Modeling
Complex Adaptive Systems
with Echo

Stephanie Forrest Terry Jones
Department of Computer Science Santa Fe Institute
University of New Mexico 1399 Hyde Park Road
Albuquerque NM 87131, USA. Santa Fe NM 87501, USA.
forrest@cs.unm.edu terry@santafe.edu

Abstract.

Complex adaptive systems (CAS) consist of many interacting and adapting compo-
nents. Echo is a computational CAS model in which evolving agents are situated in a
resource-limited environment. Different views of the notion of species within Echo are
compared to biological experiments on relative species abundance, specifically to Pre-
ston’s “canonical” lognormal distribution.

To appear in: ¢ , R. . Stonier and .H. u
ds , Amsterdam: I S Press, September 199 | pp. 3 1.

ntro tion

Many interestin systems are di cult to describe or control usin traditional met ods.
T ese include natural ecolo ical systems, immune systems, economies and ot er social
systems. ne source of di culty arises from nonlinear interactions amon system com
ponents. Nonlinearities can lead to unanticipated emer ent be aviors, a p enomenon
t at as been well documented and studied in p ysical, ¢ emical, biolo ical, and social
systems as well as in some forms of computation 1. Nonlinear systems wit interestin
emer ent be avior are often referred to as . A second form of complex
ity arises w en t e primitive components of t e system can ¢ an et eir speci cation,
or evolve, over time. Systems wit t is additional property are sometimes called

. Here, we will use t e term complex adaptive system CAS to
refer to a system wit t e followin properties:

A collection of primitive components, called a ents.

Interactions amon a ents and between a ents and t eir environment.
Unanticipated lobal properties often result from t e interactions.

A ents adapt t eir be avior to ot er a ents and environmental constraints.

As a consequence, system be avior evolves over time.



uildin models of CAS is di cult for several reasons. First, useful and predictive
mat ematical analyses rarely exist. T is is due to bot nonlinearities and t e ¢ an
in be avior of t e primitive elements of t e system. Second, detailed simulations are
problematic because it is virtually impossible to et all of t e details correct. Consider,
for example, t e vertebrate immune system w ic in some cases as been estimated
to express over 10 di erent receptors at a time. Modelin t e p ysical ¢ emistry of
ust one receptor li and bindin event, even at an abstract level, requires enormous
amounts of computation, and it is t erefore infeasible to model t e expressed reper
toire of receptors precisely. T is problem exists for all lar e complicated systems, but
because nonlinear systems can be 1 ly dependent on seemin ly small details, even a
trivial inaccuracy in t e model could lead to wildly erroneous results. ne approac
to t 1s dilemma is to strip away as muc detail as possible, retainin only t e essential
interactions. T e oal ist en to develop models w ose be avior is robust wit respect
to t e details of t e interactions e. ., avoidin parameter tweakin to coax a system
to produced desired be aviors , and w ic produces t e broad cate ories of be aviors
in w ic we are interested. An implication of t is approac is t at suc models will
rarely, if ever, be able to make precise quantitative predictions. Adaptation is central in
CAS, and t isis at ird reason t at modelin CASis di cult. T e underlyin rules of
t e system are ¢ an in over time w ic means t at di erent a ents be ave accordin
to di erent rules at di erent times.

ecause of t ese di culties, a class of models, variously called arti cial worlds,
particle based, and a ent based, ave been a popular approac to studyin CAS.
T is style of modelin is quite di erent from t e di erential equation style of models
used most frequently to model nonlinear dynamical systems. In a ent based models,
eac actor and eac interaction amon actors i.e., not ust eac type of interaction
is represented simulated explicitly. Individuals are capable of quite di erent kinds
of be aviors t e a ents in t e system are etero eneous . A ent based models are
discrete in most dimensions, typically time, state, and update rules. T us, t e standard
approximations for in nite si ed systems and t e tec niques developed for studyin
asymptotic be avior of continuous nonlinear dynamical systems often do not directly
apply. As a result, t ese systems tend to be more di cult to analy e.

A ent based CAS models ave several apparent drawbacks. T ese include t e map
pin problem, t e problem of askin t e ri t question, scalin issues, and nonlinear
interactions already discussed . ecause CAS models tend to strip away many details,
it is often impossible to say w at any component of one of t ese models corresponds
to in t e real world. Continuin wit t e immune system example, many t eoretical
immunolo ists use strin matc in to model receptor li and bindin . Patterns of
bits or ot er symbols are used to represent bot molecular s ape and electrostatic
c ar e. Consequently, it is di cult to say w at one bit in t e model corresponds to
in t e immune system. Since di erent alp abets and di erent matc in rules can ave
very di erent properties, t e ¢ allen e is to select an alp abet and matc in rulet at

as eneral properties similar to t e real system wit out worryin too muc w at eac
bit really stands for 3. Most t eories of modelin are based on t e premise t at a
correspondence can be establis ed between t e modeled system and t e primitive com
ponents of its model. As a consequence of t is mappin problem, it is not always clear
w at scienti ¢ questions are bein addressed by CAS models. In more conventional
simulation based modelin , models are used to make quantitative predictions based on
certain predicated inputs, for example, to determine optimal parameter values. A ent
based models of CAS are rarely able to make t is kind of quantitative prediction, and



as a result t e focus is on identifyin broad cate ories of be avior and critical parame
ters but not necessarily t e exact critical parameter values . A t ird problem faced by
a ent based models is one of scale. ecause t ey are simulations, a ent based models
typically operate on vastly di erent time scales of evolution and wit muc smaller
population si est an t ose of t e systems t ey model. Also, we tend to be intolerant
of 1 failure rates suc as t ose often observed in nature. For example, consider t e
selection al orit ms typically used in enetic al orit ms. Selection pressure is main
tained at an arti cially 1 rate and often scaled to maintain increased pressure near
t eend of a run. volution t us occurs orders of ma nitude more quickly t an in natu
ral systems, and as a result, we may lose some of t e ric nessof t e natural evolutionary
process.

e ave studied several di erent CAS models over t e past fteen years. enetic
al orit ms  focus on t e evolutionary component of CAS. T ey are reasonably well
understood and mature, but i nore several important features, includin resource al
location, etero eneity, and endo enous tness. Classi er systems 5, apply enetic
al orit ms to a co nitive modelin framework. Similarly, ¢ o extends enetic al o
rit ms to an ecolo ical settin , addin t e concepts of eo rap y location , competi
tion for resources, and interactions amon individuals coevolution . ¢ o is intended
to capture important eneric properties of ecolo ical systems, and not necessarily to
model any particular ecolo y in detail. at can we ope to learn wit a model t at
by desi n does not correspond to any real system e can study patterns of be avior,
., ow resources ow t rou di erent kinds of ecolo ies, ow cooperation amon
a ents can arise t rou evolution, and arms races 7. e can also use suc a model
to identify parameters or collections or parameters t at are critical, i.e., to perform
sensitivity analysis. As wit any simulation tool, it is muc easier to run ypot etical
w at if experiments t an to conduct experiments on a real system. If a model like

¢ o were successful and correct, it would enable users to build deep intuitions about

e.

ow di erent aspects of an ecolo ical system a ect one anot er, important dependen
cies, and an appreciation of ow evolution interacts wit t e on oin dynamics of an
ecolo y. T 1is is per aps t e most important contribution t at models like ¢ o can
make. T e ori inal idea of ¢ o, includin motivation, desi n decisions, and overall
structure were introduced in , 7. ur oal in t is paper is to describe more fully
one speci ¢ ¢ o model ¢ o really refers to a class of models and tos ow ow one
mi t study t e extent to w ic ¢ o does or does not capture important properties
of ecolo ical systems. Towards t is end, we report preliminary results on t e relative
abundance of species, an important feature of any ecolo ical system. T 1is feature raises
some fundamental questions, suc as ow to de ne precisely t e concept of species
in ¢ o, w ic we also discuss.

ho

¢ o was desi ned to capture t e essential features of ecolo ical systems in an a ent
based model. Allof t eentities and interactionsin ¢ oare 1 ly abstract, and it is not
yet known w et er c¢ o can be used to model real world p enomena e ectively. Many
CAS can be viewed as ecolo ies e. ., 8 , but our focus in t is paperis ont e analo y
wit natural ecolo ies. ¢ o resembles some ot er CAS models. T ese include Swarm
9, Su arscape 10, and t e volutionary Reinforcement earnin R model 11.
Unlike Swarm, ¢ o makes speci ¢ commitments about a ent types and interactions it
di ers from Su arscape, bot in speci c details, and in its focus on ecolo ical principles



1. Replication

When enough resources have been gathered to copy the genome.

2. Mutation
During replication: Point mutation AAA —= ABA
Deletion ACC — AC
Insertion BB —= BBE

3. Crossover

During Mating: ABC |ADBB |BA —= BBC |ADBB |AA

BBC [DACC|AA — ABC |DACC|BA

Fi ure 1: T e waysinw ic an ¢ o a ent can under o enetic modi cation.

R provides two levels of learnin  t ere is only one in ¢ o but is not intended as
a eneral ecolo ical model.
¢ o extends classical enetic al orit ms in several important ways: 1  tness

is endo enous, individuals called a ents ave bot a enome and a local state
t at persists t rou  time, and 3 enomes are i ly structured. In ¢ o, an a ent
replicates makes a copy of itself, possibly wit mutation w en it as acquired enou
resources to copy its enome. T e local state of an a ent is exactly t e amount of
t ese resources it as stored. A ents acquire resources t rou interactions wit ot er
a ents combat or trade or from t e environment. T is mec anism for endo enous
reproduction comes muc closer to t e way tness is assessed in natural settin st an
conventional  tness functions in enetic al orit ms.

Alon wit t ese extensions to t e evolutionary component, ¢ o speci es certain
structural features of t e environment in w ic a ents evolve. Speci cally, t ere is a
two dimensional rid of sites and eac a ent islocated at a site, alt ou it is possible
for a ents to move between sites. T ere are usually many a ents at one site, and t ere
is a notion of nei bor ood wit in a site. ac site may produce renewable resources.
T ese resources are represented by di erent letters of t e alp abet, and enomes are
constructed from t e same letters. Resources can exist in t ree places: as part of an
a ent s enome, as part of an a ent s local state, or free in t e environment. T ere
are t ree forms of interactions amon a ents: trade, combat, and matin . In trade,
resources stored internally t elocal state areexc an ed in combat, all resources bot

enetic and stored are transferred from loser to winner in matin |,
exc an ed t rou crossover, t us creatin  ybrids. Matin , to et er wit mutation

enetic material is

durin t ereplication process, providest e mec anism for new types of a ents to evolve,
as s own in Fi ure 1. Resource constraints provide t e pressure for a ents to diversify
and occupy new nic es.

In eac ¢ orun t ere is a xed number of resource types w ic is determined
by t e user of t e system. T ese may be representative of resources in a real world
system, or may correspond to a more abstract notion of somet in t at is required to



ensure survival. For example, t e environment can be desi ned to require t at a ents
possess a certain resource, w ic some a ents may only obtain t rou trade. In t is
situation, t e resource need not bet ou 1t of as correspondin to a p ysical entity, but
as somet in t at requires a certain type of a ent a ent interaction for a ent survival.
T e number of resources in an ¢ o world is typically small. T ese are denoted by
lower case letters: , , and soon. Int e ¢ o world used in t is paper, t ere are
four resources and one site.

T e followin sections describe ¢ o in more detail. Muc of t is is devoted to
describin a ents and t e interactions t at can occur, bot between pairs of a ents and

between an a ent and its environment.

ur implementation of ¢ o divides ¢ o into a structural ierarc y. ac run of

¢ o involves a t at contains a xed number of . ac site may contain an
arbitrary number of , includin  ero. ac world speci es certain system wide
parameters, includin t e number of sites, t e number of resource types, t e taxation
rate, parameters controllin replication, and t e probability of random deat . See 1
for details of t ese parameters. ac site speci es its own mutation, crossover, and
random deat probabilities, as well as some parameters controllin t e details of ow
resources are mana ed at t e site e. ., t e maximum amount of a resource t at can
accumulate at t e site .

ac of t ese components is desi ned by t e user of t e system, typically as an

abstraction of some aspect of a real world CAS. In eac case, t e use of ¢ o requires
decisions about t e structure of t ese ob ects and t e ways t ey will be avew ent e
result is set in motion. T is paper refers brie y to t e elements of worlds and sites. A
full description of t ese elements can be found in any of 1 , , 7. Section .3 describes
t e structure and properties of a ents.

C

T e sequence of events in an ¢ o cycle consists of t e followin :

1. Interactions between a ents are performed at eac site. T ese include trade,
matin , and combat. T e number of interactions is controlled by a world
parameter.

. A ents collect resources from t e site if any are available. T e site produces
resources accordin to its site parameters, and t ese are distributed as equally
as possible amon t e a ents at t e sitet at are enetically able to collect t em.

3. ac a ent at eac site is taxed probabilistically . ac site exacts a resource
tax from eac a ent wit a iven worldwide probability. If an a ent does not
possess t e resources to pay t e tax, it is deleted and its resources are returned to
t e environment. Tax in ¢ o can be t ou t of as economic taxation, or as t e
cost required to live at t e site. iolo ically, t is can be t ou t of as metabolic
cost.

. A ents are killed at random wit some small probability. T is can be interpreted
as bad luck or as a mec anism t at prevents a ents from livin forever. If t ey
are not killed some ot er way t rou combat or taxation , t ey will eventually
be randomly deleted.



5. T e sites produce resources. Di erent sites may produce di erent amounts of
eac resource. For example, one site may produce ten s and ten s on eac
time step, w ereas anot er may produce ve s and twenty s. T et ou tis
t at a ents will replicate frequently if t ey are located at sites w ose resources
matc t eir enomes, if t e site is not too crowded. en an a ent at a site dies,
its resources are returned to t e environment and become immediately available
to ot er a ents at t at site.

. A ents t at ave not received resources t is cycle mi rate. If an a ent does not
acquire any resources durin an c¢ o cycle eit ert rou pickin t em up or
t rou combat or trade , it will mi rate to a nei borin site. T e nei borin
site is selected at random from amon t ose permitted by t e eo rap y of t e
world. T is is not t e same as t e local movement wit in a site t at occurs as
t eresult of t e a ent a ent interactions t at are described in section

7. A ents t at can replicate do so asexual reproduction . An a ent may replicate

w en it acquires su cient resources. In replication, an a ent makes a copy of its

enome usin t e resources it as stored in its reservoir. A parameter controls

ow many resources are required to be stored beyond t ose needed to make an

exact copy. T e replication process is noisy: random mutations may result in
enetic di erences between parent and c¢ ild.

T is cycle is iterated many times durin t e course of a run.

Fi ure illustrates an example ¢ o a ent. A ents ave a enome w ic 1is rou ly
analo ous to asin le ¢ romosomein a aploid species. T e ¢ romosome as 7 enes,
w ere ist e number of resources in t e world. ac of t ese enes can be altered by
t e mutation operator. Six of t ese, t e and are composed of variable
len t strin s of resources i.e. of t e lower case letters t at represent resources . T e
mutation operator can alter t e allele value at any locus, and can also cause a ta or
condition to row or s rink in len t .

Ta s are enes t at produce some easily observable feature of t e p enotype. Con
ditions are enes t at do not produce observable p enotypic e ects, and t eir result
cannot be detected by ot er a ents. T us an a ent will interact wit anot er on t e
basis of its own conditions and t eot ersta s. T is allows, for example, t e possibility
of a ents t at appear dan erous but are in fact usually unwillin to t. It also allows
for t e evolution of intransitive combat relations ips. For example, an a ent mi t
always attack an a ent , and  always attack , but it does not follow t at  will
attack . T is as obvious parallels in real world systems e. ., in food webs . T e
importance of t is kind of relations ip amon a ents in CAS as often been stressed

, 13

T esixta and condition enes possessed by every a ent aret e ,

, , , and . T ese enes
are used to determine w at sort of interaction will take place between a pair of a ents,
and w at t e outcome will be. T e use of t ese enes is described below. It s ould
be noted t at t e current implementation conforms to a very lar e extent wit t e
description iven in , but not wit t atin 7.

T e  enes correspond tot e a ent s , w ic determines its ability to
collect eac resource type directly from t e environment. If an a ent does not ave a



Reservoir

a d ba abbac

c e Tags |ccd
a b

aab

bba
Conditions c
cddbb

Trading Resource |E|

Uptake Mask [1]o]1]1]

Genome = | abbac ccd aab | bba ¢ cddbb |a| 1011|

Tags Conditions Uptake
Trading
Resource
Fi ure : T e structure of an ¢ o a ent. Ta s are visible to t e outside world.

Conditions and ot er properties are not.

1 allele for t e uptake ene correspondin to a certain resource, it will not be able to
collect t at resource if it encounters some amount of it at a site. Consequently, if t e
a ent requires t is resource for example because t e site at w ic it is located ¢ ar es
a tax t at includes it, or because t e a ent needs it to replicate , it will eit er ave
to t or trade for it. T e desi ner of an ¢ o world can create tradin webs amon
a ents by requirin t em to trade in various ways to ensure survival. f course t ere is
not in in ¢ o to uarantee t at suc webs will not soon be reatly altered t rou
mutation, or t at t ey will survive at all. T e nal eneist e w ic
is t e resource typet at t e a ent will provide to anot er a ent if tradin takes place.

ac a ent also as a in w ic it keeps some amount of eac resource type.

Resources from t e reservoir are used to pay taxes, to produce o sprin and for trade.
T e reservoir corresponds exactly to t e local state of t e a ent.

A ents at a site are arran ed in a one dimensional array. T e probability t at a
pair of a ents will be ¢ osen to interact falls o exponentially wit increasin distance
between a ents in t is array. T e user must decide w ic a ents initially reside at eac
site, and in w at order t ey s ould appear in t e array.

T ere are t ree main forms of a ent a ent interaction: combat, tradin and reproduc
tion. All of t ese interactions take place between a ents t at are located at t e same
site and all involve t e transfer of resources between a ents



C

Combat is an ideali ation of any interactiont at mi toccur between real world entities
t at is anta onistic. It does not necessarily imply t at t e a ents are actually tin
t ou of course t isis not precluded. If two a ents in a real world system are be avin
in a competitive fas ion, t is would be modeled in ¢ o by desi nin t ea ents in suc
a way t at t ey would en a e in combat. en combat occurs, one a ent is always
killed, and its resources are iven to t e survivor. In a more recent version of ¢ o 7,
t e interaction need not be so extreme and results in a transfer of resources possibly
in bot directions, and possibly in a very uneven fas ion between t e a ents.
en two a ents encounter eac ot er,t e system rst c ecksto see if eit er would

attack t e ot er. An a ent will attack an a ent  if its combat condition is a pre x
of s o enseta . If attacked, an a ent is iven a ¢ ance to ee w ic it does wit
a probability equivalent to t e probability of it losin in t e combat encounter . T e
calculation of t e probability of victory in combat is somew at complicated and is not
described fully ere. It is based on matc in s o ense ta wit s defense ta and
vice versa. T' e resource ¢ aracters t at compriset ese enes are used as an index into
a , wit  special provisions for erolen t enes and for enes of unequal
len t .

As a result of t is computation, eac a ent receives some number of points. If

and are t e points awarded to and ,t en  will win t e combat wit a
probability of . T e resources t at comprise t e loser bot its enome
and t e contents of its reservoir are iven tot e winner and t e loser is removed from
t e population.

If two a ents are ¢ osen to interact and t ey do not en a e in combat, t ey are iven
t e opportunity to trade and mate. Unlike combat, tradin and matin must be by
mutual a reement. A ents and  will trade if s tradin condition is a pre x of

s o ense ta and vice versa. Notice t at t e o ense ta is used ere as well as in
determinin w et er combat will occur.

en trade takes place, eac a ent contributes its excess tradin resource. xcess

is de ned to be t e amount of resource t at an a ent possesses above t at w ic is
required to replicate its enome, plus some reserves system parameters control ow
muc reserve an a ent retains . T us an a ent provides some fraction of t e resource
t at it does not need for t e next self reproduction. T is may be ero, in w ic case
an a ent does not provide anyt in int e trade. T is be avior is analo ous to a form
of deception or blu n . An a ent cannot know in advance if anot er a ent will supply
a positive quantity of a resource, or w at t at resource may be. T is may seem an odd
form of trade, but a ents can learn to reco ni e eac ot er based on t eir tradin
ta s. A ents w ose ta s tend to involve t em in disadvanta eous trades will tend to
reproduce less quickly and tend to ave smaller probabilities of bein able to meet
taxation demands.

A ents t at interact and do not en a e in combat may produce o sprin t rou
recombination. As in many enetic al orit ms, t e o sprin replace t e parents in
t e population. Sexual reproduction occurs between two a ents and  if nds



Agent 1 Agent 2

Mating = - Mating
Tag Tag

™ / \ Mating

Mating -
Condition Condition

Agent 1 is attracted to agents with a mating tag of CB

Agent 2 is attracted to agents with a mating tag of AA

Fi ure 3: A simpli ed view of t e two way ta and condition matc in t at is used by
a ents to determine w et er matin will occur.

acceptable and vice versa.  will nd  acceptable if eit er 1 s matin condition is
anon eropre xof smatin ta or bot s matin condition and s matin ta
are erolen t . T e restrictiontonon ero pre xesis desi ned to stop a ents wit  ero
len t matin conditions from rapid proliferation. Suc an a ent nds all ot er a ents
desirable includin copies of itself . To prevent t is, an a ent wit a erolen t matin
condition will only nd an a ent wit a erolen t matin ta acceptable. T isis a
sli  t departure from t e description of matin  ivenin . Fi ure 3 s ows a simpli ed
view of t e two way matc in process used to determine w et er matin will occur.

en sexual reproduction does occur, a form of two point crossover is employed.
T is is complicated by t e fact t at a ent enomes are variable len t . T us one can
¢ oose a crossover point in one a ent and nd t at t e same crossover point does not
exist in t e ot er a ent. it out oin into detail, two enes are selected to contain
crossover points. T ent e actual crossover points are ¢ osen in eac  enein eac a ent,
and t e crossover is performed. T e operation conserves resources i.e. resources are
not created or destroyed but t e ratio of enetic material from eac parent in eac of
t e c ildren will typically not be 50:50.

T ere are two forms of a ent movement in ¢ o: wit in a sin le site and between sites.
Intra site movement is t e result of an a ent a ent interaction. In eac of t ese, one
a ent is rst selected. A second a ent is t en selected in t e vicinity of t e rst. T e
rst a ent is moved next to t e second in t e one dimensional array of a ents at t e
site. If t e rst a ent would attack t e second, t e second may run away by movin a
small distance away in t e array. In bot cases, distances are likely to be small, wit
t e probability of a lar e distance bein used fallin o exponentially.
Inter site movement occurs if an a ent does not acquire any resources durin an
c o cycle eit er t rou pickin t em up, combat or trade . In t is case it will



mi rate to a nei borin site, selected at random from amon t ose permitted by t e
eo rap y of t e world.

peri enta es ts Spe ies n an e an ho

Int issection we present preliminary results comparin ¢ o populations wit previous
work on relative species abundance. ur overall oal is to con rm or discon rm t e

ypot esis t at ¢ o ex ibits many of t e same broad classes of be aviors as natural
ecolo ical systems. ecause ¢ oemp asi esevolution, a natural startin point int e
con rmation process is to ask w et er or not evolution in ¢ o produces distributions of
a ents t at are similar to or di erent from t ose observed in natural systems. Alt ou
we are still in t e early sta es of t is investi ation, our results to date are encoura in .

As we discussed earlier, it can be quite di cult to say w at t e individual com

ponents of a CAS model like ¢ o actually correspond to in t e modeled system. To
address t e question of species abundance, for example, we need to de ne exactly w at
we mean by a species. T e concept of species is not directly built into ¢ o, and t ere
are a number of ways in w ic species could be de ned. T e simplest of t ese is to sim
ply interpret individual ¢ o a ents as species. A second interpretation, per aps more
appealin , is to roup enetically related a ents to et er in species. In t e followin
we consider bot of t ese interpretations.

Suppose we took t e catc from a laden s in boat returnin to arbor and sorted
t e s accordin to species. at would t e distribution of s into species look
like T e answer, of course, will depend on many factors weat er, bait if any , t e
dept at w ic t e s were cau t,t e water temperature at t at dept , t e si e
of t e catc , and myriad ot ers.  xperiments of t is nature ave been performed
many times by biolo ists, wit samples of many si es drawn from taxa includin birds,
snakes, s , snails, lepidoptera, p ytoplankton, art ropods, mammals and many ot ers.
A eneral perspective on suc experiments is to consider t e ways in w ic t e
individuals t at are sampled can be partitioned to represent a typically unknown
number of  species. From a biolo ical perspective, t e interestin questions are: Does
t e distribution into species follow a pattern t at can be ¢ aracteri ed mat ematically
And if so, are t ere biolo ical t eories t at can account for t is pattern In many cases
it is possible to t mat ematical models of distribution to observed patterns and to ive
plausible biolo ical explanations for w y t ese patterns s ould arise. See, for example,
1,15, 1 ,17,18,19, 0, 1.

A commonly observed p enomenon, is t at t e vast ma ority of species in a sample
are made up of relatively few individuals. T e conditions under w ic distributions of
t 1is kind are seen include early successional communities, environments perturbed by
toxins or pollutants, and in appropriately si ed samples 18, . Relatively stable cli
max communities consistin of many species typically do not ex ibit t is qualitative
pattern.

In examples w eret is eneral pattern is seen, Preston s canonical lo normal distri
bution as often proved t e most accurate model,e. . 3. Preston 1 tookt e counts
for t e various species in observed data and rouped t em into a series of octaves.
T is was simply a base  lo arit mic roupin of t e species counts. His octaves
were labeled 1, 1 and so on. ctaves were plotted on t e axis and



t e counts of t e species in eac octave, a frequency of frequencies, was plotted on t e

axis. If a species count fell wit in octave boundaries, it counted 1 for t at octave. If

a count fell on t e boundary between octaves, as any count t at is a power of will ,
one alf was counted for t e nei borin octaves.

Preston plotted t ese species curves for a number of experiments, and found t at

t eir eneral s ape was well approximated by a aussian normal distribution of t e

form
w ere ist e number of species fallin intot e octave left or ri  t of t e modal
octave, ist e value of t e mode of t e distribution and is a constant, related to

t e lo arit mic standard deviation, to be determined from t e data 1
ecause it is not possible to observe less t an a sin le individual from a species in a
sample, t ese distributions were truncated on t e left at w at Preston called t e veil
line. As t e distribution of octave counts is reasonably approximated by a normal
distribution, t e ori inal species counts were postulated to come from a lo normal
distribution. In particular, Preston found t at t e value of t at was calculated for
t e experiments e examined tended to be in t e vicinity of 0 . T is averise tot e
canonical lo normal distribution of 19, 0. Int e canonical distribution t e eneral
lo normal distribution is reduced to a family of lo normal distributions dependent on a
sin le independent variable. T is relations ip makes it possible to form ood predictions
of species relative abundance iven only t e number of individuals or t e number of
species 19, 1.

T ere are a number of conditions under w ic Preston s canonical distribution mi t
be expected to arise, mentioned above. Alternative explanations for t e occurrence of
t is distribution ave also been advanced . T eseran e from ar uments t at suc
distributions are an artifact of t e Central imit T eorem, to simple statistical ar u
ments. en t ese do account for t e lo normal distribution, t ey fail to account for
t efactt at a wideran e of experimental data is is not only lo normal, but also is close
to Preston s canonical family of lo normal distributions. Su i ara 1 discusses t ese
attempts and presents a biolo ically plausible alternative t at enerates t e canonical
distributions.

In t is section we consider di erent roupin s of ¢ o a ents, any one of w ic could
be potentially considered a species in ¢ o. T is section does not provide details of
t evarious c¢ o worldst at ave been observed to produce t e e ects described. To a
lar e extent, t isis not necessary as t ese can be seen in a wide ran e of ¢ o worlds in
populations t at are of reasonable si e rou ly several undred a ents t at ave been
allowed to evolve for a reasonable number of iterations at least two undred cycles . In
all of t € wures of t is section, t e populations are taken from ¢ o worlds t at were
stopped after 1000 enerations. T e parameter settin s t at ave been eld constant
t rou outt eexperimentsreported int is section are summari ed in Table 1. Details
on t e precise meanin of t ese parameters are provided in 1
T ese e ects were also observed in earlier versions of t e pro ram in w ic sev

eral properties of t e model were sli  tly di erent. In fact, ¢ o a ents at one point
mana ed to nd and exploit a ole bu in t e function t at calculated t e points
a ents receive in combat. en exploited, t is typically results in an a ent becomin
relatively powerful and t at a ent and its o sprin  will tend to quickly dominate t e



Parameter alue

umber of esources
rading raction
nteraction raction
Self eplication raction
Self eplication hreshold
axation Probability
umber of Sites
utation Probability
Crossover Probability
andom Death Probability

Table 1: T e world and site parameters t at were eld constantt rou out t is section.
T ose above t e line are t e worldwide parameters. T ese parameters are described in

1

world. Nevert elesst ese a entsand t oset at found ways to survive, produced rap s
of ranked enome abundance t at were similar to t ose of t e corrected pro ram. All
of t is su estst at species abundance patterns in ¢ o are very robust.

T e simplest way to study relative abundance in ¢ o is to sort t e enomes by
t eir abundance, and to plot t ese by rank ont e axis and by number of individuals
ont e . T is was t e met od used by MacArt ur 17, 18 and t e data s own in
Fi ure are similar to is rap s. T is ure was produced by simply examinin t e
number of copies of individual enomes in t e population after 1000 enerations of an

C o run.

Takin t e population data from t e same ¢ o run and or ani in it into octaves
usin  t e met od described by Preston 1 results in Fi ure 5. T is  ure bears a
stron resemblance to t ose of Preston, especially t ose in w ic t e veil line is close
tot e mode of t e distribution. It is clear t at t e ¢ aracter of enome abundances in

¢ o populations tends to follow t e eneral patterns found in some biolo ical systems.
T e question is ow close is t e correspondence.

T ere are two important aspects of t is correspondence: 1 ow ¢ o a ents are

rouped into species, and ow t eresult is sampled. In ¢ o,t ereisno

roupin , one as to be de ned. e ave already seen t e simplest case, in w ic
eac  enome is considered a roup, and t at t is ives rise to rap s t at resemble
t ose of biolo ical systems. e ave considered several possible strate ies for roupin |,
includin clusterin based on enetic distance e.

., see Fi ure clusterin  based on

bl
functional properties a ents t at act alike are rouped to et er , and clusterin s based
on evolutionary istory a ents t at evolved to et er are rouped to et er . Here,
we examine roupin s based on enetic distances, and we use a simplistic met od of
decidin w ere to impose species boundaries between clusters.

T e second dimension is of reat importance in bot biolo ical systems and in

c o. Sample si e and location can completely determine w et er distributions suc

as t ose s own will appear. T is as been mentioned in virtually every work cited
in t is section. It may be t e case t at a very lar e sample does not ex ibit certain
properties, but if t at sample is divided into a set of smaller samples at random, t en
eac of t e smaller samples will s ow t e 1 ly skewed distribution. T e locality
from w ic t e sample is drawn will also ave a reat a ect since most species s ow
considerable variation in relative density over t eir entire ran e of abitats. T us even



Abundance by Rank

Q 200
s i
e
5
5 100-
< il
I I |||||||| I |||||||| I ||||||||
1E0 1E1 1E2 1E3
Rank
Fi ure : An example of t e abundance of ¢ o enomes in a population after 1000

cycles. Abundances are ranked from commonest left to rarest ri t , wit t e actual
abundance ivenont e axis. T e mnal population contained 03 di erent enomes.
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Fi ure 5: T e population data from Fi ure or ani ed into octaves accordin to t e
met od of Preston 1
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Fi ure : A fra ment of a cluster analysis of ¢ o a ents based on enetic distance.

if all species contained exactly t e same number of individuals, t is variation could
produce a skewed distribution if t e sample si e were small relative to t e total number
of individuals.

In Fi ures and 5t ere is no roupin and no samplin . As a result, all curves
for ¢ o derived in t e met od of Preston will ave a mode of one, since every sin le
individual is present in t e data and t ere is reat variation at t e level of individual

enomes. Suc samplin is rare but not un eard of in biolo ical systems.

Usin t e minimal number of mutations required to transform one a ent into anot er
as a distance metric, we used a ierarc ical clusterin al orit m to clustert e enomes
of populations. At eac iteration, t e clusterin al orit m locates t e two clusters at
minimum distance and combines t em. y imposin a maximum on t is distance, t e
al orit m can be restricted from proceedin all t e way to a sin le iant cluster. e
t en consider eac of t e clusterst at as been formed to represent a species. ent e
limit is reac ed, any a ents t at ave not been included in a cluster will be considered
sin letons t e sole representatives of a species. Table s ows t e number of species
t at are produced from t ree bounded clusterin s of t ree example ¢ o runs.

Fi ure 7 plots an example of t e data in Table . T e curve was obtained from t e
experiment in w ic t e site produced 300 units of eac resource in every c¢ o cycle.
Here t e clusterin al orit m was prevented from combinin clusters wit an avera e
distance of reater t an 0. T is can be compared to Fi ure 8 w ic s ows exactly
t e same experiment i.e. started wit t e same random seed but wit t e clusterin
limit set to 10. T ere are several di erences between t e rap st at are not di cult
to account for. T e rst as a lar er number of octaves expressed, w ic is a direct
result of roupin a ents into fewer cate ories 1 0 species as opposed ,as s own by
Table . n avera e, cate ories will tend to be lar er and t us more octaves will be
represented. T e ei tsoft emodesoft etwo uresalso di er considerably. T isis
to be expected sincet e 1 er clusterin distance limit will at er more sin letons into
clusters before altin . T is results in far fewer species fallin into t e lower octaves.
T e rst ure, wit t e 1 er clusterin limit, more closely resembles t e  ures



Cluster esource otal on-singleton on-singleton | Singleton
limit level species agents species species

Table : T e number of species resultin from di erent boundin conditions on enetic
clusterin of ¢ o a ents. T e experiments all consider t e same world wit di erin
resource levels provided by t e site. T e si es of t e nal populations in t e t ree
experiments were: 1191, 388 and 3509.

Preston Species Curve
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Fi ure 7: T e species curve resultin from enetic clusterin of 3509 ¢ o a ents.
Clusterin was restricted to distance 0 or less.
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Fi ure 8: T e species curve resultin from enetic clusterin of 3509 ¢ o a ents.
Clusterin was restricted to distance 10 or less.

found in 1 . T e clusterin met od, in all t e cases examined, reduces t e ei t of
t e mode of t e species curve si ni cantly.

e tried a simple samplin met od results not s own , w ic does not appear to
produce any ¢ an e in distributions. In it, eac a ent int e population is sampled wit
some xed probability. However, we expect t at samplin based on ¢ os eo rap y
will produce marked ¢ an es.

on sion

ur preliminary work on species abundance is encoura in , and t ere are several direc
tions in w ic we plan to extend it. T ese include decidin  ow to limit t e clusterin
al orit m based on population si e examinin ot er met ods for roupin , in particu
lar clusterin based on a ent be avior and evolutionary istory investi atin samplin
met ods and nally, ttin ¢ o data obtained from di erent ¢ oices of roupin and
samplin to t at of t e various models of relative species abundance. T ese directions
are not independent. T e extent to w ic ¢ o data will t existin work on species
abundance will, as described above, depend on ow species are delineated in t e model
and on ow populations are examined. ivent e tendency for t is qualitative be avior
to be present in several di erent versions of ¢ o, it seems likely t at t ere will be no
sin le correct answer. Rat er, we expect to identify some perspectives on ¢ ot at
are most appropriate for modelin biolo ical ecolo ies.
xaminin species abundance is our rst formal step in t e validation of ¢ o.
Informally, a number of interestin p enomena ave also been reported, suc as t e
evolution of arms races. T issu estst at ¢ ois quitearic system. urapproac
to validatin ¢ o as an ecolo ical model is to perform a series of small experiments,
eac of w ic is desi ned to explore one aspect of ¢ os be avior. If t e system
performs realistically on t is set of experiments, we will ave muc more con dence in
¢ o s relevance to real world systems. e believe t at suc a validation will increase



t e con dence wit w ic t e model can be applied.

It will be a lon time before models like ¢ o can be used to provide quantitative
answers to many questions re ardin CAS. A more realistic oal ist at t ese systems
mi t be used to explore t e ran e of possible outcomes of particular decisions and
to su est w ere to look in real systems for relevant features. T e ope is t at by
usin  suc models, people can develop deep intuitions about sensitivities and ot er
properties of t eir particular worlds. Hi  level knowled e of t is kind could be very
valuable. In many CAS, a small increment in intuition would translate into lar e ains.
For example, even a very small increment in our intuitions about t e likely be avior
of some aspect of t e economy or environment could be used to reat e ect. e view

c o as an early step in t e buildin of CAS models. T e process of validatin suc
models is a dauntin task. e opet at by examinin carefully t e model s be avior
we will learn lessons t at are also valuable to t e development of future models wit
similar aims.
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