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Abstract

Two major goals in machine learning are the discovery of derimultidimensional solutions and con-
tinual improvement of existing solutions. In this paper, arvgue thatomplexificationi.e. the incremental
elaboration of solutions through adding new structureiesels both these goals. We demonstrate the power
of complexification through the NeuroEvolution of AugmegtiTopologies (NEAT) method, which evolves
increasingly complex neural network architectures. NEA&pplied to an open-ended coevolutionary robot
duel domain where robot controllers compete head to heacthuBe the robot duel domain supports a wide
range of sophisticated strategies, and because coevoluioefits from an escalating arms race, it serves
as a suitable testbed for observing the effect of evolvimgeiasingly complex controllers. The result is an
arms race of increasingly sophisticated strategies. Wharpared to the evolution of networks with fixed
structure, complexifying networks discover significanthpre sophisticated strategies. The results suggest
that in order to realize the full potential of evolution, aselrch in general, solutions must be allowed to
complexify as well as optimize.

1 Introduction

Traditional genetic algorithms evolve fixed-length gensnuader the assumption that the space of the
genome is sufficient to encode the solution. A genome cdntain genes encodes a single point in an

n-dimensional search space. In many cases, a solution isrkimwexist somewhere in that space. For

example, the global maximum of a function of three argumemistexist in the three dimensional space

defined by those arguments. Thus, a genome of three geneaaadedhe location of the maximum.

However, many common structures are defined by an arbitnamyber of parameters. In particular,
those solution types that can contain a variable numberrté pan be represented bypynumber of genes.
For example, the number of parts in neural networks, cellaldomata, and electronic circuits can vary
(Miller et al. 200a; Mitchell et al. 1996; Stanley and Miikkinen 2002d). In fact, two neural networks with
different numbers of connections and nodes can approxithateame function (Cybenko 1989). Thus, it is
not clear what number of genes is appropriate for solvingriqodar problem. Because of this ambiguity,



researchers evolving fixed-length genotypes must usedtiesrisuch as smaller neural networks general-
izing better than larger ones, in order to estimatgriori the appropriate number of genes to encode such
structures.

A major obstacle to using fixed-length encodings is thatikdoally determining the appropriate num-
ber of genes becomes impossible for very complex problemasefample, how many nodes and connec-
tions are necessary for a neural network that controls apimg playing robot? Or, how many bits are
needed in the neighborhood function of a cellular automadia performs information compression? The
answers to these questions can hardly be based on empkjeience or analytic methods, since little is
known about the solutions. One possible approach is to gimpke the genome extremely large, so that
the space it encodes is extremely large and a solution iy likdie somewhere within. Yet the larger the
genome, the higher dimensional the space that evolutiogsrteesearch. Even if a ping-pong playing robot
lies somewhere in the 10,000 dimensional space of a 10,0@®ggnome, searching such a space may take
prohibitively long.

Even more problematic are open-ended problems where plpEsare meant to improve indefinitely
and there is no known final solution. For example, in competgames, estimating the complexity of the
“best” possible player is difficult because making such dimede implicitly assumes that no better player
can exist. How could we ever know that? Moreover, many aiifiife domains are aimed at evolving
increasingly complex artificial creatures for as long assjibs (Maley 1999). Fixing the size of the genome
in such domains also fixes the maximum complexity of evolveshttires, defeating the purpose of the
experiment.

In this paper, we argue that the right way to evolve arbiiratructured phenotypes is to start evolution
with a population of small, simple genomes and systeméaticamplexifysolutions over generations by
adding new genes. That way, evolutions begins searchingimadl easily-optimized space, and adds new
dimensions as necessary. This approach is more likely tmwes highly complex phenotypes than an
approach that begins searching directly in the intractébtye space of complete solutions. In fact, natural
evolution has itself utilized this strategy, occasionatiding new genes that lead to increased phenotypic
complexity (Martin 1999; Section 2). In biology, this praseis calledcomplexificationwhich is why we
use this term to describe our approach as well.

When a good strategy is found in a fixed-length genome, theeeepresentational space of the genome
is used to encode it. Thus, the only way to improve it islier the strategy, thereby sacrificing some of
the functionality learned over previous generations. Imi@st, complexificatioelaborateson the existing
strategy by adding new structure without changing the iexjstepresentation. Thus the strategy does not
only become different, buhore elaboratefigure 1).

This idea is implemented in a method for evolving incredsimgmplex neural networks, called Neu-
roEvolution of Augmenting Topologies (NEAT; Stanley andikkulainen 2002b,c,d). NEAT begins by
evolving networks without any hidden nodes. Over many garers, new hidden nodes and connections
are added, resulting in the complexification of the soluipace. This way, more complex strategies elabo-
rate on simpler strategies, focusing search on soluticatsatte likely to maintain existing capabilities. We
use NEAT to demonstrate the power of complexification.

NEAT was tested in a competitive robot control domain witll &ithout complexification. Coevolu-
tion was used to evolve robot controllers against each athiend better strategies. We chose this domain
because it is open-ended; there is no known optimal strdiegy is possible to come up with increasingly
more sophisticated strategies indefinitely. The main tesuére that (1) evolution did complexify when
possible, (2) complexification led to elaboration, and (psicantly more sophisticated and successful
strategies were evolved with complexification than witholihese results imply that complexification al-
lows coevolution to continually elaborate on successfaltsgies, resulting in an arms race that achieves a
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Figure 1: Alteration vs. elaboration example. A robot (depicted as a circle) evolves to avoid an obstaate. |
the alteration scenario (top), the robot first evolves aegrato go around the left side of the obstacle. However, the
strategy fails in a future generation when the obstaclertsagioving to the left. Thus, the robot alters its strategy by
evolving the tendency to move right instead of left. Howewvdren the obstacle later moves right, the new, altered,
strategy fails because the robot did not retain its old ghit move left. In the elaboration scenario (bottom), the
original strategy of moving left also fails. However, irnstiof altering the strategy, it mlaboratedby adding a new
ability to move right as well. Thus, when the obstacle latewas right, the robot still has the ability to avoid it by
using its original strategy. Elaboration is necessary foo@volutionary arms race to emerge and it can be achieved
through complexification.

significantly higher level of sophistication than is othesgvpossible.

We begin by reviewing biological support for complexificatj as well as past work in coevolution,
followed by a description of the NEAT method, and experimaérasults.

2 Background

2.1 Complexification in Nature

Mutation in nature not only results in optimizing existinguetures: New genes are occasionally added to
the genome, allowing evolution to perform a complexifyimgdtion over and above optimization. In addi-
tion, complexification is protected in nature in that inparsific mating is prohibited. Such speciation creates
important dynamics differing from standard GAs. In thists®st we discuss these important characteristics
of natural evolution as a basis for our approach to utilizertttomputationally in genetic algorithms.

Gene duplicatioris a special kind of mutation in which one or more parentalegesre copied into an
offspring’s genome more than once. The offspring then hdism@ant genes expressing the same proteins.
Gene duplication has been responsible for key innovatiormvérall body morphology over the course of
natural evolution (Amores et al. 1998; Carroll 1995; Forcale1999; Martin 1999).

A major gene duplication event occurred around the timevbegtbrates separated from invertebrates.
The evidence for this duplication centers arowh@X geneswhich determine the fate of cells along the



anterior-posterior axis of embryos. HOX genes are crugiahaping the overall pattern of developmental in
embryos. In fact, differences in HOX gene regulation exptagreat deal of arthropod and tetrapod diversity
(Carroll 1995). Amores et al. (1998) explain that since itelerates have a single HOX cluster while
vertebrates have four, cluster duplication must have figmitly contributed to elaborations in vertebrate
body-plans. The additional HOX genes took on new roles inleging how vertebrate anterior-posterior axis
develops, considerably increasing body-plan compleiitthough Martin (1999) argues that the additional
clusters can be explained by many single gene duplicatioosnaulating over generations, as opposed to
massive whole-genome duplications, researchers agreg@eha duplication contributed significantly to
important body-plan elaboration.

A detailed account of how duplicate genes can take on noled weas given by Force et al. (1999): Base
pair mutations in the generations following duplicatipartition the initially redundant regulatory roles of
genes into separate classes. Thus, the embryo develope sathe way, but the genes that determine
overall body-plan are confined to more specific roles, siheestare more of them. The partitioning phase
completes when redundant clusters of genes are separataghethat they no longer produce identical
proteins at the same time. After partitioning, mutationghimithe duplicated cluster of genes alter different
steps in development than mutations within the originastelu In other words, duplication creates more
points at which mutations can occur. In this way, develogaearocesses complexify.

In order to implement this idea in artificial evolutionarysggms we are faced with two major challenges.
First, such systems evolve variable-length genomes, wdachbe difficult to cross over without losing in-
formation. For example, depending on when duplicationsiwed in the ancestral histories of two different
genomes, the same gene may exist at different positionsveCsely, different genes may exist at the same
position. Thus, artificial crossover may lose essentiakgahrough misalignment. Second, it may be dif-
ficult for a variable-length genome GA to find innovative dmns; Optimizing many genes takes longer
than optimizing only a few, meaning that more complex gepesymay be eliminated from the population
before they have a sufficient opportunity to be optimized.

How has nature solved these problems? First, nature has laamsm for aligning genes with their
proper counterparts during crossover, so that data is sbtnlor obscured. This alignment process has
been most clearly observed i coli (Radding 1982; Sigal and Alberts 1972). A special proteileda
RecAtakes a single strand of DNA and aligns it with another stlapa@ttaching the strands at genes that
express the same traits, which are callenologous genesThe process by which RecA protein aligns
homologous genes is callaynapsis In experiments in vitro, researchers have found that Remtem
does not complete the process of synapsis on fragments of thatfare not homologous (Radding 1982).
Second, organisms with significantly different genomesenenate because they are in different species.
Speciation also protects innovation, because it allowsraggns to compete primarily within their own
niches, instead of with the population at large.

It turns out complexification also possible in evolutionagmputation if abstractions of synapsis and
speciation are made part of the genetic algorithm. The NEAfhod (section 3) is an implementation of this
idea: the genome is complexified by adding new genes whialrimencode new structure in the phenotype,
as in biological evolution.

Complexification is especially powerful in open-ended dimmahere the goal is to continually generate
more sophisticated strategies. Competitive coevolutoa particularly important such domain, as will be
reviewed in the next section.



2.2 Competitive Coevolution

In competitive coevolution, individual fitness is evaluhtarough direct competition with other individuals
in the population, rather than through an objective fithesasure. In other words, fithess signifies only the
relative strengths of solutions; an increased fitness insoh&ion leads to a decreased fitness for another.
Ideally, competing solutions will continually outdo oneo#imer, leading to an "arms race” of increasing
sophistication (Dawkins and Krebs 1979; Rosin 1997; Vainved73).

In practice, it is difficult to establish an arms race. Evidnttends to find the simplest solutions that
can win, meaning that strategies can switch back and fotthdan different idiosyncratic yet uninteresting
variations (Darwen 1996; Floreano and Nolfi 1997; Rosin arte® 1997). Several methods have been
developed to encourage the arms race (Angeline and PolR@Rg; Ficici and Pollack 2001; Noble and
Watson 2001; Rosin and Belew 1997). For example, a "hall wfefacan be used to ensure that current
strategies remain competitive against strategies fronpts. Recently, Ficici and Pollack (2001) and
Noble and Watson (2001) introduced a promising method @¢&eto coevolutionwhich finds the best
learners and the best teachers in two populations by castiegolution as a multiobjective optimization
problem.

Although such techniques improve the performance of comiygetoevolution, they do not directly en-
couragecontinual coevolutioni.e. creating new solutions that maintain existing caltads. For example,
no matter how well selection is performed, or how well cortpet are chosen, if no better solution exists
in the fixed solution space, elaboration is impossible stheeglobal optimum has already been reached.
Moreover, it may occasionally be easier to escape a locahapt by adding a new dimension of freedom
to the search space than by jumping back out into the same $ipaidead to the optimum in the first place.

Complexification is an ideal technique for establishing evotutionary arms race. Complexification
naturally elaborates strategies by adding new dimensmiisetsearch space. Thus, progress can be made
indefinitely long: even if a global optimum is reached in teargh space of solutions, new dimensions can
be added, opening up a higher-dimensional space in whighlggler optima may exist.

To test this idea experimentally, we chose a robot duel doittait combines predator/prey interaction
and food foraging in a novel head-to-head competition (§eet). We use this domain to demonstrate how
NEAT uses complexification to continually elaborate ontsggges. The next section describes the NEAT
neuroevolution method, followed by a description of theatatuel domain and a discussion of the results.

3 NeuroEvolution of Augmenting Topologies (NEAT)

The NEAT method of evolving artificial neural networks comds the usual search for appropriate network
weights with complexification of the network structure. hjpproach is highly effective: NEAT outper-
forms other neuroevolution (NE) methods, e.g. on the beackmouble pole balancing task by a factor of
five (Stanley and Miikkulainen 2002b,c,d). The NEAT methaohgists of solutions to three fundamental
challenges in evolving neural network topology: (1) Whatckbf genetic representation would allow dis-
parate topologies to crossover in a meaningful way? Outisalus to use historical markings to line up
genes with the same origin. (2) How can topological inn@rathat needs a few generations to optimize
be protected so that it does not disappear from the popalatematurely? Our solution is to separate each
innovation into a different species. (3) How can topolodiesninimizedthroughout evolutiorso the most
efficient solutions will be discovered? Our solution is tarstrom a minimal structure and grow only when
necessary. In this section, we explain how NEAT addressds @wllenge.



