
Is Echo a Complex Adaptive System?Richard M. SmithBinghamton UniversityPO Box 6000Binghamton, NY 13902 USArmsmith@binghamton.edu Mark A. BedauReed College3203 SE Woodstock Blvd.Portland, OR 97202 USAmab@reed.edu, http://www.reed.edu/~mabWe evaluate whether John Holland's Echo model exempli�es his theory of complexadaptive systems. After reviewing Holland's theory of complex adaptive systems anddescribing his Echo model, we describe and explain the characteristic evolutionarybehavior observed in a series of Echo model runs. We conclude that Echo lacks thediversity of hierarchically organized aggregates that typify complex adaptive systems,and we explore possible explanations for this failure.Echo, John Holland, complex adaptive systems, arti�cial life, genetic algorithms.1 IntroductionIn the second edition of Adaptation in Natural and Arti�cial Systems (ANAS) JohnHolland situates his book within a general attempt to understand complex adaptivesystems (CAS). He makes it clear that, from the beginning, he has sought to under-stand general principles that apply across a wide variety of adaptive systems, and wesee Holland in ANAS drawing upon �elds as diverse as genetics, economics, and neuro-physiology [Holland, 1992, pp. 32-65]. It is in this context of a general understandingof CAS that Echo was initially conceived.Holland's original impetus for creating Echo was a request fromMurray Gell-Mannto produce a model that would illustrate the creation of complex structures by naturalselection [Holland, 1995, pp. 94-95]. Echo shares many features with the mathemat-ical framework laid out in ANAS, but it is not merely an implementation of ANAS'smathematical framework of schema and optimal trial allocation. Commenting upon therelationship between Echo and classi�er systems (a mathematical re�nement of ANAS's\broadcast languages"), Holland states,Echo and classi�er systems are similar in many ways. The conditions em-ployed by an agent in Echo are quite similar to the condition/action rules ofa classi�er system. However, the actions in Echo (combat, trading, mating)are much more concrete than the rule-activating messages used by a classi�ersystem. They are much easier to interpret when one is trying to understandaspects of distributed control and emergent computation in complex adaptivesystems [Holland, 1992, p. 195].The outline of a general theory of CAS is already evident in the original editionof ANAS, and it is fairly well developed in the recent work described in the secondc
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SMITH AND BEDAUedition [Holland, 1992, pp. 184-186]. But it's most sustained presentation is in HiddenOrder: How Adaptation Builds Complexity, Holland's 1995 book based on his talks givenfor the inaugural Ulam Lectures at the Santa Fe Institute. Here Holland enumeratesa list of seven organizational principles and behaviors that he sees as central to allcomplex adaptive systems. The seven basics of CAS are broken down into four properties(aggregation, nonlinearity, resource 
ows, and diversity) and three mechanisms (tags,internal models, and building blocks) [Holland, 1995, pp. 10-37]. Holland created Echoto support the development of this general theory of CAS. Here Echo plays the role ofthe gedanken experiment in physics. By implementing various aspects of the generaltheory, Echo provides a framework within which some of the logical consequences of thetheory can be explored. Holland says, \By looking for pervasive phenomena in thesegedanken experiments, we can study complex adaptive systems with a new version ofthe classic hypothesize-test-revise cycle" [Holland, 1992, p. 196]. Evaluating Echo is away to assess the general theory.In this paper we will:� situate Echo within the context of Holland's work on adaptive systems in generalwith a brief overview of Holland's general theory of CAS;� provide an updated working description of the most recent implementation of Echo(which has changed somewhat from the original);� present extensive experimental data from Echo at both macro (population) andmicro (individual genomes) levels;� explore possible explanations for discrepancies observed between Echo and Hol-land's theory of CAS.This last topic ful�lls Holland's ambition that Echo might be used in the classichypothesize-test-revise cycle. We applaud this ambition (see [Bedau, 1995]) and try toapply it here.2 Holland's Theory of Complex Adaptive SystemsHolland's general theory of complex adaptive systems can be summarized in terms offour properties and three mechanisms that Holland thinks all CAS share:� Aggregation (Property): This property captures the hierarchical organization thatis so striking in CAS. Bodies are made of cells. Economies are made of individuals.In CAS we often see the formation of more complexmeta-agents built up of simpleragents. To quote Holland: \Aggregation ... is indeed a basic characteristic of allCAS, and the emergent phenomena that result are the most enigmatic aspect ofCAS" [Holland, 1995, p. 12].� Tagging (Mechanism): Tags are \external" characteristics of agents that can berecognized by other agents. They facilitate selective interactions and the formationof aggregates and boundaries by allowing agents to identify and categorize eachother.� Nonlinearities (Property): CAS exhibit nonlinear behavior, so it is very di�cult topredict their behavior. In particular, aggregate behaviors can not be easily analyzedinto the separate behaviors of component variables via the simple operations ofsumming and averaging.2 Evolutionary Computation Volume 7, Number 1



IS ECHO A COMPLEX ADAPTIVE SYSTEM� Flows of Resources (Property): Another striking characteristic of CAS is that re-sources continually 
ow through the system|the familiar `open-system' or `matter-energy throughput' of CAS. Often CAS maintain their identity as higher-level en-tities in spite of the perpetual turnover of their constituent components. Cells areconstantly replenished in the body. People come and go in an economy.� Diversity (Property): Populations in CAS are diverse and tend to operate far fromequilibrium. To quote Holland: \It should be evident then that we will not �ndCAS settling to a few highly adapted types that exploit all opportunities. Perpetualnovelty is the hallmark of CAS" [Holland, 1995, p. 31].� Internal Models (Mechanism): CAS form internal models which allow them topredict and anticipate their environment. These internal models are generally oftwo types: Tacit models prescribe a current action under an implicit prediction ofsome desired future state, such as when bacteria follow chemical gradients. Overtmodels are used as a basis for explicit, but internal, explorations of alternativebehaviors, e.g., lookahead in chess. In both types of models the organism's chancesof survival are enhanced by the prediction.� Building Blocks (Mechanism): Building blocks play several roles in CAS. Oftentimes physical construction of CAS involves lower level building blocks in the senseof aggregation described above. CAS also use building blocks to help navigatetheir environment and generate internal models. CAS tend to decompose theirenvironment by clustering together similar objects and ignoring unnecessary details.Then actions are taken based upon these higher level categories, e.g., friend or foe.According to Holland, these seven attributes are the essential attributes of complexadaptive systems. Furthermore, these are the attributes that Holland aims to capturein the Echo model. With this in mind, we now will take a closer look at Echo itself.3 The Echo ModelIt is important to note that Echo is really a family of models as opposed to a sin-gle model. The original version was implemented by Terry Jones at the Santa FeInstitute [Jones and Forrest, 1993], and it has undergone a variety of revisions sincethen. The present work was performed using Echo version 1.3 beta 2 in a UNIXenvironment. This version, prepared by Simon Fraser while maintaining Echo atthe Santa Fe Institute, includes a number of simpli�cations of the original version.The graphical interface was disabled, the determination of the outcome of a combatinteraction was simpli�ed, and a number of new data collection tools were added.The source code and additional information on this version of Echo can be found athttp://www.santafe.edu/projects/echo/#research. In this section we present a detailedsummary of Echo version 1.3 beta 2. Our decision to study this particular version ofEcho was based solely on the fact that it was the most current available version at thetime that this study was undertaken. Fraser describes the motivation for the revisionsin literature available at the Echo web site mentioned earlier.There are three levels of parameter-de�ned structures in Echo: the world, sites,and agents. Each of these structures and the parameters that de�ne them are discussedin detail below. Sample parameter �les for each of the three structures can be found inthe Appendix.Evolutionary Computation Volume 7, Number 1 3



SMITH AND BEDAU3.1 WorldsAn Echo world is a square toroidal lattice of sites. Each site can have di�erent charac-teristics. World parameters are universal in the sense that they constrain all sites andall agents. World parameters control the following properties: the percentage of thepopulation that will be selected for possible interactions in a given cycle; the amount ofexcess resources an agent must have accumulated in order to reproduce; what percent-age of an agent's resources will be given to its o�spring; the neighborhood relationshipon the world; how many sites the world contains; and how many distinct kinds of re-sources are available in the world. Each type of resource in the world is represented by adi�erent letter of the alphabet (e.g., a, b, c, and d for a four resource world). The worldparameters also specify the payo� matrix for combat interactions, but in the versionof Echo studied here, the outcome of combat interactions is determined by a simpleHamming distance calculation. The combat interaction is discussed in detail in section3.4. Finally, the world parameters determine how many of which type of sites the worldcontains.3.2 SitesAs mentioned above, the parameters for di�erent sites in a given world can di�er.The parameters for a given site include the probability of mutation; the probability ofinsertion/deletion; the probability of cross-over; the probability of random death; theinitial resource levels; how many and which resources are produced per model cycle;and the maximum resources that can accumulate at the site. Each of the parametersfor resource availability must be set for each of the world's resources. Finally, the siteparameters specify how many of which types of agents initially populate the site.3.3 AgentsAn Echo agent is de�ned by a \chromosome" that consists of a collection of arbitrarylength sub-strings. Each sub-string is made up of the letters of the alphabet thatrepresent the available resources in the world (e.g., \bbdcb"). The sub-strings of thechromosome each de�ne a distinct characteristic of the agent. These characteristics fallinto four classes: tags, conditions, uptake masks, and traded resource.Tags and conditions determine the outcome of the three types of interactions be-tween agents: combat, trade, and mating. Whether two agents interact and, if so,what type of interaction they have is determined by comparing tags and conditions. Astring match of the appropriate tag and condition allows the interaction to take place.Tags are external in the sense that they represent information that is available to otheragents. There are four tags: interaction tags, mating tags, o�ense tags, and defensetags. Conditions, on the other hand, are not accessible by other agents. There are threecondition strings, one each for combat, mating, and trading. How each of these stringsa�ects the outcome of the various interactions is discussed in the \Model Interactions"section below. The existence of external tags and internal conditions is one of Echo'scritical features. Tags and conditions allow for complex (e.g., non-transitive) relation-ships to exist between the agents. They are also central to one of the features Hollandhas stressed about Echo [Holland, 1992, p. 195]: its endogenous �tness function, i.e., a�tness function that is an emergent property of the environment and the other agents(a feature perhaps �rst emphasized by Norman Packard (1989) ).An agent has an uptake mask for each of the available resources in the world. Anagent's facility at collecting a particular resource from the environment is determined4 Evolutionary Computation Volume 7, Number 1



IS ECHO A COMPLEX ADAPTIVE SYSTEMby the length of the uptake mask for the given resource. How much of each resource anagent is able to take up is determined by the length of the substring corresponding tothe given resource, with longer strings indicating greater facility. The particular lettersthat compose the uptake mask are irrelevant. Finally, the last sub-string of each agentis a single letter called the \traded resource." It determines what resource the agentwill trade in a trading interaction.A sample agent chromosome from a four resource world is given below (IT is theinteraction tag, MT is the mating tag, OT is the o�ense tag, DT is the defense tag, CCis the combat condition, TC is the trading condition, MC is the mating condition, UMathrough UMd are the uptake masks, and TR is the traded resource):IT MT OT DT CC TC MC UMa UMb UMc UMd TRdba bb cca db ddc aa bbc b ddc cca bNote the possibility of zero length strings as in the defense tag above. In addition to achromosome, each agent has a reservoir in which it stores resources that it acquires viainteractions and foraging.3.4 Agent InteractionsIn a given cycle of an Echo world agents are selected at random to participate in inter-actions. If the interaction fraction parameter in the world �le is set to 0:5 and thereare 100 agents in the world then 50 of the agents will be selected to interact. For eachof these agents, a second agent is selected from the population at random. These twoagents then compare tags and conditions to determine what, if any, interactions theywill have. They are tested in sequence for combat, trading, and mating.The combat interaction takes place if the combat condition of one agent is a pre�x ofthe other agent's interaction tag. Combat only requires a one-way match. The outcomeof a combat interaction is, at present, determined by a Hamming distance calculationbetween the o�ense tag of one agent and the defense tag of the other agent (in bothdirections). The Hamming distance is equal to the number of points at which the twostrings di�er. Both of these tags are visible to each of the agents. They know the likelyoutcome of a �ght in advance. If one agent's o�ense tag is similar enough to anotheragent's defense tag, then the former agent is more likely to prevail. Extra points aregiven to either agent for having the longer tag. Once these calculations have been madethe outcome of the battle is determined probabilistically. Each agent is given a chanceto 
ee (which it does with a probability equivalent to the probability of it losing in thecombat encounter).Mating and trading interactions both require two-way matches. The mating inter-action takes place if the mating conditions of both agents are pre�xes of each other'smating tags. The result of a successful mating interaction is more analogous to thetypes of genetic exchange seen in bacteria as opposed to sexual reproduction. The twoparticipating agents exchange genetic material via crossover (at a random point in thechromosome) and replace their \parents" in the population. Trading takes place if thereis a pre�x match between the trading condition of the �rst agent and the interactiontag of the other agent and vice versa. A trading interaction between two agents resultsin each agent transferring the excess of its traded resource (the amount of resources inthe agent's reservoir over and above what it needs for reproduction) to the other agent.Agents that have acquired enough resources in their reservoir to copy their chro-mosome (as determined by the self replication threshold parameter in the world �le) areEvolutionary Computation Volume 7, Number 1 5



SMITH AND BEDAUable to reproduce asexually. Asexual reproduction is subject to a probability of muta-tion which is normally a point mutation but can also be further subject to a probabilityof mutation by crossover or insertion-deletion within the parent chromosome. As a partof asexual reproduction, parents give a �xed percentage of the resources remaining intheir reservoir to their o�spring. It is mutation together with the selection pressure dueto competition for resources that drives the evolution of Echo agents. Agents acquireresources via foraging, �ghting, and trading. Agents lose resources via a �xed metabolictax, trading, and asexual reproduction.An illustrative example of interacting agents was created by Holland based on athree way ecology given by H�olldobler and Wilson (1990) . The ecology consists of ants,caterpillars, and parasitic 
ies. In this ecology the 
ies are parasites on the caterpillars.The ants bene�t the caterpillars by attacking the 
ies and in turn are rewarded bycollecting honeydew which the caterpillars excrete from their skin. Agent parametersfor the caterpillar, ant, and 
y ecology are given below (asterisks represent wild cards).Name cat ant 
yInit Rsrv 10 10 10 10 10 10 10 10 10 10 10 10Trad Rsrc b a cUptk Msk * * * * * * * * * * * *Interac Tag d b aO�ense Tag d b aDefense Tag a b bMating Tag a a aComb Cond c a dTrade Cond b d cMate Cond b b bNote the following relationships: The caterpillar trading condition is a pre�x match ofthe ant interaction tag and vice versa. Thus a caterpillar and ant will trade with eachother. The 
y combat condition is a pre�x match with the caterpillar interaction tag.Thus the 
y will initiate combat with the caterpillar. Also, the 
y o�ense tag matchesthe caterpillar defense tag making the match `close' in the sense of Hamming distanceand thus giving the 
y the upper hand in a �ght. On the other hand the caterpillaro�ense string is not `close' to the 
y defense string. A similar relationship holds betweenthe ant and 
y (ant attacks 
y). Finally note that the ant chromosome consists of manyb's thus making b a valuable resource to the ant. The caterpillar trading resource isb so when ant and caterpillar trade the ant receives the excess b's in the caterpillar'sreservoir. This helps the ant acquire the particular resources it needs to replicate.3.5 The Model CycleOne time step in the Echo model consists of the following cycle of events: A proportion ofthe agents are selected to undergo interactions and the interactions take place. Resourcesat a site are distributed to those agents that can accept them (according to their uptakemasks). Agents are taxed probabilistically. Some agents are randomly killed (if there is anon-zero probability of random death) and their resources returned to the environment.Agents that have not collected resources migrate to a randomly chosen neighboring site(in multi-site worlds). Finally, agents that have acquired su�cient resources reproduceasexually. The this paper we will sometimes refer to one Echo time step as a \generation"6 Evolutionary Computation Volume 7, Number 1



IS ECHO A COMPLEX ADAPTIVE SYSTEMeven though there is no guarantee that any agents will reproduce or die during a givenmodel cycle.4 Description of Echo's BehaviorWe have generated thousands of Echo runs, many of them for as long as 106 generations.Here we describe a particular set of runs in which we varied the mutation rate, but ourpresent goal is not to study the e�ect of mutation rate; instead, we want to identify andexplain the characteristic kinds of evolutionary dynamics exhibited by Echo.The runs described here all use the \simple" parameters given in the Appendix.With the exception of their initial resource levels, all agents in the initial populationhave randomly chosen chromosomes (as indicated by the wildcard characters in theagent parameters). The only parameter that varies from run to run is the probability ofmutation|a site parameter. In this section we analyze several runs and identify theirrobust evolutionary dynamics. Section 5 explains those characteristic dynamics.We generated many Echo runs at each of six di�erent mutation probabilities:0.00001, 0.0001, 0.001, 0.005, 0.01, and 0.05. (Populations with signi�cantly highermutation probabilities tended not to survive.) Each run lasted 105 generations. Ourstory about Echo is told through a detailed analysis of one characteristic run at �ve ofthese mutation probabilities.Studies like ours must choose an evolutionary unit upon which to focus attention.Should we focus on the whole population? the genomes within it? each individualagent? something else? Should similar genomes be considered a single evolutionaryunit, i.e., be regarded as a species? In this study we choose to focus on genomes forpurely pragmatic reasons: it explains the observed behavior.Many agents can share a given genome. A given genome exists for as long as thereare agents possessing that genome. We consider genomes to be signi�cant if they persistin the population for a long time or if a large number of agents possess them. We presentboth macro-level and micro-level dynamics. Macro-level data are typically time series ofagent population levels and genome diversities (i.e., number of extant genomes), thoughsometimes we also show the frequency of the various interactions and the presence ofthe di�erent resources in the agent's reservoirs. Micro-level data typically are lists ofall the signi�cant genomes in the population. The genomes in such lists are presentedin the following form:Born it mt ot dt cc tc mc a b c d tr #tr Die13476 c c a ac d c a cba a b c a 6 34000This representation indicates the generation in which the agent was born, the com-ponents of the chromosome (interaction tag through traded resource |see Section 3.3for an explanation of the components), the number of traded resources in the agent'sgenome, and the generation in which the genome died (rounded down to the nearestthousand). As will become clear below, in most cases the next to last entry|the num-ber of traded resources in the genome (indicated by \#tr")|turns out to be a genome'smost signi�cant feature. We use the convention of naming a genome with the generationnumber at which it arose; thus the genome shown above is g13476. Although this wouldcreate an ambiguity if multiple genomes arose in a single generation, in practice thisnever happens.Evolutionary Computation Volume 7, Number 1 7
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yFigure 1: Population (total number of agents) and variety (number of distinct genomes)plots for run with probability of mutation equal to 0.00014.1 Probability of Mutation 0.0001We will describe this �rst run in considerable detail since it illustrates many recurringthemes especially clearly. The population graph (Fig. 4.1) shows three distinct epochsin the population levels. The variety graph (Fig. 4.1) shows that usually one or twogenomes exhaust the population, though sometimes as many as four distinct genomesexist at once. The signi�cant genomes in this run are listed here:Born it mt ot dt cc tc mc a b c d tr #tr Die0 a d c b c a b c a d d a 4 80001121 a b c b c a b c a d d a 4 80007135 a b c a c a b c a d d a 5 3000022592 a b c a c a b c a d a a 6 10000035352 a b c a c a b b a d a a 6 4300054248 a b c a c a b c a c a a 6 58000Micro-analysis reveals the following story. By generation 2,000 we have a two-genome ecology of g0 and g1121. Both genomes trade with themselves and with oneanother, and both share the same traded resource|a. Genome g1121 di�ers from g0at the mating tag. In principle, this could be a signi�cant mutation since it enablesagents with genome g1121 to mate with each other, but interaction statistics show thatno mating actually happens and the ability to mate is no advantage if mating neveroccurs. As it happens, rampant trading activity blocks mating; agents are tested fortrading before being tested for mating and they cannot mate if they trade. So, genomesg0 and g1121 coexist through generation 8,000, with genome g1121 tending to have bemore populous (presumably through random genetic drift).8 Evolutionary Computation Volume 7, Number 1



IS ECHO A COMPLEX ADAPTIVE SYSTEMAt generation 8,000 we meet genome g7135. Genome g7135 is a mutation of g1121,with a defense tag of a instead of d. As it happens, this mutation is actually irrelevantto combat since combat never occurs in this population. But the mutation is quitesigni�cant because it increases the presence of the population's traded resource (a) ing7135's genome. We will see this this kind of innovation occur in every single Echorun, usually many times. Genome g7135 has 5 a's as opposed to 4 in g0 and g1121,and genome g7135 has taken over the population by generation 9,000 when genomes g0and g1121 go extinct. Note also that it is at about this point that the population levelmakes it's �rst signi�cant jump. Again and again we will see such population levelsjumps occurring when the population is taken over by a new genome with more of thetraded resource.Genome g7135 is joined at generation 23,000 by genome g22592. Genome g22592di�ers from g7135 at the uptake mask for resource d. This mutation is not a functionaladvantage for g22592 since only the length of an uptake mask a�ects a genome's capacityto gather a given resource, and the d uptake mask is the same length for both g7135 andg22592. However, the mutation puts another copy of the traded resource (a) in genomeg22592, and by generation 31,000 genome g22592 has taken over the population. Notethe increase in the population level at the demise of genome g7135.Genomes g35352 and g54248 join g22592 for a period of time at di�erent points inthe run. Genome g35352 di�ers from g22592 in the a uptake mask and g54248 di�ersfrom g22592 in the b uptake mask. As mentioned before, these are both neutral muta-tions from a resource collecting perspective and neither increases the traded resource inthe genome.This run illustrates several important themes. First, all of the signi�cant genotypestrade the same resource. Second, mutations which increase the traded resource in agenome tend to take over the population, though not immediately. Third, when thenew genome does take over the population, the population level distinctly increases;i.e., the genome containing more of the traded resource supports a larger population ofagents.4.2 Probability of Mutation 0.001The following list of signi�cant genomes shows that the same themes are repeated whenthe mutation rate is increased an order of magnitude.Born it mt ot dt cc tc mc a b c d tr #tr Die2022 a b a b c a c b d a d d 3 50003775 a b a b d a c b d a d d 4 110009853 a b d b d a c b d a d d 5 3300028027 a b d b d a c b d d d d 6 8200057028 a d d b d a c b d d d d 7 100000All of the genomes trade d's, and each mutation increases the number of d's. Notethe new d's, highlighted in bold, and note the steadily increasing representation of thetraded resource shown in the column #tr. Note that none of the mutations result in afunctional di�erence for the genome since they don't create any new interactions, a�ectthe outcome of an interaction, or increase the genomes ability to gather resources.The �rst genome to get a foothold is g2022. It has 3 d's in its genome. It is displacedby g3775 which has 4 d's. Genome g3775 is displaced by g9853 which has 5 d's. We seeEvolutionary Computation Volume 7, Number 1 9
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yFigure 2: Population (total number of agents) and variety (number of distinct genomes)plots for run with probability of mutation equal to 0.001a jump in the population level when g3775 goes extinct at generation 11,000 (Fig. 4.2).Genome g9853 is overtaken by g28027 which has 6 d's. There is a corresponding jumpin the population level upon the demise of g9853 at generation 33,000. Finally, g57028takes over from g28027, but not before the two coexist for over 24,000 generations. Thepopulation level jumps up when g28027 perishes.Increasing the mutation rate increases the diversity in the population (Fig. 4.2),as expected. But other than that, the evolutionary dynamics in this run are essentiallylike those in the previous run.4.3 Probability of Mutation 0.005With the increase in the mutation probability, we see the expected increase in genomicvariety (Fig. 4.3), though the population levels are not signi�cantly changed. What ismost interesting about this run is that the now familiar trading succession is interruptedby a second typical evolutionary dynamic in Echo|a \combat spikes," which is a briefproliferation of �ghting agents that decimate a trading ecology. The sharp drop in thepopulation level at generation 45,000 is caused by such a combat spike. These are thesigni�cant genomes before the combat spike:Born it mt ot dt cc tc mc a b c d tr #tr Die1074 a b d b c a d b d d d d 6 100001145 a b d b c a a d d d d d 6 90002160 a b d b d a d b d d d d 7 320002397 a d d b c a d b d d d d 7 1900016866 a d d b d a d b d d d d 8 4300021056 a b d d d a d b d d d d 8 4300030596 a d d b d a d a d d d d 8 4300010 Evolutionary Computation Volume 7, Number 1



IS ECHO A COMPLEX ADAPTIVE SYSTEM
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yFigure 3: Population (total number of agents) and variety (number of distinct genomes)plots for run with probability of mutation equal to 0.00530749 a d d d d a d b d d d d 9 43000Genomes g1074, g1145, g2160, and g2397 are the �rst genomes to get a foothold, andthey all trade d's. Genomes g2160 and g2397 outlive g1074 and g1145. Genome g2160persists through generation 32,000 and is superseded by the ecology of g16866, g21056,g30596, and g30749. Note the steadily increasing representation of the traded resourcein these genomes (the #tr column). This group persists through generation 43,000, atwhich point the whole ecology is brought down by a burst of combat.At generation 44,000, during the period of combat, the following are the mostpersistent and populous genomes:Born it mt ot dt cc tc mc a b c d tr #tr Die43980 d b a a d a c c d c a d 4 4400043989 d b a a d a c b d c a d 4 4400043994 d b c a d a c c d c a d 4 4400043996 d b a a d a c c d c c d 4 44000Note that all of the genomes can �ght one another and that none of them exist formore than 20 generations. They are all gone by generation 44,000. This is typicalof combat spikes. When combat is a signi�cant feature of the landscape no genomecan get a foothold. The combat is brief. It covers the period from 43,600 to 44,200.Once it ceases the demolished population begins to rebuild and a new trading ecologyemerges doing their business in c's. This trading ecology gradually builds throughoutthe remainder of the run, as the list of signi�cant genomes below shows:Evolutionary Computation Volume 7, Number 1 11
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yFigure 4: Population (total number of agents) and variety (number of distinct genomes)plots for run with probability of mutation equal to 0.01Born it mt ot dt cc tc mc a b c d tr #tr Die44260 d b b a a b c c d c a d 3 4800047722 b d b a a b c c d c a c 4 5100049809 b d b a a b c c c c a c 5 5300050708 b d c a a b c c d c a c 5 6200051761 b d c d a b c c d c a c 5 6200053929 b d c c a b c c d c a c 6 7900066276 b d c c a b c c d c c c 7 10000070124 b d c c a b c c c c a c 7 8500073228 b d c c c b c c d c a c 7 9200079594 b d c c c b c c c c a c 8 10000080255 b b c c a b c c c c a c 7 1000004.4 Probability of Mutation 0.01Another increase in the probability of mutation simply increases the frequency of thepatterns we have already seen. In this run we see seven cycles of trading populationsdestroyed by combat spikes, occurring at generations 5800, 9400, 10700, 15100, 28300,31700, and 49200 (Fig. 4.4). The longest bout of combat lasts for 400 generations.After the last combat spike a genome with a 2-character combat condition arises. Thismakes the population less susceptible to combat spikes, for combat can occur only ifthe combat condition pre�x matches the interaction tag but the interaction tag is onlyone character long. Thus the population stabilizes and repeats the familiar pattern asindicated by the genomes below:Born it mt ot dt cc tc mc a b c d tr #tr Die12 Evolutionary Computation Volume 7, Number 1



IS ECHO A COMPLEX ADAPTIVE SYSTEM50212 b b dacc dad d b d c d d c d 8 6700050810 b d dacc dad cd b d c a d c d 8 6200050937 b b dacc dad cd b d c d d c d 8 6100051089 b b dacc dad cd b d c a d d d 8 6700051526 b b dacc dad cd b d b a d d d 8 6700054321 b b dbcc dad dd b d c d d c d 9 7100054631 b d dacc dad cd b d c d d c d 9 7200055858 b d dacc dbd cd b d c d d c d 9 7800055979 b b dacc dad dd b d c a d d d 9 9800057325 b b dacc dad cd b d c d d d d 9 7200058722 b b dacc ddd cd b d d a d b d 9 9800059150 b b dadc dad cd b d b a d d d 9 9600060714 b b dacc dad cd b d b d d d d 9 8900061400 b b dacc dad d b d c d d d d 9 8800063853 b d dacc dad cd b d b a d d d 9 9700064593 b b dacc dad dd b d d a d c d 9 8700064714 b d dacc dad cd b d c d d d d 10 10000068678 b b dacc dad dd b d b d d d d 10 100000We can see a sort of arms race occurring in the o�ense and defense tags. The long tagsattained their �nal lengths by generation 30,000. These tags are used to determine theoutcome of a combat interaction as discussed in Section 3.4. Extra points are awardedin the payo� calculation for the longer tag.4.5 Probability of Mutation 0.05The last run we analyze begins with a period of sustained combat and trading. Combatand trading alternate and even coexist up through roughly generation 4,000. At thispoint genomes with a zero length interaction tag take over. A zero length interactiontag can only be matched by a zero length condition. Thus trading and combat do nottake place during this period. No genome seems to get a foothold in this interactionlessenvironment. At any given time slice the oldest genome has usually not been aroundfor more than 500 generations. Eventually, at generation 21,000, the population evolvesgenomes with a zero length trading condition and the familiar pattern resumes (seeFig. 4.5). Sample genomes from throughout the run are given below:Born it mt ot dt cc tc mc a b c d tr #tr Die943 d a ac ca a d d c b c d a 5 10001888 d a bb ac d c c a b da c d 4 20003887 b c bd abda d b b d dba ba c b 8 40008780 b dc ac d c a d bcb ba d a 4 900013713 bd cc d b b aac db a b 5 1400020493 bd dd d ab cca db d d 7 3100021184 bd dd d dc cca bb d d 7 3300022968 ad dd d ab cca db d d 7 3400023504 bd dd d dd cca bb d d 8 5000029883 ad dd d dd cca bb d d 8 5200030891 cd dd d ad dca bd b d 8 5400033614 cd dd d ad dca bd d d 9 67000Evolutionary Computation Volume 7, Number 1 13
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yFigure 5: Population (total number of agents) and variety (number of distinct genomes)plots for run with probability of mutation equal to 0.0545832 cd dd d ad dca ddc a d 9 8600062993 cd dd d ad dca ddc d d 10 1000004.6 Robust Echo BehaviorWhat is interesting about the runs we have analyzed is the recurrence of a few robustbehavioral patterns. At the heart of each run is a simple trading ecology in whichagents with identical (or nearly identical) genomes all trade the same single resource.A succession of such trading ecologies dominates each run, and each succeeding genomeincorporates more of the traded resource. Although the new genome may coexist withits predecessor for a while, eventually its predecessor goes extinct and at this point thepopulation level rises. These simple trading can be decimated by a combat spike, andno genome persists in a combat spike for very long. A combat spike is eventually brokenwhen a genome that can avoid the combat arises, and this sets o� another successionof trading ecologies.5 Explanations of Echo's BehaviorResource 
ow driven by trading is behind most of Echo's robust evolutionary dynamics.To understand these dynamics we must clarify how resources 
ow in Echo. We nowbrie
y digress to cover these details.5.1 Echo's Resource FlowsResource 
ow in Echo is governed by six things: foraging, combat, trading, reproduction,taxes, and death. Agents can acquire resources from foraging. At each time step a�xed amount of resources is added to each site (20 units, in these runs). Although14 Evolutionary Computation Volume 7, Number 1



IS ECHO A COMPLEX ADAPTIVE SYSTEMthe resources released by taxes and death are returned to a site, the present Echoimplementation makes these freed resources unavailable for foraging, so for all practicalpurposes it's as if those resources did not exist. The length of an agent's uptake maskfor a given resource indicates its facility at gathering that resource. So if all agents havethe same length uptake mask, as in our runs, they are all equally successful foragers.Agents can also acquire resources through combat and trading interactions. Whencombat occurs, the winning combatant ends up with all the resources in the losingcombatant. Trading is more complicated. Trading agents exchange the amount of thetraded resource in their reservoir over and above what they need to make a single copyof themselves. When agents all trade the same resource, the average e�ect of trading isto equalize the amount of the traded resource possessed by each agent in the population.When the interaction fraction is high enough and when agents typically pass the tradinginteraction test, virtually all 50 agents successfully trade (trading levels in our runsaverage about 50%). Under these circumstances, we can expect trading to distributethe traded resource relatively evenly across the resource reservoirs in the population.Reproduction dramatically a�ects resource 
ow in Echo. Agents are tested eachgeneration to see if they can replicate. In order to replicate an agent must have enoughresources in its reservoir to make two copies of itself. When an agent replicates, itmakes one copy of its genome for its child, and it divides the remaining resources in itsreservoir with its child. For example, an agent 5 c's in its genome needs 10 c's in itsreservoir to replicate. It uses 5 of those c's to create its child's chromosome, and the 5remaining c's are then divided between parent and child reservoirs: the child gets 2 c'sand the parent is left with 3.Echo's metabolic tax also has a dramatic e�ect on resource 
ow. At each timestep each agent can be served with a tax bill; the probability of receiving a tax bill isone of the world parameters. In the runs studied here, this maintenance probability is0.2, which means that agents must pay a metabolic tax once every �ve generations, onaverage. When an agent is called upon to pay a metabolic tax, it is �rst tested to seeif it has enough resources in its reservoir to make one copy of its genome. If the agentpasses this test, it pays the tax as speci�ed in the maintenance vector of the site �le.For the worlds studied here, this tax is a single unit of each resource. On the otherhand, if the agent fails this test, it immediately dies. So metabolic tax is a very severeselection pressure. Agents cannot sustain their metabolism if they go very long withoutenough resources to copy their genome.5.2 Probability of Mutation 0.05 RevisitedIn order to understand the robust evolutionary dynamics we have observed in Echo, wewill take a more detailed look at one of the runs: the one with probability of mutation0.005 (recall Section 4.3). Looking more closely at the interactions and reservoir resourcelevels will help illuminate what is happening.Figure 5.2 shows the relative frequency of combat and trading interactions. Tradingis constant at the 0.5 level except during the period following the combat spike aroundgeneration 44000. We also see an earlier combat spike just before generation 20000 butit was not su�ciently intense to destroy the trading ecology. Recall that this run showedtwo distinct epochs separated by a combat spike. The �rst epoch was characterized bya population of agents that traded d's. The bottom time series from generations 0to 44000 is for the resource d. The second epoch consists of a population that tradesc's. The bottom time series from the period of roughly generation 48000 to the end ofEvolutionary Computation Volume 7, Number 1 15
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IS ECHO A COMPLEX ADAPTIVE SYSTEMthe run is for the resource c. The �gure shows very clearly that the traded resourceis driving the population and is the limiting resource for this population. Also notethat the traded resource time series contains much of the information that we see inthe population time series for this run. The level of the traded resource increases atprecisely those points at which a genome containing more of that resource takes overthe population. (Since the resource level data is normalized by population level, we canbe sure the resource level dynamics are not an artifact of changing population levels.)Figure 5.2 shows the average level of each resource in the average agent's reservoir.We sum the total resources in all the agents reservoirs for a given resource and thenwe normalize (divide) by the population level. Because the sampling is so dense (every10 generations) it is di�cult to distinguish the four time series in this plot, but thetraded resource is always the time series at the bottom of the plot. The time series forthe other three resources are all clustered together above the time series for the tradedresource.A probabilistic analysis can reveal the adaptive advantage of those genomes withmore of the traded resource. Consider two genomes from the latter half of this run |g50708 and g53929, containing 5 and 6 units of the traded resource (c) respectively. Andconsider the period from generation 57000 to 82000. We will analyze how a genome'sreproduction rate a�ects the selection pressure it feels from the process of metaboliza-tion. The essential mechanism is that increasing the limited traded resource in a genomemakes it harder for agents with that genome to reproduce, which allows agents withthat genome to live longer, which enables that genome to support larger populations.Note that during the epoch of the run in question dominated by genome g50708(roughly generations 50000 to 62000) the population level averages about 65 agents andthe frequency of the traded resource in the reservoir of the agents averages about 6.5.In order for an agent with genome g50708 to replicate it will have to have 10 c's in itsreservoir, as described above. We know it will replicate as soon as it acquires the 10c's since Figure 5.2 shows that it has plenty of each of the other resources to replicateitself twice over. Since 20 units of the traded resource are coming into the populationat each time step, an agent with genome g50708 will acquire a unit of the tradedresource about every 3.25 generations. Since our agent needs 10 c's to replicate it willtake, on average, about 13 generations to acquire the requisite resources if it does nottrade during those 13 generations. Recall that trading equalizes the level of the tradedresource among agents. We know that a population of agents with genome g50708 areonly able to support a certain level of the traded resource as shown in Figure 7. Thusan agent, on average, has to go 13 generations without trading in order to replicate.We can determine the probability that an agent will not trade in a given cycle using abinomial distribution since an agents probability of being picked to trade can be viewedas a problem of sampling with replacement. Since 50% of the population are selectedat random to trade at each time step and each selected agent picks another agent totrade with at random we can basically regard that there will be 65 agents selected totrade (out of a population of 65) each time step. Note though that this is samplingwith replacement. Using the binomial distribution (and considering each generation aseparate trial) we can roughly estimate that the probability of an average agent beingselected to trade is 0.3707. Thus the probability of going 13 generations without tradingin this population is (1 � 0:3707)13 = 0:0024. This means that the average agent in apopulation of agents with genome g50708 is likely to reproduce every 412 generations(1=0:0024 = 412). So, on average, an agent reproduces in this population every 6.34Evolutionary Computation Volume 7, Number 1 17



SMITH AND BEDAUgenerations (412=65 = 6:34).Once an agent with genome g50708 self replicates, as in our example given at theend of Section 5.1 above, it is left with 3 c's in its genome and its child has 2. If the taxman comes around soon, both parent and child are history. They will not be able to passthe test of having the 5 c's in their reservoirs necessary to reproduce their genome. Letus look at how di�cult it is for an agent (or its progeny) from this population to surviveafter having self replicated. Recall that, in this population, a recently self-replicatedagent can expect to receive 1.5 c's in a trade. This is because, on average, agents in thispopulation have 6.5 c's in their reservoirs and 5 in their makeup. The average agentwill give 1.5 c's to the self replicated agent. The self replicated agent, on the otherhand, won't give away any c's since it doesn't have enough in its reservoir to make acopy of itself. An agent in this population can expect to trade 37% of the time (recallour binomial analysis) or about every three generations. Also recall that an agent canexpect to forage a single c in this population every 3.25 generations. The parent agentfrom the self replication needs to trade once and forage once before the tax man comesin order to get the amount of the traded resource in its reservoir up to the requisite 5instances. The child agent from the self replication needs to either trade twice or tradeonce and forage twice. The tax man cometh, on average, 20% of the time, or once every�ve generations.A similar analysis for agents with genome g53929, i.e. agents with 6 c's showsthat the average agent replicates every 1632 generations and that, on average, an agentreplicates every 20.4 generations. Once replicated, both parent and child are left with 3units of the traded resource in their genomes. In a trade with an average agent from thepopulation, the de�cient agents can expect to receive 2.5 c's. The analogous binomialanalysis shows that agents in this population can also expect to trade 37% of the time.They can expect to forage a c every four generations. The probability of getting hitwith a metabolic tax is still 20%. Though the calculations for �guring out what exactlythe probability of an agent surviving self replication are di�cult (involving several dif-ferent scenarios), it is clear that it is no more di�cult to survive self replication in thispopulation of agents with genome g53929 then it is for agents from a population withgenomes 50708. In fact, it seems more likely that an agent will survive self replicationin a population of agents with genome g53929.Some analysis remains to be done to explain the transition from, for example, apopulation of agents with genome g50708 to a population of agents with genome g53929.It would seem that initially, an agent with genome g53929 would be at a disadvantage ina population of agents with genome g50708. An agent with genome g53929 would stillexpect to replicate approximately every 1600 generations but it would be more di�cultfor an agent with g53929 to build its reserves back up since in a population of agentswith g50708 it can only expect to receive 1.5 units of the traded resource in a trade. Anagent with g53929 needs to get its reserve of c's up to 6 units whereas an agent withg50708 only needs �ve units.Finally, note that the frequency of the traded resource in the genome is com-pletely correlated to population levels throughout all the runs presented in this paper(cf population levels with frequency of the traded resource for the dominant genome).Genomes with 4 units of the traded resource support average populations of 45-50agents. Genomes with 5 units of the traded resources support populations of 60-65agents. 6 units supports 75-80 agents, 7 units supports 80-85 agents, 8 units supportsabout 85-90 agents, and 9 units supports about 95 agents.18 Evolutionary Computation Volume 7, Number 1



IS ECHO A COMPLEX ADAPTIVE SYSTEM5.3 SummaryThe mechanism we have uncovered in this run applies with equal generality to all theother Echo runs. As the amount of the traded resource increases in the genome, agentswith that genome don't replicate as often and so they tend to live longer. Since theylive longer, they can acquire more of the limiting (traded) resource. Finally, if an agentdoes replicate, it is at least as likely if not more likely to get its reserves back up to therequisite level before getting wiped out prematurely by the metabolic tax. In the end,Echo's robust evolutionary dynamics have a relatively simple if surprising explanation.6 Echo is Not a Complex Adaptive SystemDoes Echo exemplify the features in Holland's theory of complex adaptive systems? Tosome extent Echo does possess the mechanisms of tags, internal models, and buildingblocks, for they were put into the model by design. Echo agents are bestowed withexternal tags that facilitate selective interactions. They are also bestowed with a geneticstructure that serves as a tacit model of their environment. The fact that they interactthrough �ghting, trading, and mating entails that they navigate and decompose theirenvironment with those three building blocks. But none of this is very interesting,for two reasons: First, these mechanisms were installed by �at rather than emergingthrough the evolutionary process. Second, we found no evidence that Echo agents builtup complex adaptive structures through those capacities.What about the remaining four properties that Holland thinks de�ne complexadaptive systems: non-linear behavior, aggregation, resource 
ows, and diversity? Echocertainly does exhibit non-linear behavior, but this is not surprising since non-linearity isubiquitous in models of complex adaptive system. And resources obviously 
ow throughEcho, although we've seen that this 
ow is typically quite simple, consisting in everyonetraded the same resource or in the population being decimated through combat.There is no evidence of the emergence of a diversity of hierarchically organizedadaptive aggregates. The only evident aggregations were simple trading ecologies andtransitory combat ecologies. Although the number of distinct genotypes grew with themutation rate, this heterogeneity never created any signi�cant diversity in behavior; itwas genotypic diversity without phenotypic diversity. All the populations evolved intosimple trading ecologies. Even calling them \trading" ecologies is misleading since theinteractions merely equalized the distribution of a single resource. This lack of diverseadaptive aggregates is a vital dissonance with Holland's theory of CAS. Holland hopedEcho would generate something like the caterpillar, ant, 
y ecology described in Section3.4, but this dream never materialized.We have augmented the present work by seeing what happens when we vary anumber of key parameters, including the interaction fraction (number of interactionsper time step), the maintenance probability (rate at which agents' resources are taxed),and the number of sites in the world. Although we have done detailed microanalysis ofonly a fraction of these runs, we never saw any macro-level evidence for more interestingevolutionary dynamics than those described and explained here. (This is somewhat atodds with other published results [Forrest and Jones, 1994, Hraber et al., 1997]). Themacro-level dynamics vary in intensity but they show no qualitatively di�erent dynam-ics. This makes us con�dent that the behaviors explained here typify what we can expectto see Echo generate. We conclude that Echo does not exemplify Holland's theory ofCAS.Evolutionary Computation Volume 7, Number 1 19



SMITH AND BEDAUThis is not a drawback of Echo alone. Our conclusion about Echo parallels theabsence of unbounded evolutionary creativity noted in many other agent-based evolu-tionary models [Bedau et al., 1997, Bedau et al., 1998]. As far as we know, no presentmodel actually has the features by which Holland characterizes complex adaptive sys-tems.7 The Next StepIf we are right that Echo is not a complex adaptive system, this should not be viewed as aset-back in the study of complex adaptive systems but as progress|progress made pos-sible only because Echo was actually implemented and studied empirically. Speci�cally,the progress is that we have learned that we need another iteration of the hypothesis-test-revise methodology.A few trivial revisions of the current implementation of Echo might make a dif-ference in its behavior. Speci�cally, it would be interesting to see what happens whenagents can forage for resources freed up through metabolic taxes and death, and whenreproduction is blocked until both parent and child can survive the metabolic tax. Itwould also be interesting to allow mating to coexist with combat and trading. But it'sfar from clear whether these changes would make diverse aggregations emerge in Echo.Perhaps Echo's dynamics would be more likely to generate diverse aggregations if thecreation of new genomes caused the creation of new kinds of resources, but it is unclearhow to implement this idea in a su�ciently general way.Our work here is an attempt to apply Holland's hypothesize-test-revise method-ology simultaneously to Holland's Echo model and to his general theory of complexadaptive systems. We have treated Holland's theory of CAS as a working hypothesis inthe background; in the foreground is the hypothesis that Echo is such a complex adap-tive system. Empirical study of a working model is a constructive way to tell whether agiven model actually captures a given theory. An important virtue of Echo is preciselythat it is such a model. The problem is Echo fails to capture key features in Holland'stheory.Echo's failure to exemplify Holland's theory of complex adaptive systems does notrepudiate the theory, of course, but it does underscore that we don't fully grasp thetheory. There are a number of signi�cant unanswered questions about it. For example,it is not clear that the seven properties and mechanisms in the theory have an equalfooting, nor that they are independent, nor that they are all necessary. We ourselvesare inclined to think that what explains and uni�es Holland's seven features is the prop-erty of robust, open-ended emergence of hierarchical adaptive structures. Furthermore,this property may well explain an eighth characteristic property of complex adaptivesystems: the ability of emergent interacting components to create and 
exibly maintaintheir own boundaries and their capacities for interacting with other components. Butthese suggestions of ours at present are really just so many words. Concretely embody-ing them in some successor model to Echo is the only way to make them precise andsubject them to rigorous scrutiny.AcknowledgementsThanks to Carlo Maley, Norman Packard, Andreas Rechtsteiner, Emile Snyder, and theanonymous reviewers, for their direct and indirect contributions to this work. Thanks20 Evolutionary Computation Volume 7, Number 1



IS ECHO A COMPLEX ADAPTIVE SYSTEMalso to the Santa Fe Institute for support and hospitality while some of this work wascompleted.

Evolutionary Computation Volume 7, Number 1 21



SMITH AND BEDAUA ParametersAll the Echo runs reported here were generated with exactly the same set of Echo modelparameters except that the mutation probability was varied. The full set of parametersis given here. Wild cards (*) indicate that particular parameters are to be chosen atrandom.World ParametersName simple.worldTrad Frac 0.5Interact Frac 0.5Self Repl Frac 0.5Self Repl Thresh 2.0Maint Prob 0.2Neighborhood NONERows 1Columns 1# Of Rsrcs 4Comb Matr 1 1 1 1 0Comb Matr 1 1 1 1 0Comb Matr 1 1 1 1 0Comb Matr 1 1 1 1 0Comb Matr -1 -1 -1 -1 0Sites simple.siteSite ParametersName simple.siteMutate Prob [various]InsrtDel Prob 0.02CrsOv Prob 0.0RandDth Prob 0.0Prod Func 20 20 20 20InitRes Lev 20 20 20 20Maxima 1000 1000 1000 1000Maintenance 1 1 1 1Agents simple.agent 100Agent ParametersName simple.agentInit Rsrv 10 10 10 10Trad Rsrc *Uptk Msk * * * *Interac Tag *O�ense Tag *Defense Tag *Mating Tag *Comb Cond *22 Evolutionary Computation Volume 7, Number 1



IS ECHO A COMPLEX ADAPTIVE SYSTEMTrade Cond *Mate Cond *References[Bedau, 1995] Bedau, M. A. (1995). Three illustrations of arti�cial life's working hy-pothesis. In Banzhaf, W. and Eeckman, F., editors, Evolution and Biocomputation|Computational Models of Evolution. Springer.[Bedau et al., 1997] Bedau, M. A., Snyder, E., Brown, C. T., and Packard, N. (1997).A comparison of evolutionary activity in arti�cial evolving systems and in the bio-sphere. In Husbands, P. and Harvey, I., editors, Proceedings of the Fourth EuropeanConference on Arti�cial Life. MIT Press.[Bedau et al., 1998] Bedau, M. A., Snyder, E., and Packard, N. H. (1998). A classi�ca-tion of long-term evolutionary dynamics. In Adami, C., Belew, R., Kitano, H., andTaylor, C., editors, Arti�cial Life VI. MIT Press.[Forrest and Jones, 1994] Forrest, S. and Jones, T. (1994). Modeling complex adaptivesystems with echo. In Stonier, R. J. and Yu, X. H., editors, Complex Systems:Mechanisms of Adaptation. IOS Press.[Holland, 1992] Holland, J. H. (1992). Adaptation in Natural and Arti�cial Systems:An Introductory Analysis with Applications to Biology, Control, and Arti�cial Intel-ligence. MIT Press, second edition.[Holland, 1995] Holland, J. H. (1995). Hidden Order: How Adaptation Builds Complex-ity. Helix Books.[H�olldobler and Wilson, 1990] H�olldobler, B. and Wilson, E. O. (1990). The Ants. Belk-nap Press of Harvard University Press.[Hraber et al., 1997] Hraber, P. T., Jones, T., and Forrest, S. (1997). The ecology ofecho. Arti�cial Life, 3:165{190.[Jones and Forrest, 1993] Jones, T. and Forrest, S. (1993). An introduction to s� echo.Technical Report 93-12-074, Santa Fe Institute, Santa Fe NM.[Packard, 1989] Packard, N. (1989). Intrinsic adaptation in a simplemodel for evolution.In Langton, C., editor, Arti�cial Life. Addison-Wesley.
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