtask. We identify three major challengesfor
TWEANNsandpresensolutionsto eachof them: (1) Isthere
a geneticrepresentatiornthat allows disparatetopologiesto
crossw@er in a meaningfulway? Our solutionis to usehis-
torical markingsto line up geneswith the sameorigin. (2)
How cantopologicalinnovationthatneedsa few generations
to optimizebeprotectedsothatit doesnotdisappeafrom the
populationprematurely?0ur solutionis to separateachin-
novationinto a differentspecies.(3) How cantopologiesbe
minimizedthroughoutevolution without the needfor a spe-
cially contrived tness function that measurecomplexity?
Our solutionis to startfrom a minimal structureand grow
only whennecessaryThis paperestablisheshat eachof our
solutionsis necessaryy shaving that NE performancesig-
ni cantly declineswith the ablationof ary of the major so-
lution componentsWorking togetherin NEAT thesecompo-
nentsconstitutea promisingnew approachto dif cult rein-
forcementearningtasks.

We begin by describingthe NEAT method,including re-
sultsshaving thatNEAT is signi cantly fasterthanotherNE
methodson the hardestpole balancingbenchmark.We then
presentablationstudiesdesignedo explain NEAT's perfor
mancein termsof its components.

[I. NEUROEVOLUTION OF AUGMENTING
TOPOLOGIES (NEAT)

A. GeneticEncoding

NEAT is designedspeci cally to addresshethreechallenges

raisedin the introduction. Eachgenomeincludesa list of

connectiorgenes eachof whichrefersto two nodegenesbe-

ing connected gure 1). Eachconnectiorgenespeci esthe

in-node,the out-node the weight of the connectionwhether
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Fig. 1. A genotypeto phenotypemapping example. Thethird
geneis disabled,so the connectionthat it speci es (between
nodes? and5) is not expressedn the phenotype.
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Fig. 2. The two types of structural mutation in NEAT. Both
types, addinga connectionand adding a node, are illustrated
with the genesabove their phenotypesThetop numberin each
genomes the innovation numberof thatgene. Thesenumbers
identify the original historicalancestoiof eachgene makingit
possibleo nd matchinggenesiuringcrosseer. New genesare
assignedhew increasinglyhighernumbers.

or not the connectiongeneis expressedan enablebit), and
an innovation number which allows nding corresponding
genesduring crosseer (aswill be explained below). Al-
thoughthe experimentsin this paperevolve networks with
asingleoutput,NEAT canevolve networkswith any number
of inputsor outputs.

Mutation in NEAT can changeboth connectionweights
and network structures. Connectionweights mutateas in
ary NE systemwith eachconnectioreitherperturbedr not.
Structuralmutationswhich expandthegenomepccurin two
ways( gure 2). In theaddconnectiormutation,asinglenew
connectiongeneis addedconnectingtwo previously uncon-
nectednodes.In the add nodemutationan existing connec-
tionis splitandthenewx nodeplacedwheretheold connection

usedto be. Theold connectioris disabledandtwo new con-
nectionsare addedto the genome. This methodof adding
nodeswas chosenin orderto integratenew nodesimmedi-
atelyinto the network.

Throughmutation,genomesf varying sizesare created,
sometimesvith completelydifferentconnectionspeci ed at
thesamepositions.The next sectionexplainshow NEAT can
crossover suchdiversegenomes.

B. Tracking Geneshrough Historical Markings

In orderto performcrosseer, the systemmustbeableto tell
whichgeneamatchup betweeranyindividualsin the popula-
tion. Thekey obsenationis thattwo genedhathavethesame
historicalorigin representhe samestructureg(althoughpossi-
bly with differentweights) sincethey werebothderivedfrom
the sameancestraggenefrom somepointin the past. Thus,
all a systemneedsto do to know which genesline up with
whichis to keeptrackof the historicalorigin of everygenein
thesystem.

Trackingthe historical origins requiresvery little compu-
tation. Whene&era new geneappeargthroughstructuraimu-
tation), a global innovation numberis incrementedand as-
signedto that gene. The innovation numbersthusrepresent
a chronologyof every genein the system. As an example,
let us say the two mutationsin gure 2 occurredone after
anotherin the system. The new connectiongenecreatedn
the rst mutationis assignedhe number , andthe two new
connectiongenesaddedduring the new node mutationare
assignedhenumbers and . In the future,wheneerthese
genomesrosseer, the offspringwill inherit the sameinno-
vation numberson eachgene;innovation numbersare never
changedThus,thehistoricalorigin of every genein the sys-
temis known throughoutevolution.

The historicalmarkingsgive NEAT a powerful new capa-
bility, effectively solving the problemof competingcorven-
tionsfor disparateopologies(the “Holy Grail” in neuro&o-
lution [14]). The systemnow knows exactly which genes
matchup with which ( gure 3). Geneghatdo not matchare
either disjoint or excess dependingon whetherthey occur
within or outsidethe rangeof the other parents innovation
numbers. When crossingover, the genesin both genomes
with the sameinnovation numbersarelined up. Genesthat
donotmatchareinheritedfrom themore t parentpor if they
areequally t, from bothparentgandomly Thisway, histor
ical markingsallow NEAT to performcrosseer without the
needfor expensvetopologicalanalysis.

The methodof crosseer presentecereis notablefor its
simplicity. Any two structurescanbe combinedin a princi-
pled mannerwithout the needfor ary topologicalanalysis,
eventhoughthe problemappeargo be a topologycombina-
tion problem. By recastinghe problemasa problemof his-
torical matching,it becomegdractableand signi cantly sim-
plerto solve.
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Fig. 3. Matching up genomesfor differ ent network topologies
using innovation numbers. Although Parent1 and Parent2
look different, their innovation numbers(shavn at the top of
eachgene)tell uswhich genesnatchup with which without the
needfor topologicalanalysis.

C. Protectinglnnovationthrough Speciation

Adding new structureto a network usuallyinitially reduces
tness. However, NEAT speciateshe population,sothatin-
dividualscompeteprimarily within their own nichesinstead
of with the populationatlarge. This way, topologicalinnova-
tions are protectedand have time to optimizetheir structure
beforethey have to competewith othernichesin the popu-
lation. Speciationis commonlyusedin multimodalfunction
optimizationandin coevolution of modularsystemswhere
its mainfunctionis to preserediversity[8, 12]. Webringthe
ideato TWEANNSs, whereits maintaskis to protectinnova-
tion.

Historical markingsmake it possiblefor the systemto di-
vide the populationinto specieshasedon topologicalsimi-
larity. The numberof excessand disjoint genesbetweena
pair of genomesds a naturalmeasureof their compatibility.
Themoredisjointtwo genomesre,thelessevolutionaryhis-
tory they shareandthusthelesscompatiblethey are. There-
fore, we canmeasureghe compatibility distance of differ-
entstructuresn NEAT asa simplelinearcombinationof the
numberof excess( ) anddisjoint( ) genesaswell asthe
averageweightdifferencesf matchinggeney  ):

— 1)

The coefcients , ,and adjustthe importanceof the
threefactors,andthe factor , the numberof genesin the
largergenomenormalizedor genomesize.

Thedistancemeasure allows usto speciataisingacom-
patibility threshold . Genomesaretestedoneat a time; if
a genomes distanceto a randomly chosenmemberof the
speciesis lessthan , it is placedinto this species. Each
genomads placedinto the rst speciesvherethis conditionis
satis ed,sothatno genomds in morethanonespecies.

As thereproductiormechanisnfor NEAT, we useexplicit
tnesssharing[4], whereorganismsn thesamespeciesnust
sharethe tness of theirniche,makingit dif cult for any one
speciego take overthe population.Theoriginal thnessesare
rst adjustedoy dividing by the numberof individualsin the
species.Specieghengrow or shrink dependingon whether
theiraverageadjustedtnessis aboveor below thepopulation
average:

— @

where and  arethe old andthe new numberof indi-
vidualsin species, istheadjustedtness of individual

in species , and  is the meanadjustedtness in the entire
population. The best-performing % of eachspecieds ran-
domly matedto generate  offspring, replacingthe entire

populationof thespecies?

D. Minimizing Dimensionality
TWEANN algorithmstypically startwith an initial popula-
tion of randomtopologies[2, 7, 21, 22]. Suchtopological
diversitymustbeintroducedrom thestartbecaus@ew struc-
ture frequentlydoesnot survive in thesemethodswhich do
not protectinnovation. However, it is not clearthat suchdi-
versityis necessargr useful. A populationof randontopolo-
gieshasa greatdealof structurethathasnotwithstooda sin-
gle tness evaluation. Therefore thereis no way to know if
ary of suchstructures necessarylt is costlythoughbecause
themoreconnections network containsthe higherthenum-
ber of dimensionsthat needto be searchedo optimize the
network. Therefore,with randomtopologiesthe algorithm
may wastea lot of effort by optimizing unnecessarilgom-
plex structures.

In contrastNEAT beginswith auniform populationof net-
works with no hiddennodes. BecauseNEAT protectsinno-
vationusingspeciationjt canstartthis way, minimally, and
grow new structureonly asnecessaryNew structures intro-
ducedincrementallyas structuralmutationsoccur, and only
thosestructuressurvive that are found to be usefulthrough
tness evaluations.Thisway, NEAT searcheshrougha min-
imal numberof weightdimensionssigni cantly reducingthe
numberof generationmiecessaryo nd asolution.

In rare casesvhenthe tness of the entire populationdoesnot
improve for morethan20 generationspnly the top two speciesare
allowedto reproducerefocusinghe searchinto the mostpromising
spaces.



lll. PERFORMANCE OF NEAT
A. PoleBalancingasa Benchmark Task

We demonstratéhe ef cacy of NEAT ontheproblemof bal-
ancingtwo polessimultaneouslywithout giving velocity in-
putsto the network. This problemis a known benchmark
in the reinforcementearningliterature,which makesit pos-
sible to compareNEAT to other methods. Pole balancing
has beenusedin RL and NE researchfor over 30 years
[1, 3,6,7, 9, 11, 15 17-20. It is alsoa good surrogate
for real problems,in part becausepole balancingin factis
a real task, and also becausehe dif culty canbe adjusted.
We presenthe hardestsuchproblem,balancingtwo pole si-
multaneouslywithout velocities,in orderto shov thatNEAT
performswell onadif cult task.

Two polesareconnectedo a moving cartby a hingeand
the neuralnetwork mustapply force to the cart to keepthe
polesbalancedor aslong aspossiblewithout going beyond
the boundariesf the track. The systemstateis de ned by
the cartposition( ) andvelocity ( ), the rst pole's position
() andangularvelocity (), andthesecondole's position
() andangularvelocity (). Controlis possiblebecause
thepoleshave differentlengths(0.1mand1.0min our exper
iments)andrespondlifferentlyto controlinputs.

Taking away velocity information makes the task non-
Markovian. It is dif cult becausehe network mustestimate
aninternalstatein lieu of velocity, which requiresrecurrent
connections.

Gruauetal. [7] introducedaspecial tness functionfor this
problemto preventthe systemfrom solving the tasksimply
by moving the cartbackandforth quickly to keepthe poles
wiggling in the air. (Sucha solutiondoesnot requirecom-
putingthe missingvelocities.) The tness functionpenalizes
oscillations. Becauseghe only NE methodsthat have solved
this task were evaluatedusing this special tness function,
NEAT usest onthistaskaswell.

UnderGruauet al.'s criteriafor a solution,the champion
of eachgenerations testedon generalizatiorto make sure
it is robust. In additionto balancingboth polesfor 100,000
time steps,the winning controller must balanceboth poles
from 625 differentinitial stateseachfor 1,000times steps.
In orderto countasa solution,a network needgo generalize
to atleast2000f the625initial states.

B. PerformanceComparison

A numberof NE methodshave solvedthe easierdoublepole
balancingwith velocity informationtask? NE methodstake
fewerevaluationghanstandardeinforcementearningmeth-
odssuchasQ-Learningon all levelsof dif culty of polebal-
ancing[6, 11]. Becausedoublepole balancingwithout ve-
locity informationis asigni cantly moredif cult task,to our

In otherwork, NEAT took the fewestgeneration@mongb com-
peting NE methodsto solve the easierdoublepole balancingwith
velocity informationbenchmarkask[16].

knowledgeonly two systemsave beendemonstratedbleto

solve the problemso far. NEAT is comparedo thesetwo

systemsCellular Encoding[CE; 4], andEnforcedSubpopu-
lations[ESP;3]. Thesucces®f CEwas rst attributedto its

ability to evolve structures.However, ESR a x ed-topology
NE systemcompletedhetask vetimesfasterby restarting
with arandomnumberof hiddennodeswhenever stuck. Our

experimentaimedat shaoving that evolution of structurecan
leadto betterperformancef doneright.

The experimentuseda populationof 1,000 NEAT net-
works. ESPevaluatedl,000networks per generationwhile
CEneededpopulationof 16,384networksto solvetheprob-
lem. Thetop of eachspecieseproduced.The coef-
cientsfor measuringcompatibility were , ,

, and . The probability of addinga new
nodewas0.03,andthe probability of addinga new link was
0.3. Theseparametersvere chosenfor their intuitive ap-
peal: It makessensedo addlinks signi cantly moreoftenthan
nodesandwe considerecnaverageweightdifferenceof 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

Tablel. Performance Comparison. CE is Cellular Encodingof
Gruauet al. [7]. ESPis EnforcedSubpopulation®f Gomez
andMiikkulainen[6]. All resultsareaveragesover 20 simula-
tions. The standarddeviation for NEAT is 21,790evaluations.
Assumingsimilar variancesor CE andESR all differencesn
numberof evaluationsaresigni cant ( ).

Tablel shavsthatNEAT indeedtakes25timesfewer eval-
uationsthan Gruaus original benchmark showving that the
way in which structureis evolved hassigni cant impacton
performance.NEAT is also5 timesfasterthan ESR shaw-
ing thatstructurecanindeedperformbetterthanevolution of

x edtopologies.

IV. ABLATION STUDIES:
DECONSTRUCTING NEAT

We have arguedthatNEAT's performances dueto historical

markings,speciationandincrementalgrowth from minimal

structure. In orderto verify the contribution of eachcom-

ponent,we performeda seriesof ablationstudies. We dis-

abledeachcomponentf NEAT separatelyandobsenedthe

effect on performance. We did not ablatehistorical mark-

ingsdirectlybecausevery componenbf thesystenrelieson

historicalmarkings.Without historicalmarkings the system
cannotfunction. All othercomponentsvere systematically
veri ed.

A. ExperimentalSetup

Ablationscanhave a signi cant detrimentaleffect on perfor
mance potentiallyto the pointwherethesystemcannotsolve
thetaskatall. Thereforewe useaneasierversionof thepole



balancingproblemfor the ablationstudies:doublepole bal-
ancingwith velocities. Becausehis taskis signi cantly eas-
ier to solve, we useda smallerpopulationof 150. A smaller
populationis sufcient becausdessdiversityis necessaryo
searcltthe solutionspace.

Method Evaluations | Failur e Rate
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 table compareshe
averagenumberof evaluationsfor a solutionin thedoublepole
balancingwith velocitiestask(an easiertaskthanthatin Table
1). Resultsareaveragesover 20 runs,exceptfull NEAT, which
is an averageover 120 runs. Eachablationleadsto a wealer
algorithm,shaving thateachcomponents necessary

Table 2 shaws the resultsof all the ablation studies,in
termsof averageevaluationsrequiredto nd asolution. The
main resultis that the systemperformssigni cantly worse
( ) for every ablation. We will explain how each
ablationwasperformedandinterprettheresults.

B. No-growth Ablation

In order to make no-grovth NEAT comparableto x ed-
topology NE, it wasallowed to startwith a fully-connected
hiddenlayer of 10 hiddenunits, the samenumberasin past
x ed-topologyNE experimentg15, 19]. Withoutgrowth, the
systemwasonly ableto useweightdifferencedo speciateéhe
population. Given 1,000generationgdo nd a solution, the
ablatedsystemcould only nd a solution20% of the time!

Whenit did nd asolution,it took 8.5timesmoreevaluations
thanfull NEAT. Clearly, speciationand historical markings
alonedo not accountfor full NEAT's performancegrowing

andcompleifying solutionsis a signi cant factoraswell.

C. Initial RandomAblation

TWEANNSs otherthan NEAT typically startwith a random
population[2, 7, 21]. Whetherstartingminimally is an ad-
vantagevastestedoy startingNEAT with randontopologies.
Eachnetwork in theinitial populationrecevedbetweerl and
10hiddenneuronswith randomconnectvity (asimplemented
by PujolandPoli [13]). Random-startingNEAT was7 times
slowerthanfull NEAT on average.Therandom-startingys-
tem also failedto nd a solution within 1,000 generations
5% of the time. The resultsuggestghat startingrandomly
forcesNE to searchhigherdimensionalspaceghan neces-
sary therebywastingtime. If topologiesareto grow, they
shouldstartoutassmallaspossible.

D. Non-speciatediblation

We have arguedthat speciationis importantbecausét pro-
tectsinnovationandallows searcho proceedn mary differ-
entspacesimultaneouslyTo testthis claim, speciationvas
ablatedfrom the system Becausestartingminimally without
speciationsti es innovation, the non-speciatedNEAT must

Starting minimally

Historical Marking

Growihd PSpeciation

Fig. 4. DependencieamongNEAT components. Stronginter-
dependenciesanbeidenti ed amongthe differentcomponents
of NEAT.

be startedwith aninitial randompopulationin orderto pro-

vide diversity The resultingnon-speciatedNEAT wasable

to nd solutions,althoughit failed in 25% of the attempts.

Whenit found a solution, it was 7 timesslower on average

thanfull NEAT.

Thereasorfor thedramaticslovdown is thatwithout spe-
ciation, the populationquickly convergeson whatever topol-
ogy happendo initially performbest. Thus, a lot of diver-
sity is drainedimmediately(within 10 generations)On aver
age,this initially best-performingopologyhasabout5 hid-
dennodes.lt is likely thattheinitial best-performingopol-
ogy hasmore connectionghan necessaryo solve the task.
Thus, the populationtendsto corvergeto a relatively high-
dimensionakearchspace gventhoughthe smallernetworks
in the initial populationwould have optimizedfaster The
smallemetworksjustdo notgetachancebecausdeingsmall
offersnoimmediateadvantagen theinitially randomweight
spaceThis resultshavs thatspeciatioris crucialfor innova-
tion to be protectedn a populationof diversetopologies.

E. AblationsSummary

An important conclusionis that all of the parts of NEAT
contritute to its performance.No single componentworks
well without the aid of the othercomponentg gure 4), and
they areall neededo utilize the power of topologyevolution.
Noneof the systemcanwork without historicalmarkingsbe-
causeall of NEAT's functionsutilize historicalmarkings. If
growth from minimal structureis removed, speciationcan
nolongerhelpNEAT nd spacesvith minimal dimensional-
ity. If speciatioris removed,growth from minimal structures
cannotproceedecausstructuraiinnovationsdo notsurvive.
Whenthe systemstartswith a populationof randomtopolo-
gieswithout speciationthe systemquickly corvergesontoa
non-minimaltopologythatjust happengo be oneof the best
networksin theinitial population. Thus,eachcomponenis
necessaryo make NEAT work.

V. DISCUSSION

NEAT strengthentheanalogybetweerGAs andnaturalevo-
lution by notonly performingthe optimizingfunctionof evo-
lution, but alsoa compleifying function, allowing solutions
to becomeincrementallymore complex at the sametime as
they becomemoreoptimal.

A systemthatcanaddnew structureto already-optimized
solutionshasseveral potentially powerful properties.Speed



is onebene t. Smallerstructuresoptimizefaster sothe sys-

temis ableto optimize the minimal numberof connections
necessaryo obtaina solution. This bene t contrastswith the

goal of a minimal nished product[22]. Our resultsshav

thatthe topology of the nal solutionis lessimportantthan

thetopologiesof the networks alongtheway. Eachincrease
in compleity resultingfrom new structurdeadsto a promis-

ing part of a higherdimensionalspacebecausemostof the

existing structureis alreadyoptimized.

A secondbene t of complei cation is anadditionalway
to escapdocal optima. Not only canNEAT searchthe t-
nesdandscapavith matingandmutation,but it canalter the
landscapétself with new structure.Thus,whena speciesn
NEAT is on alocal optimum,it is possiblethat by addinga
new connectiona new dimensionof freedommay openup,
leadingto a pathaway from thelocal optimum.

A parallel can be dravn betweenstructureevolution in
NEAT andincrementalevolution [5, 19]. Incrementalevo-
lution is amethodusedto train a systento solve hardertasks
thanit normally could by training it on incrementallymore
challengingtasks. Theideais thatNE is likely to get stuck
on alocal optimumwhenattemptingto solve the hardertask
directly. However, aftersolvingthe easieversionof thetask

rst, the populationis likely to bein a partof tness space
closerto the solutionto the hardertask, allowing it to avoid
local optima. The differencebetweenthe incrementalityof
adding structureand generalincrementalevolution is that
addingstructureis automaticin NEAT whereasa sequence
of progressiely hardertasksrequireshumandesign.

VI. CONCLUSION
NEAT incrementallyelaboratestructuren astochastianan-
ner from a minimal startingpoint. Smallerstructuresopti-
mizefastersoNEAT isableto nd solutionsfastetthanother
neuro&olution methods. The ablation studiesdemonstrate
that historicalmarkings,speciation andincrementalgrownth
from minimal structureare all integral componentof ef -
cient evolution of network structure. NEAT strengthenghe
analogybetweenGAs andnaturalevolution by both optimiz-
ing and compleifying solutionssimultaneously
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