Complex Environments to Complex BehaviorsFilippo Menczer and Richard K. BelewAdaptive Behavior Volume 4, Number 3/4, 317-363Preprint Page 1FROM COMPLEX ENVIRONMENTS TO COMPLEX BEHAVIORSFilippo Menczer and Richard K. BelewComputer Science and Engineering DepartmentUniversity of California, San DiegoLa Jolla, CA 92093-0114 USA{fil,rik}@cs.ucsd.eduAbstractAdaptation of ecological systems to their environments is commonlyviewed through some explicit fitness function defined a priori by theexperimenter, or measured a posteriori by estimations based onpopulation size and/or reproductive rates. These methods do notcapture the role of environmental complexity in shaping the selectivepressures that control the adaptive process. Ecological simulationsenabled by computational tools such as the Latent Energy Environments(LEE) model allow us to characterize more closely the effects ofenvironmental complexity on the evolution of adaptive behaviors. LEE isdescribed in this paper. Its motivation arises from the need to varycomplexity in controlled and predictable ways, without assuming therelationship of these changes to the adaptive behaviors they engender.This goal is achieved through a careful characterization of environmentsin which different forms of "energy" are well-defined. A geneticalgorithm using endogenous fitness and local selection is used to modelthe evolutionary process. Individuals in the population are modeled byneural networks with simple sensory-motor systems, and variations intheir behaviors are related to interactions with varying environments.We outline the results of three experiments that analyze different sourcesof environmental complexity and their effects on the collective behaviorsof evolving populations.

Complex Environments to Complex BehaviorsFilippo Menczer and Richard K. BelewAdaptive Behavior Volume 4, Number 3/4, 317-363Preprint Page 21 IntroductionAdaptation of ecological systems to their environments is often viewed through someexplicit fitness function defined a priori by the experimenter, or measured a posteriori byestimations based on population size and/or reproductive rates. These approaches havebeen used in the field as well as in computational methods. In the former case,evolutionary ecologists must choose some measurable trait to monitor and characterizethe individuals in a population, perhaps finding which traits are best correlated withestablished measures of fitness such as reproductive rate or success, or environmentalcarrying capacity. Analogously, the modeler of an artificial life (ALife) experiment hasto define how to map some phenotypic trait, be it somatic or behavioral, to a mechanismof offspring allocation, through some fitness function and selection scheme.These methods have the merits of having allowed for enormous advances inunderstanding the dynamics of ecological systems, and having enlarged the set of toolsat the disposal of ecological theory from purely analytical mathematics (such asdifferential equations) to explorative idea and minimal system models (such ascomputer simulations). However, the relationship between adaptive population andenvironment continues to look like a �black box� function mapping phenotypic traits toreproductive fitness. It is difficult, in the field, to refine the black box to the point ofcharacterizing the way in which the environment shapes the selective pressures actingsimultaneously on each trait and interfering with each other at the same time. Theanalytical tools commonly used by the theorist rapidly become intractable as the spatio-temporal dynamics of the environment become even moderately complex [Kareiva1994].Are we then hopeless in the face of characterizing the interactions between thecomplexity of the environment and that of the evolving population? This papersuggests that modeling techniques currently under development in the ALifecommunity may play an important role in refining the role of the environment in theadaptive process. Genetic algorithms (GAs) have been used as computational models ofevolution in a great many simulations of adapting populations. Recently, a new class of�open-ended� GAs seems to have emerged as a model of evolution different fromHolland�s [1992] classic GA. Mitchell and Forrest [1994] have associated this new classwith the term endogenous fitness models, and we will use the same terminology in thispaper.One difference often pointed to in the notion of fitness (by which we mean reproductiverate) has to do with whether the definition is imposed externally. In classic GA models,the (exogenous) fitness function is determined a priori by the experimenter. On thecontrary, endogenous fitness does not explicitly map features of the phenotype ontoreproductive rate: reproduction is instead determined by the interaction betweenindividuals and environment. Another feature which in our opinion well discriminatesbetween the two classes can be reduced to the dimension of optimization vs. adaptation.While in both cases some fitness function is used to allocate offspring to aliveindividuals, in classic GAs this function is normalized over the whole population,

Complex Environments to Complex BehaviorsFilippo Menczer and Richard K. BelewAdaptive Behavior Volume 4, Number 3/4, 317-363Preprint Page 3because there is some comparison between an individual and the population (e.g.,fitness average). On the contrary, fitness is computed with respect to a single individualin endogenous fitness models (e.g., no averaging). Therefore we suggest thatendogenous fitness is a local measure, while exogenous fitness is global, with respect tothe population. As a consequence, in a classic GA, an individual�s survival performancein its environment is always scaled on a relative curve, by ranking and/or normalizingthe population. This is true for any selection scheme (e.g., proportional, threshold, ortournament) and generation gap (e.g., steady-state or lock-step generations).Optimization of the genotype with respect to phenotypic fitness follows. On the otherhand, an individual�s endogenous fitness is taken at face value, without comparisonswith other individuals. This measure results exclusively from interactions between anindividual and its spatially local environment. Other members of the population (aswell as members of other species) affect this measure only indirectly, for example byconsuming part of a limited resource. Of course, if these conspecific interactions arethemselves global, the distinction largely disappears: an individual�s reproductive ratedepends on environmental variables affected by the whole population. For spatiallystructured environments, however, interactions and selection retain their local flavor.Thus an individual needs to adapt to its local environment, and not necessarily to bebetter than the rest of the population, in order to be selected for reproduction.Gould and Lewontin [1979] were among the first to criticize the view equatingadaptation with optimization from a biological standpoint. Ecologists and populationgeneticists speak of different fitness measures as appropriate in different environmentalconditions, for example density-dependent vs. frequency-dependent selection, orreproductive rate vs. expected reproductive success [Stearns 1992]. Recentcomputational models of adaptive populations have reduced the gap with biologicalmodels and increasingly made use of fitness measures defined in biology to characterizethe role of the environment in their simulations. Well known models focusing onadaptation to the environment rather than optimization have been proposed by Holland[1992] and Ackley and Littman [1992] among others. The SPO model [Todd and Wilson1993] considers models of reproductive behavior which make it more a matter ofindividual "choice" than a response to metabolic/energy considerations. In short,ALife’s growing interest in simulation of evolution’s creative, open-ended aspects candraw on a growing body of literature for mathematical and computational analyses ofthe behavior [Brooks and Maes 1994].In this paper we use a class of models, called Latent Energy Environments (LEE), toanalyze a number of experiments where the endogenous fitness paradigm is applied topopulations adapting to simulated environments. Each environment is designed toexplore a different dimension along which to vary the complexity of the survival task.We can then monitor the corresponding complexity of the collective behaviors evolvedin response to such variations.In the next section, we overview the LEE model and its differences with classic GAs. InSection 3 we outline issues relative to individual representations. In Section 4 weanalyze the general behavior of LEE populations to draw a mathematical connection

Complex Environments to Complex BehaviorsFilippo Menczer and Richard K. BelewAdaptive Behavior Volume 4, Number 3/4, 317-363Preprint Page 4between environment and population. In Section 5 we report on three experimentssimulating the evolution of different adaptive behaviors and highlight the role ofenvironmental complexity in shaping the selective pressures that allow such behaviorsto evolve. In the last section we draw some conclusions, outlining the relevance of ourapproach for natural and artificial systems. The Appendix introduces the LEE softwarepackage that is available for public use.2 Overview of Latent Energy EnvironmentsIt has generally been too easy for GA modelers to assume a fairly direct correspondencebetween the genotypic data-structure manipulated by genetic operators (mutation,crossover, etc.) and the phenotype�s fitness (i.e., number of offspring) ultimatelyevaluated by the environment. The appropriateness of phenotypic behaviors isobviously conditional upon environmental context, and the definition of "adaptive"behavioral features must therefore depend on a complex interplay of genetic andenvironmental circumstances.

Complex Environments to Complex BehaviorsFilippo Menczer and Richard K. BelewAdaptive Behavior Volume 4, Number 3/4, 317-363Preprint Page 5organization, we want to ground our notion of complexity on observable measures ofenvironmental organization.There have been several attempts to define generic conditions on environmentalcomplexity that are analytically tractable without constraining evolution’s creativepotential. R�ssler [1974] proposed food density as a simple complexity metric for theenvironment facing an organism. Even a random walk may be an adequate foragingtechnique if food is abundant, but as environments become more scarce, more coherentmovement is required and the foraging organism may need to depend on landmarks,cognitive maps, etc. [Wilson 1991]. Food density is clearly a useful dimension for ALifesimulation, but this single dimension of environmental variability must be extended toinclude other factors if we are to be able to test the full repertoire of ALife models.Holland’s ECHO model describes an extraordinarily rich domain in which many intra-and inter-specic evolutionary questions might be explored [Holland 1992; Jones andMitchell 1993]. In fact the range of possible experiments, or outcomes to a singleexperiment in ECHO is so broad that, like real biological systems, its behavior is oftendifficult to analyze.Latent Energy Environments are a modest step from the single dimension of fooddensity towards the richness of the ECHO model. To accomplish a useful measure ofenvironmental complexity without compromising analytical tractability, we extend thestandard model of �food� as a spatially localized element of the environment, requiredfor survival. Food is replaced in LEE with a series of inert environmental �atomicelements� that must be combined by organisms in order to realize the �energy� theyrequire for survival. Consider a simple discrete world with cells placed on a two-dimensional grid. Let the only source of (positive or negative) energy be via binaryreactions; i.e., combining two elements results in an energy gain or loss, and possiblyother by-product element(s). Let the base elements belong to an artificial set of types{A1, ..., At}. Furthermore, let elements of each of these types be generated according tosome spatio-temporal distribution. All the possible reactions can be represented by asymmetric reaction matrix indexed by element types, as shown in the example matrixbelow:

A1 Aj At A1 10 +2A2 nonreactive Ai Eij + Pij At − 3+ At

(1)A reaction occurs when two reactive elements come into contact. This can only happenwhen an individual catalyzes such a reaction, since reactive elements never occupy thesame cell. In the example matrix (1), two generic elements Ai and Aj yield energy Eij(Eij>0 for exothermic reactions, Eij<0 for endothermic ones) and one or more by-

Complex Environments to Complex BehaviorsFilippo Menczer and Richard K. BelewAdaptive Behavior Volume 4, Number 3/4, 317-363Preprint Page 6products indicated by Pij . The reaction matrix and the spatio-temporal distributions ofelements together represent the laws of physics and chemistry regulating theinteractions between an individual and its environment � and among individuals,since the environment of an individual includes the rest of the population. In short,matrix and distributions are the parts of the LEE model which characterize theenvironment.We now need some definitions. For any world configuration, there may be manypossible combinations of existing elements according to the possible reactions in thematrix. After one of these reactions takes place, two elements are consumed and somenew elements (by-products) may appear, giving rise to a new configuration. We canthink of this process as a decision tree, where each reaction leads to a new node downthe tree, and a path along the tree represents a reaction chain. Eventually, the chainterminates if no possible reactions exist among the remaining elements: a leaf is reachedin the tree. Every reaction chain has a corresponding potential energy, given by thearithmetic sum of energies released and/or absorbed by the reactions along the path.For each world configuration, we call latent energy the set of potential energiescorresponding to all reaction chains starting from that node. The energy remains latentuntil it is realized as potential energy by choosing a particular reaction chain. Byspecifying the table’s interaction energies and controlling the rate at which elements ofeach type are introduced, the amount of energy available in its latent form can beprecisely regulated. Recall now that a collection of the various elements is distributedacross the two-dimensional space of the LEE world, and define the work required torelease latent energy associated with a pair of elements to be the distance one elementmust be moved in order to occupy the cell of the other. Then, by controlling the spatialdistributions of elements in the world, we can dynamically regulate the amount of workrequired to combine them.The next step is to introduce organisms into this abiotic environment, by consideringtheir ability to move through the environment and mix its elements as their mostfundamental behaviors. We also endow the basic LEE individual with an internal bodycavity (gut) and assume ingestion of an element into this gut occurs any time anorganism occupies a cell containing one. An element consumed in this fashion is thencarried with the organism as it moves. Organisms therefore become the agents activelymixing the otherwise static elements of the LEE environment.In these preliminary experiments, individuals incur constant metabolic costs simply forbeing alive. That is, there is no additional energy cost for moving (as opposed toremaining in one cell of the environment) or for carrying elements. The workassociated with a pair of elements, based on the Euclidean distance between them in theenvironment, therefore becomes a lower-bound on the energy cost a most-efficientindividual would incur in moving in order to realize their latent energy. Subtractingwork from latent energy and summing over all pairs of elements in the environment,we can estimate optimal energy efficiencies, and from this the maximum carryingcapacity of an environment. In short, by controlling how much latent energy is availableand how much work must be done in order to realize this energy, we can obtain a

Complex Environments to Complex BehaviorsFilippo Menczer and Richard K. BelewAdaptive Behavior Volume 4, Number 3/4, 317-363Preprint Page 7quantitative measure of how difficult it is for an organism (or ecology of organisms) tosurvive.The above definitions � latent energy, work, carrying capacity � allow us to controlparameters of the environment without specifying just how latent energy is to berealized by one or more species. The monitoring of population dynamics makes itpossible to compare ecologies in different environments, in terms of how efficientlyeach exploits the energy latent in its own environment. Conversely, in a sharedenvironment, competition for the finite resources intrinsically defines the ground onwhich adaptive success can be gauged. The simple model of metabolism achieved bythe range of available reactions provides a space in which to explore the effects ofdiscoveries due to more complex and efficient exploitations of available resources. Theprinciple of conservation of energy permits us to do so without sacrificing analyticaltractability.2.2 Steady-state and asynchronyThe evolutionary process is modeled in LEE by the basic algorithm shown in Figure 2.This type of GA is called steady-state because successive generations are interleavedthrough time rather than lock-step. While from an operational viewpoint decreasing thegeneration gap results in more diversity being preserved within the population andconvergence being slowed down [De Jong and Sarma 1993], our modeling choice isprimarily driven by biological plausibility. One important feature of the model is thatthe population size does not remain constant throughout an experiment, and extinctionis possible. We will show that population size becomes stable spontaneously androbustly when the environmental conditions allow it, without this being imposedexternally.For each time step, every organism executes a basic cycle. This is an intrinsically parallelprocess; for sequential machines, however, it can be simulated via sequential calls to theorganisms. This is the case in our implementation, where each organism is called inrandom order so as to minimize the spurious interferences of the sequential simulation[Huberman and Glance 1993].2.3 Endogenous fitnessBoth the terms open-ended and endogenous fitness only capture a partial aspect of thedistinctive features that discriminate these models from classic GAs: namely, the factthat the fitness function is not explicitly defined in terms of behavior. The stresstherefore is on the creative power of endogenous fitness models, which was in fact oneof the main motivating factors for LEE [Menczer and Belew 1996]. A more carefulanalysis of the evolutionary dynamics in LEE, however, permits us to make thedistinction more objective. To this end, consider the reproduction and death thresholds,a and w, in the pseudo-code of Figure 2. With different functional forms for a and w, thealgorithm reduces to either a classic or an endogenous fitness GA.

Complex Environments to Complex BehaviorsFilippo Menczer and Richard K. BelewAdaptive Behavior Volume 4, Number 3/4, 317-363Preprint Page 8for each time cycle { for each alive organism i { sense world;

compute actions;

perform actions;

Energy(i) ← Energy(i)+ Benefits

actions(i) { } ∑_{− Costs}

actions(i) { } ∑;EnergyEnvt ← EnergyEnvt − Benefitsactions(i){ }∑;if (

Energy(i) ≥ α

) { reproduce;/* clone genotype*/ mutate;/* get new genotype*/ develop;/* get new phenotype j*/

Energy(i) ← Energy(i)− ′E ;Energy(j) ← ′E;}else if (

Energy(i) ≤ ω

) { die;/* delete organism i*/

Energy

Envt

← Energy

Envt

+ Energy(i);}

Energy

Envt

← Energy

Envt

+ Energy

Replenish;}Figure 2: Pseudo-code for the main loop of the LEE GA. Energy is always conserved. The thresholds a

and w are key to the local selective process. Note that several aspects of the algorithm are left to bedefined by particular implementations. For example, the computations of benefits and costs associated toactions. Furthermore, single or multiple offspring can be generated depending on what fraction of aparent�s energy is allocated to each offspring. In the experiments reported in this paper, offspring aregenerated one at a time and receive half of the parent�s energy.Classic GAEndogenous fitness

Global selectionLocal selection

Rank-normalizationShared environment

Constant selective pressureConstant resource flow

Frequency dependenceDensity dependence

ExploitationExploration

Premature convergenceGenetic drift

SensitivityRobustness

Optimization to globalenvironmentAdaptation to localenvironment

Table 1: Main discriminating features of classic and endogenous fitness GAs.The classic case occurs when a and w depend on the energy distribution over thepopulation, causing an interaction among different (possibly all) organisms at thefitness level. This selection scheme is global in that it requires an external normalizationof the population that no single individual can compute. Such normalization is thereforea supervised process. The simplest example is

α = ω = E p

, where

⋅ p

indicatespopulation average. Then the global aspect of selection is just averaging. In other global

Complex Environments to Complex BehaviorsFilippo Menczer and Richard K. BelewAdaptive Behavior Volume 4, Number 3/4, 317-363Preprint Page 9selection schemes, such as proportional selection, the normalization may be based onother forms of supervision, for example fitness ranking. In all global selection instances,however, a constant selective pressure is imposed: when the population improves onaverage, selection becomes accordingly more stringent. The optimizing potential of theGA results from the more or less greedy exploitation of the information contained in thecurrent population, and premature convergence is a typical drawback when theadaptive landscape has local optima.The endogenous fitness case results when a and w are constants, for example in LEE weuse

α = const > ω = 0

. Selective pressure results indirectly from the local competition forthe finite resources in the shared environment. The currency for such resources is theenergy latent in the environment flowing from sources outside the system to the worksink. If the organisms do not interact in other ways, the fitness is said to be densitydependent [Roughgarden 1971]. The lack of a constant selective pressure allowsindividuals to explore the adaptive landscape without competing with others who arenot part of their own local environment. Genetic drift is the typical obstacle to optimalconvergence. We have summarized the main discriminating features between the twoGA classes in Table 1.3 Individual representationOne of the fundamental features of LEE is that energy in an environment can bereleased only through the behaviors of organisms. Behaviors induce reaction sequences,thus catalyzing the transformation of latent energy into usable energy. The notion ofbehavior � actions taken by the organism that change the world and/or the organism�srelationship to the world � immediately binds an organism to its environment in anintrinsic way.In any adaptive model, an individual�s behavior is strongly dependent upon itsrepresentation. Each individual in LEE is represented by a body and a brain . The bodycomprises sensory and motor apparati, and internal reservoirs for energy andenvironmental resources. The brain consists of a neural network that models thebehavior of the individual given its environmental conditions. The fact that theindividual is embodied makes its interactions with the environment crucial indetermining the degree to which behaviors are well adapted.3.1 BodyThe brain interacts with the environment external to the body through a sensory-motorsystem. Figure 3 provides an illustration of an organism’s body structure with a typicalsensory-motor system. The body provides a strong coupling between environmentalcomplexity and difficulty of the survival task [Menczer and Parisi 1992b]. Note that thebody also determines the placement and orientation of an organism’s sensors andmotors.

Complex Environments to Complex BehaviorsFilippo Menczer and Richard K. BelewAdaptive Behavior Volume 4, Number 3/4, 317-363Preprint Page 10

Complex Environments to Complex BehaviorsFilippo Menczer and Richard K. BelewAdaptive Behavior Volume 4, Number 3/4, 317-363Preprint Page 11The sensory system is composed of a set of sensors with different characteristics. Thesecollect information from either the external world or the internal body of the organism,and map it onto the brain input. Sensors may differ in range, directionality, sensitivity,resolution, specificity, accuracy, etc. Examples of external sensor types used in theexperiments reported here are contact and ambient sensors. Contact sensors provide abinary presence/absence indication of some element (or complex of elements) in thespace directly adjacent to the sensor. They are sufficient to support avoidancebehaviors, but not approach. Ambient sensors signal the presence of some element (orcomplex), summed over cells in a neighborhood of the sensor and weighted inverselyaccording to their distance1. Ambient sensors can underlie approaching behavior only ifthe brain possesses either a memory to compare temporal differences in a single sensor,or multiple ambient sensors placed and oriented differently to compare spatialdifferences. Two examples of sensory configurations are shown in Figure 4.

A B A − βE E B − βE

E > 0, 0 <β <1, (A+ A),(B+ B)→ − 2βE,

(A+ B),(A+ B)→ +2E,

ΔE^{(4)} = − 2βE 2 / r = − rβE, p ≡ population size = const,

ΔE = 0.

ηΔE^{(5)} + 1− η( )ΔE^{(4)} = r ηE + η − 1( )βE [ ] ΔE = rE η + ηβ − β [ ]− pc = 0.

p^{max} = rE c . η = pc rE +β 1+β . K = p^{η =1/2} = rE 2c (1− β).

K=25

K=87.5

K=212.5Figure 6: Carrying capacity for three simulations with different reaction matrices. K is a measure oflatent energy: when enough latent energy is supplied by the environment to avoid extinction, an earlyequilibrium is reached. (From [Menczer and Belew 1996].)

rE <p> 020040060080010001102030405060708090

measured

predictedFigure 7: Correlation of population size with environmental carrying capacity. Measures of populationsize are time averages in the steady-state regime; predicted population size is from Eq. (15). (From[Menczer and Belew 1996].)Since individuals interact solely by sharing finite environmental resources, fitness isdensity dependent and thus affected by the size of the population. Under suchconditions, carrying capacity is commonly considered in biology the best measure offitness [Stearns 1992]. We now want to point to the strong role of the environmentunder density dependent fitness, by showing that the carrying capacity of certainenvironments can be predicted very reliably from knowledge about the environmentalone, without considering behaviors. One such environment, even simpler than the one

K ≡ p = rE c

<age>

prandom Figure 8: The role of behavior in environmental carrying capacity. Here Eq. (12) yields pmax=900, whilethe size of a population with random behaviors (from Eq. (14)) is marked "random". Average age is alsoshown to be correlated with population size in this experiment (units are cycles). (From [Menczer andBelew 1996].)When organisms are allowed to evolve behaviors that may use the latent energy moreefficiently, an increase in average age and in population size is observed. The situationis illustrated in Figure 8, where measures are from LEE simulations with a reactionmatrix like (2). During these non-equilibrium phases Eq. (8) does not hold, and theenvironment is no longer sufficient to predict carrying capacity. Population size, on theother hand, can still be used as a fitness measure at the population level. Its increase isdue to the evolution of better behaviors, that bring h from 0.5 to approximately 0.73(from Eq. (13)). It turns out that population size is well correlated with expected

4In the LEE simulator, the oxymoron �unary reaction� refers to the realization of energy from a singleatom, without the need for combinations with other atoms.

Complex Environments to Complex BehaviorsFilippo Menczer and Richard K. BelewAdaptive Behavior Volume 4, Number 3/4, 317-363Preprint Page 20the neural net, that has six hidden units and one output. The latter drives a single jumpmotor (cf. Figure 5). Like all jump motors used in this paper, this has power 10.Given this representation, adaptive individuals can evolve behaviors yielding to thedifferent carrying capacities obtained by Eq. (11). The parameters (r, E, c) of thesimulations are set in such a way that a population with random behaviors, catalyzingall reactions with equal probabilities, has a size

pη =1/2 = 50

(from Eq. (14)). Given thecharacterization of the environments in this experiment, it is easy to see that the mostefficient behavior consists of jumping far from patches of the same element as an atomin the gut, and otherwise foraging with small jumps: this way exothermic reactions arecatalyzed. The carrying capacity of this collective behavior is

pmax = 200

(from Eq. (12)).Contact sensorsGut sensorsJump motor

AANot nearest

BANearest

ABNearest

BBNot nearest

Any conditionEmptyAny move

Table 2: Behavior of maximum energy efficiency for uniform environments in the first experiment. No cellcontains both A and B atoms because they would react together, so that contact signals cannot beambiguous. �Nearest� means jumping to the cell immediately facing the organism, i.e., the one sensed bycontact sensors.Ambient sensorsGut sensorsJump motor

A>BAFar

B>AANear

A>BBNear

B>ABFar

Table 3: Behavior of maximum energy efficiency for patchy environments in the first experiment. Hiddenunits must perform the comparisons between ambient signals. �Far� and �near� mean jumping distancesgreater or smaller than patch size, respectively.Up to a point, patch size of the environment determines how complex such efficientbehavior can be. In uniform environments, contact sensors alone provide all theinformation needed to implement such behavior, as shown in Table 2. No patch sizeinformation is available, because there are no patches. Nothing is to be lost fromjumping too far or too near, as long as endothermic reactions are avoided. Inenvironments with spatially clustered elements, on the other hand, space is morestructured and thus more complex. The population needs to evolve an "understanding"of environmental structure (e.g., patch size) to gauge appropriate moves. Organismsneed to make use of the more ambiguous information provided by ambient sensors �and perform preliminary comparisons between their signals � to decide how far tojump (recall that the direction of a jump cannot be decided). Due to the two additionalrequirements (comparison of inputs and gauging patch size) this is a more complex

Complex Environments to Complex BehaviorsFilippo Menczer and Richard K. BelewAdaptive Behavior Volume 4, Number 3/4, 317-363Preprint Page 21behavior, as illustrated in Table 3. Of course, the complexity of the task would begreatly affected by changes in the sensors, as discussed elsewhere [Menczer and Belew1994]. With the given sensory system, however, such is the direction in which we expectenvironmental complexity to drive the evolution of adaptive behaviors in thisexperiment. More complicated spatial organizations (e.g., checker-board patterns andother layouts with even higher spatial order statistics) can reasonably be expected torequire still greater sophistication from individuals’ cognition.5.1.2 ResultsWe have run four simulation with different environmental conditions. The first twosimulations have stationary environments, whose complexity remains constant throughevolutionary time. The last two have changing environments, whose complexityincreases in different ways.Populations adapting in the two fixed environments reach carrying capacities shown inFigure 10. The patchy environment is more complex and the population is unable toevolve any behavior superior to the random one, as seen by comparing population sizewith the predicted carrying capacity of the random behavior. The uniform environmentis more benign and (a good part of) the population can evolve the more efficientbehavior of Table 2, resulting in a carrying capacity about three times as large (h~0.83from Eq. (13)). The residual selective pressure does not appear sufficient forconvergence to the optimal strategy within the observed evolutionary rime, i.e., to pushthe population to its maximum size. 50

200

0 250 500 750 1000 p cycles x 100 max uniform envt patchy envt random

Figure 10: Population size for two fixed environments. These are the first (uniform) and the last (mostpatchy) worlds of Figure 9. The predicted carrying capacities corresponding to random and most efficient 50

200

0 250 500 750 1000 p cycles x 100 max sudden gradual random

Figure 11: Population dynamics for two changing environments. The �sudden� change is a singletransition, at 50,000 cycles, from the uniform to the most patchy worlds of Figure 9. The �gradual� changeis made of three transitions, every 25,000 cycles (see vertical grid), through all of the four worlds of Figure9 in order of increasing patchiness. The predicted carrying capacities corresponding to random and most

Figure 11 illustrates what happens to the populations evolving in the two environmentsof increasing complexity. When the environment suddenly becomes very patchy, thepopulation continues to apply the evolved behavior of Table 2 with catastrophicconsequences; the population size decreases to the random level. Since the individualsare essentially behaving the same way right before and right after the environmentaltransition, we could say that the carrying capacity of the environment has dropped.However, the population then grows again, becoming significantly higher than random

~0.63). This is evidence that (part of) the population is able to evolve a behaviorsimilar to the one of Table 3. In the simulation where the environment becomesgradually more patchy, adaptation is not so catastrophic. There are small performancedegradations that are quickly offset by the evolution of improved behaviors, so thatfinally the population can cope quite well with the most patchy environment � over

The above results demonstrate, in the first place, that patchiness can provide a usefulmeasure of environmental complexity. Further, spatial heterogeneity affects evolvedbehaviors. A uniform world is simple because there is nothing to be learned aboutdifferent parts of it: it is the same everywhere. Here, as shown by Figure 10, the simplebehavior of Table 2 is discovered rapidly by the evolving population. Conversely, apatchy world is complex because of its spatial structure. If such complexity is too largefor the population to make sense of it, then no behavior evolves to exploit its resources better than by moving at random. The evolutionary leap from random behavior to thestrategy of Table 3, in terms of individual neural networks, is much larger than to thestrategy of Table 2. We conclude that in the most patchy environment, the selectivepressure away from the random behavior is too small to discover more complex

Simpler environments have additional advantages for the adaptive individuals. AsFigure 11 indicates, behaviors adaptive in the more complex environments can indeedbe evolved but only if the population has previously adapted to less complexenvironments. Thus a gradual increase in environmental complexity generates an

If the environment undergoes a large increase in complexity, any advantage ofpreviously evolved behaviors seems lost: after the sudden transition occurring at 50,000 appropriate for the uniform environment (cf. Table 2) is not adaptive in the patchyenvironment. This catastrophe is only illusory, however: the fact that population sizegrows again in the following phase represents evidence that the more complex behavior(cf. Table 3) has evolved. This did not happen when the environment was patchy tostart with (Figure 10); the adaptive behavior evolved in the milder environmental phase

The second experiment explores the role of environmental complexity in enforcingecological balance. The environment permits the population a more robust survivalwhen this is structured in such a way to maximize its biodiversity. The population isdivided into two �species� distinguishable by a genetic marker; parents pass theirspecies gene to offspring. Some degree of ecological stability might be provided if itwere possible for this genes to mutate occasionally. However, in this experiment we areinterested in the conditions under which biodiversity is maintained by environmentalpressures alone. Therefore the species gene is not mutated. Since reproduction occursasexually by cloning, species are completely determined by philogeny. Let us call a andb the alleles of the species gene. Let us further assume that the two species have

a A B

A E +2B non reactive

B − βE

b A B

A − βE non reactive

B E +2A

for species a and b respectively. Both A and B elements are uniformly distributed and

Since different elements are never reactive, and conditions (3) apply, all individualshave only two (non-exclusive) possible actions. This simplifies the range of behaviorsthat we can explore in this experiment. The first action is to ingest atoms of the elementwhose symbol is the (capitalized) letter of their species allele, and gain energy; thesecond possibility is to ingest atoms of the other element, and lose energy.

The�optimal� (most efficient) behavior requires that species a and b catalyze exothermicreaction by foraging for A or B atoms, respectively, and avoid other atoms by turningaway. The consequences of this optimal collective behavior are conditional upon thebiodiversity of the population; in fact, if one species goes extinct, the optimal carryingcapacity halves because the remaining species can no longer use the other�s by-products. The random behavior is to always move ahead, irrespective of input, and eatevery atom along the way. Biodiversity has no effect on a population with random

The representation of individuals is quite simple. Each organism has two contactsensors signalling the presence of A or B atoms in the facing cell. Its neural net has fourhidden units and two outputs driving a single binary (power=1) motor. The gut hassize=1, i.e., it can hold at most one previously ingested atom between actions. Since

We have run two simulations for this experiment, using

to model two environmentsof different complexity. In the first �easy� environment,

β = 0.1

. The parameters are suchthat the carrying capacity achievable in this environment by the optimal collectivebehavior described above is

pmax = 95

. The population cannot go beyond this limit. Thisenvironment is quite benign and thus there is small pressure to push the populationabove carrying capacity corresponding to the random behavior (

pη =1/2 = 42.75

). In fact,as shown in Figure 12, the population does not go beyond such level within the

In the second �hard� environment,

β = 0.5

and thus the situation is more harsh. The

p^{max} = 75

the random carrying capacity is (

pη =1/2 =18.75

). The ratio between the former and thelatter is almost twice as large as in the easy environment, therefore there is largerselective pressure toward more efficient behaviors. Figure 13 shows the population

dynamics in this simulation. After 50,000 cycles, the population has evolved a collective

0

20

40

60

80

100

0 50 100 150 200 250 300 350 400 450 500 p cycles x 100 max easy envt random

Figure 12: Population size in the easy (

=0.1) environment. The predicted carrying capacities 0 p hard envt

Figure 13: Population size in the hard (=0.5) environment. The predicted carrying capacities

A more interesting statistics in this experiment is the biodiversity of the population,based on the species gene. We have plotted in Figure 14 the evolving biodiversity of the two simulations with easy and harsh environment. In the former the biodiversity goesto zero, which is an absorbing state due to the lack of mutations on the species gene.Therefore one of the two species has gone extinct for good. In the latter, however, thebiodiversity is maintained at its maximum (not an absorbing state) showing perfectbalance between the two species thanks to their capability to consume and replenish

0

0.2

0.4

0.6

0.8

1

0 50 100 150 200 250 300 350 400 450 500 biodiversity cycles x 100 easy envt hard envt

Figure 14: Biodiversity of the population in the two environments of the second experiment. This ismeasured based on the species gene and normalized so that 1, the maximum value, means that half of thetotal population belongs to each species; 0 means that all individuals belong to one and the same species,

We have arbitrarily killed the biodiversity in a variant of the hard environmentsimulation, by setting all species genes to the same allele after 50,000 cycles. This a poorman�s model of some �environmentally unsound� external action, like an oil spill orsome other disaster causing the fracture of the food chain. Figure 15 shows that the

We have extended the simulation in the harsh environment to compare theconsequences of self-preserved vs. killed biodiversity on population dynamics, but alsoto see whether the population size can further increase toward the optimal level if givensufficient evolutionary time. The result of a 500,000 cycle-run (shown only in small partin Figure 15, for clarity) is a very slow improvement that eventually reaches a

0

10

20

30

40

50

60

70

80

0 100 200 300 400 500 600 700 p cycles x 100 self-preserved biodiversity killing biodiversity random

Figure 15: Population size in part of the extended simulations with the hard environment (cf. Figure 13).The normal case with evolving biodiversity is compared with the one in which the biodiversity is killed

This experiment also shows how the environment creates the selective pressures for theevolution of adaptive behaviors. Environmental complexity is measurable here by theratio between the energetic outcomes of the different reactions. This heterogeneity ofselective pressures has a direct impact on the carrying capacity of random behaviors:

When the environment is so benign that the random behavior has a carrying capacityclose enough to that of the optimal behavior, there is not enough pressure for organismto improve their efficiency. Biodiversity in this experiment is not a genetic trait that canbe selected for; it is a collective property of the population. Therefore it is subject togenetic drift in the course of evolution. Since zero is the only absorbing state � onefrom which the population cannot escape � the biodiversity drifts to zero after about8,000 cycles, as shown in Figure 14. From this moment on, all individuals are of thesame species, so only one element can provide positive energy. The carrying capacity ofthe optimal behavior, as it turns out, decreases to only about 11% higher than the

Harsher environments make a random population smaller. Just like too muchenvironmental complexity prevented evolution in the previous experiment, too large a

pressure, however, causes better than random behaviors to evolve, as Figure 13illustrates. At least part of the population catalyzes exothermic reactions, creating by-products that help the other species. This collective behavior, requiring the presence of

both species, can be viewed as a form of mutualism and increases the carrying capacitythanks to the extra energy from by-products. This indirectly pushes biodiversity to a

In other words, we see two selective pressures reinforcing each other. The presence ofindividuals with efficient foraging behaviors in a certain area creates selective pressurein favor of individuals of whatever species is less frequent in that area (they have morefood available), thereby increasing biodiversity. The ecological balance between speciesmaintains carrying capacity at its maximum and thus creates selective pressure in favorof individuals with efficient foraging behaviors. This selective �loop� occurs locally inthe environment, mediated by the resources, yet we observe a larger role of the

Once this coupled adaptive process is �bootstrapped� by a sufficiently complex initialenvironment, it gives rise to behaviors that depend upon the diverse ecosystem. In fact,as Figure 15 shows, the biodiversity annulment has a much more catastrophicconsequence in the complex environment � extinction. This phenomenon is due to thepopulation no longer behaving randomly; each species relies on the existence of theother for providing the resources that can sustain its size. When those resourcesdisappear, the carrying capacity of the environment drops dramatically and the violentpopulation fluctuation that follows leads to extinction. Therefore the environmentdetermines the necessity of mutualism and biodiversity. Ecological balance can provide

In the third experiment, we consider continuously changing environments. Under suchconditions it makes no sense to speak of stable carrying capacity in the sense of Section4; instead, we expect environmental fluctuations to drive the adaptive process in anequally continuous fashion. In particular, we want to model seasons and thereforechoose environments characterized by periodic, sinusoidal patterns of change. To thisend, consider a world with two uniformly distributed elements, with constant

A→ E

A

= E

0

+λ sin 2π t τ ( ) B→ E

B

= E

0

− λ sin 2π t τ ( ) without need of binary reactions and without by-products. Here t represents time(measured in cycles) and

is a seasonal time constant that we will assume to be fixedthroughout a simulation. We can think of the elements as two food sources, e.g., fruits,whose caloric contents vary with the passing of seasons, one reaching its high peak inthe summer and the other in the winter. Note that if

λ > E0

, each food becomes�poisonous� in its bad season. We are interested in observing how the population

adapts to the seasons when either environmental resource alone is insufficient to

Each individual has two contact sensors, signalling A and B atoms respectively in thefacing cell. Because of �unary� reactions, there is no need for gut sensors. There are twohidden units and two outputs driving a binary motor. As in the previous experiment,ignoring input leads to the random behavior of always moving forward, eating allatoms. We can easily derive a �time-averaged� carrying capacity for this behavior and

E = E A + E B = 2E

0Behavior (20), however, neglects the complexity of the environment provided by the

At any given moment (except the instants when

EA = EB = E0

) one element is more long as the other element remains exothermic, this is a less efficient behavior than therandom one; but as soon as the other element becomes endothermic, such poison-avoidance strategy is a winner. It requires, however, that organisms can �track� theenvironment to tell the energetic content of an atom before ingesting it, a capability thatsensors do not provide in our experiment. It is instead possible for the population (or apart of it) to converge on a behavior avoiding one of the two elements (say, B, the onethat first goes through winter). This (sub)population has a carrying capacity again given

E = E^A

The rest of the population (or a part of it) could in theory converge on the opposite

E = E B Following Roughgarden [1971], we expect the adaptive process by endogenous fitnessto favor individuals who are robust in the face of environmental change. Given thesensory limitations, and the fact that a single individual�s behavior is fixed throughoutits lifetime, selective pressure will shift seasonally on those individuals making the bestuse of the current season�s resources. We therefore predict the formation ofsubpopulations of individuals adapted to the different seasons, shifting in relative size

In this experiment we analyze two simulations. The amplitude of environmentaloscillations remains constant in the first, a simpler condition that makes it possible tointerpret the behavior evolved by the population. In the second simulation the oscillations become more and more violent, putting the robustness of the collective

In the first simulation

λ = E_0

, i.e., the energetic value of each element has a minimum ofzero. The situation is illustrated in Figure 16. The fact that the population oscillates, wellcorrelated with A energy, indicates that it is differentiated. Inspection confirms that thefollowing is going on: one subpopulation follows strategy (21) and a second one therandom behavior (20). These are adaptive because both realize the higher energyprovided by A atoms; individuals do not evolve behavior (22) because initially it is very close to the case in which there is no B; and since some B is consumed as well (bythe subpopulation with random behavior), it is slightly higher. However, many B atomsare left over (by the subpopulation with behavior (21)) and later consumed (by behavior(20)) when their energy content is higher. This joint strategy by the two subpopulationsturns out to be a very robust collective behavior, because the available resources areused efficiently. Another source of robustness is the energy contained in the individualreservoirs. The observed oscillations of its population average reflect seasonal 0

50

100

150

200

0 25 50 75 100 cycles x 100 p energy reserve A energy B energy

Figure 16: Results of the simulation with fixed-amplitude energy oscillations. The energy of the twoelements is shown on an energy scale (bottom).

= 5 , a s i n t h e f o l l o w i n g s i m u l a t i o n . T h e p e r i o d i s=5,000. A and B atoms have equal rates of replenishment. The resulting population size is plotted, along

In the second simulation

λ = εt

, i.e., the amplitude of the energy oscillations in thisenvironment increase linearly with time. The situation is illustrated in Figure 17. Atfirst, when the environment is almost stationary (

λ << E0

), the random behavior is goodenough. As the environment becomes increasingly harsh, however, individuals evolve

into subpopulations with differentiated behaviors just like in the previous simulation.Eventually the two elements become in turn poisonous and their ingestion extremely

λ > E^0further evidence for the robustness of the evolved collective behavior. Finally, after -50

0

50

100

150

200

250

300

0 100 200 300 400 500 600 700 800 900 1000 1100 1200 1300 1400 1500 cycles x 100 p A energy B energyFigure 17: Population dynamics of the simulation with increasing-amplitude energy oscillations. Theslope of the amplitude is

cycles

. The energy of the two elements, replenished at equal rates, is

Figure 18 shows the average age of the population in the same simulation. Observingthis changing life-history trait assists us in understanding the dynamics of the adaptiveprocess. From 0 to about 20,000 cycles, age increases steadily. In this phase there is atransition from the initial uniform population with random behavior to a structuredpopulation. The following general trend of decreasing age is an indication of shorterlives caused by increasing environmental harshness. A more interesting point comesfrom inspecting the finer details of age dynamics. Between approximately 20,000 and90,000 cycles average age fluctuates following a single wave form, anticorrelated with Aenergy and population size (cf. Figure 17). As we know by inspection, this indicates thatthe population has split into two subpopulations with behaviors (20) and (21),respectively; average age decreases when population increases (more A births thandeaths) and vice versa. After about 90,000 cycles the age fluctuations become moreconvoluted and reveal a complexity that was not detectable from the population plot. In and B seasons. The explanation is that there are now three subpopulation. Theenvironment has created selective pressure for behavior (22), as adaptive as (21), toemerge. Of course, all subpopulations must eat at least one element and thus eventually

0

1000

2000

3000

4000

5000

6000

7000

0 100 200 300 400 500 600 700 800 900 1000 1100 1200 1300 1400 1500 average age (cycles) cycles x 100

Figure 18: Average age of the population evolving in the environment with increasing-amplitude energy

In this experiment, the increase of environmental complexity (from stability tofluctuations of growing amplitude) drives the differentiation of individuals into acomposite collective behavior. The complexity of the evolving population could bedefined as the number of subpopulations, each with a unique individual behavior, it is

We first observe this (Figure 16) when two subpopulations evolve in a relatively benignenvironment with energies oscillating always above zero and with fixed amplitude.

The synergy of the two subpopulations provides a more robust collective behavior thaneither strategy alone could accomplish. Survival is guaranteed because the best possibleuse is made of available resources � given the limitations of the sensory system. It isworth noting that for a uniform population to accomplish the same, it would benecessary for evolution to adapt behaviors at each season, with an ever-youngpopulation always behaving optimally in its season and dying � replaced by a newgeneration � when the next season sets in. While this might have been possible had weused a much lower reproduction threshold, thus increasing the reproductive rate, itis virtually impossible with the parameters and mutation rates used in the experiment,due to the short duration (

/2) of the seasons. On the contrary, some individuals belonging to each subpopulation survive during their bad season, thanks to the energyaccumulated in their internal reservoir during their good season. This is reminiscent of

Figure 17 illustrates a similar differentiation occurring when the amplitude increaseswith time and brings the oscillating energies below zero. Further analysis of the agestatistics (Figure 18) has shown that as the fluctuations grow and the environmentbecomes less stable, the population splits again and a new subpopulation fills the oneniche that had not yet been taken advantage of � energy from B atoms. This does notimprove the overall carrying capacity, since B atoms were already being consumed bythe other two subpopulations. In fact, no change is observed in the trend of thepopulation curve (Figure 17). Yet we speculate that the emergence of the last behaviorhas the beneficial effect of prolonging the survival of the population, based on theobservation that the long-term decreasing trend in average age becomes less severe in

The work reported in this paper relates to several previous attempts to characterizeenvironmental complexity in simulations of adaptive behavior. The LEE model itselfwas developed to overcome some complications observed in similar, more inclusivemodels [Holland 1992]. Spatial issues have been identified long ago as crucial incharacterizing environmental complexity for both natural and artificial systems[Roughgarden 1971, R�ssler 1974]. Characterizing the ecological consequences ofphysical constraints in artificial and natural environments remains an active area of

Some of the features incorporated into the LEE model have been studied at muchgreater depth by others. We have used metabolism, coupled with environmental of metabolism as a self-sustained complex chemical system is a fascinating open

Local selection and more generally endogenous fitness [Mitchell and Forrest 1994] aredifferent aspects of LEE that we consider key to modeling populations adapting to anenvironment � as opposed to explicitly optimizing some predetermined trait. Gouldand Lewontin [1979] would assume that evolved behaviors are not optimal as apostulate. We instead don�t deny the usefulness of optimality analysis within the LEEframework. In this paper we have indeed been able to assess an evolved behavior�sadaptedness by comparing it against the carrying capacity benchmarks computed for

Previous works with LEE have focused on different issues of adaptive behavior, but arenonetheless related to environmental complexity. In one series of experiments, wesimulated the coevolution of behaviors with morphological traits [Menczer and Belew1994]. The hypothesis considered was whether non-Lamarckian learning could favorthe evolution of informative sensors. The environment was crucial in that it providedthe signals used for reinforcement by the learning algorithm � an idea previouslyexplored by Ackley and Littman [1992]. It turned out that the environment was in factan effective teacher, when the sensory apparatus was able to capture the external

In another set of simulations, also dealing with interactions between phenotypicplasticity and evolution, we considered a more advanced model of (protocultural) trait; a significant delay of this age was observed when offspring were allowed toimitate their parents� behavior during immaturity. The result points to the role ofbehavioral improvements in determining the trade-off for optimal age at maturity. Inthat setting, a different source of environmental complexity is represented by the directcontact among individuals. Such forms of social interaction are not treated in this paper,where individuals interact exclusively through the mediation of environmental

Characterizing environmental complexity can be useful for applications in which asituated agent is to adapt to a real environment. When an agent has to learn appropriateactions by discovering important correlations between performance and environmentalsignals, the topology of the space biases input sequences and thus has tremendousinfluence on the time and space complexity of the learning algorithm [Kaelbling 1993].The different complexity of �ideal� simulated worlds versus noisy, inconsistent, realenvironments is of particular relevance to evolutionary robotics [Nolfi, Floreano et al.1994, Jacobi, Husbands and Harvey 1995]. Endogenous fitness also enables the self-evaluation of evolving robot behaviors. Careful modeling of environments wheremultiple agents can interact by sharing finite resources, or even more directly bysignalling or learning from each other, is important for the design of effective agentswho must carry out autonomous tasks on behalf of the user [Maes 1990]. The collectivebehavior of populations of agents sharing a physical environment is also the object of

A different type of �virtual� worlds are another field of application of the ALifemethods described in this paper. The fast pace of new developments in networktechnology has made distributed information sources an ideal environment forautonomous agents. In the words of Booker [1994], �Intelligent agents are needed to (...)locate information on wide-area computer networks. In applications such as these, anagent must interact with �environments� in which spatial structure is not necessarily themost significant basis for organizing behavior.� To respond to Booker�s challenge, wehave applied the endogenous fitness paradigm � indeed, the very algorithm of Figure

2 � to the design of populations of information agents [Menczer, Belew and Willuhn1995]. The problem is to search and retrieve information relevant to some user queryfrom a large distributed collection of documents such as the World Wide Web. This is ahard task for standard techniques based on manual navigation or indexing, due to thedynamic and distributed nature of the environment and its size. But simulations showthat if the relevant documents in the Web are treated as finite and shared informationresources, agents competing for them can evolve robust and efficient search strategies.The topology of the Web environment � a graph with nodes (documents) connected byhyperlinks � is, to be sure, quite different from the spaces modeled in this paper. Itturns out, however, that by using metrics of locality and velocity appropriate to thisenvironment, it is possible to characterize the Web according to descriptive features thatare useful in both types of space, such as density, patchiness, rates of change, etc. Thisway we are attempting to analyze the algorithmic behavior of the evolving populationof information agents and correlate their performance with the local topology of thesearch environment. One aspect that makes the Web a particularly amenableenvironment for this approach is the communication bottleneck of the underlyingInternet. It is important for distributed algorithms to minimize communication, and this

The endogenous fitness algorithm of Figure 2 has also been applied to another problem� image compression � in which statistical properties of the environment have to be images as 2-D worlds in which a population of agents evolves by selecting areas rich compression algorithm uses the population to adapt compression factors to localenvironmental characteristics. Agents evolve collective behaviors that depend on thelocal texture of the image (e.g., follow edges); their spatial distribution ends upmatching the features of the image. This approach saves up to 50% of storage robustly,

This paper has discussed a computational model that permits analysis of the complexityof adaptive behaviors with respects to the environments in which those behaviors areevolved. Our results could be seen as quantitative explorations of the thesis put forwardby Godfrey-Smith [1996]: �The function of cognition is to enable the agent to deal withenvironmental complexity.� More specifically, in our experiments, different measuresof environmental complexity are dealt with by adaptive populations evolving different

We believe that models like LEE can become powerful tools for studying a broad rangeof issues in ecological theory as well as theoretical, behavioral, and evolutionarybiology. The methods that we have used to characterize different dimensions ofcomplexity can be applied to understanding the dynamics of adaptive populations inother environments for which classic analytical approaches, such as systems of

Ecologists recognize the importance of spatial models, in which relationships betweenmembers of a population and their environmental resources are mediated by thedistribution of such resources in space [Milinski and Parker 1991]. Ideal freedistributions, critical patch size, habitat variability, food gradients, metapopulationsand niche adaptation are all examples of important spatial aspects of the environment[Roughgarden, May and Levin 1989]. There is a lack of models that account for thepotential influences of space on ecological dynamics. Environmental consequences ofthe spatial dimension are often treated by adding ad-hoc variables into partialdifferential equation models. Recently, theoretical explorations of spatial effects haveinvolved models of dispersal and patch turnover, reaction-diffusion, and cellularautomata [Kareiva 1994]. However, experimental investigations to test the majorhypotheses emerging from such models remain missing because field studies are

Roughgarden et al. [1996] have discussed the role and usefulness of computersimulations in biological theory. They identify two classes of minimal models � ideasand systems � in which the contribution of computer simulation can be most effectiveand relevant for biologists. Idea models need not possess the plausibility of a biologicaltheory; they only need to point to the possibility of a certain idea, which can in turninspire biologists to devise experiments in the field to test for more formal hypotheses.Minimal system models, though still very simple, are more plausible and aim toprovide an explanation for some observed phenomenon; their assumptions andconsequences must be testable in the field, so that cooperation with biologists is moreessential. LEE is a framework within which both idea and minimal system models canbe designed easily, as we have tried to show by the three idea models proposed in thispaper. What makes LEE and similar approaches suitable to deal with these issues is thenotion of �situatedness:� resource generation and consumption, selection, and other

Another important feature of LEE populations and behaviors that makes them useful tomodel certain classes of natural systems is their robustness. For this reason we are usinga variation of the algorithm of Figure 2 for modeling populations of parasiticindividuals, such as cancer cells or AIDS viruses [Naviaux et al., in preparation]. Therobustness of these populations is believed to lie in their capability to evolve adaptivemutants. The goal of such a model, from a therapeutic viewpoint as opposed to theexperiments of this paper and simulations of adaptive behavior in general, is to findways to most efficiently kill off the population of adapting parasites. In this case it iscrucial to characterize the factors that make the environment � the host � harshenough to reduce the diversity of the population and thus weaken its ability to

The LEE model has many limitations and possible extensions. To mention just a couple,recombination and development are missing in the current model. Asexualreproduction by cloning has several limits. Recombination may facilitate the adaptive process for many rich environments in which the number of possible behaviors is verylarge [Menczer and Parisi 1992a,b]. Sexual reproduction would also enable us to useLEE for studying the evolution of speciation; sexual selection models have beenproposed in evolutionary biology for this important yet poorly understood problem[Laland 1994, Todd and Miller 1991]. In this paper we have touched on some themes �biodiversity, niche exploitation � that are closely related to speciation (cf. Sections 5.2,

Another desirable consequence of modeling behaviors is that it demands a moreelaborate characterization of the genotype/phenotype distinction [Belew 1993]. Such adevelopmental process would strengthen the role of environment, from selective

Minimal models of behaviors dealing with space, such as foraging, habitat selection,signalling, etc., are buildable with LEE without resorting to many ad-hoc assumptionsrestricting the range of observables. It is also easy to integrate the selective pressures

behaviors studied in this paper have given limited examples of this approach, thatcould be extended to include models of selection deriving from more direct interactionsamong individuals and populations, such as predation, mate choice, communication,

Sociality is the last dimension of environmental complexity. Direct interactions amongorganisms go beyond the characterization of environments grounded on physical space.Examples of social phenomena that we might hope to address [Roughgarden et al. 1996]include interactive signalling, cooperative equilibria, and optimal size of social colonies

We hope that LEE can provide both a rich theoretical framework and a usefulsimulation tool not only for the ALife community, but also for biologists. In this paperwe have demonstrated how it can be used to model selection pressures stemming fromdifferent environments and thereby evaluate the complexity of the correspondingbehaviors. While not necessarily optimal, these behaviors can be regarded as adaptive

We have characterized three forms of environmental complexity and shown how theycreate selective pressures for collective behaviors that match those environments.Gradual patchiness of resources causes efficient foraging behaviors to be evolved.Metabolisms supporting complementary food chains results in the preservation ofbiodiversity, but only in the presence of a sufficient carrying capacity differential infavor of mutual behaviors. Finally, dynamic environments with seasonal fluctuationsdivide the individuals into subpopulations with different behaviors exploiting seasonal experiments taking advantage of endogenous fitness and local selection, the key

The LEE software tool was developed to be used for efficient simulations within theframework of the LEE model. Its latest release and documentation is available viaWorld Wide Web at URL http://www-cse.ucsd.edu/users/fil/ or anonymousftp://cs.ucsd.edu/pub/LEE. The source code is copyright of the University ofCalifornia and its use if free, except for commercial purposes. Copies of the software arealso available at mirror sites on ALife Online, ENCORE/SAFIER, CMU/AI, and other

Ackley, D. and M. Littman (1992) Interactions between learning and evolution. In C.Langton, C. Taylor, J. Farmer and S. Rasmussen (eds.)Artificial Life II. Reading, MA:

Bagley, R.J., J.D. Farmer, and W. Fontana (1992) Evolution of a metabolism. In C.Langton, C. Taylor, J. Farmer and S. Rasmussen (eds.)Artificial Life II. Reading, MA:

Belew, R.K. (1993) Interposing an ontogenic model between Genetic Algorithms andNeural Networks. In J. Cowan (ed.) Advances in Neural Information Processing (NIPS5).

Cecconi, F., S. Mancuso, and D. Parisi (1996) Edge eaters: An artificial life approach to

De Jong, K.A. and J. Sarma (1993) Generation Gaps Revisited. In L.D. Whitley (ed.)

Godfrey-Smith, P. (1996) Complexity and the Function of Mind in Nature. Cambridge

Gould, S. and R. Lewontin (1979) The spandrels of San Marco and the Panglossianparadigm: A critique of the adaptionist programme. Proceedings of the Royal Society of

Holland, J.H. (1992)Adaptation in Natural and Artificial Systems. Cambridge, MA: MIT

Huberman, B.A. and N.S. Glance (1993) Evolutionary Games And Computer

Jacobi, N., P. Husbands, and I. Harvey (1995) Noise and the reality gap: The use ofsimulation in evolutionary robotics. In F. Moran, A. Moreno, J.J. Merelo and P. Chacon(eds.) Advances in Artificial Life. Proc. Third European Conference on Artificial Life.

Jones, T. and M. Mitchell (1993) Introduction to the ECHO model. Santa Fe Institute.

Kareiva, P. (1994) Space: The Final Frontier for Ecological Theory. Special Feature,

Kitano, H. (1994) Evolution of metabolism for morphogenesis. In R. Brooks and P. Maes

Laland, K.N. (1994) On the evolutionary consequences of sexual imprinting.

Maes, P. (1990) Designing autonomous agents: theory and practice from biology to engineering

Mataric, M.J. (1992) Designing emergent behaviors: From local interactions to collectiveintelligence. In J.-A. Meyer, H.L. Roitblat, and S.W. Wilson (eds.) From Animals toAnimats, Proc. Intl. Conf. on Simulation of Adaptive Behavior. Cambridge, MA:

Menczer, F. and R.K. Belew (1996) Latent Energy Environments. In R.K. Belew and M.Mitchell (eds.) Adaptive Individuals in Evolving Populations: Models and Algorithms.

Menczer, F. and R.K. Belew (1994) Evolving Sensors in Environments of ControlledComplexity. In R. Brooks and P. Maes (eds.)Artificial Life IV. Cambridge, MA: MIT

Menczer, F., R.K. Belew, and W. Willuhn (1995) Artificial Life Applied to AdaptiveInformation Agents. Working Notes of the AAAI Spring Symposium on InformationGathering from Heterogeneous, Distributed Environments. Palo Alto, CA: Stanford

Menczer, F. and D. Parisi (1992a) Evidence of hyperplanes in the genetic learning of

Menczer, F. and D. Parisi (1992b) Recombination and Unsupervised Learning: Effects of

Milinski, M. and G. A. Parker (1991) Competition for resources. In J. R. Krebs and N. B.

Mitchell, M. and S. Forrest (1994) Genetic Algorithms and Artificial Life. Artificial Life

Naviaux, R., F. Menczer, J. Hilton, and R.K. Belew (in preparation) Computational

Nolfi, S., D. Floreano, O. Miglino, and F. Mondada (1994) How to evolve autonomousrobots: Different approaches in evolutionary robotics. In R. Brooks and P. Maes

Nolfi, S., D. Parisi, and J.L. Elman (1994) Learning and evolution in neural networks.

R�ssler, O.E. (1974) Adequate Locomotion Strategies for an Abstract Environment -- ARelational Approach. In M. Conrad, W. Guttinger, and M.D. Cin (eds.) Physics and

R�ssler, O.E. (1972) Design for autonomous chemical growth under differentenvironmental constraints. In R. Rosen and F.M. Snell (eds.) Progress in Theoretical

Roughgarden, J., A. Bergman, S. Shafir, and C. Taylor (1996) Adaptive Computation inEcology and Evolution: A Guide for Future Research. In R.K. Belew and M. Mitchell(eds.) Adaptive Individuals in Evolving Populations: Models and Algorithms. Santa Fe

Roughgarden, J., R.M. May, and S.A. Levin, eds. (1989) Perspectives in Ecological Theory.

Rumelhart, D.E. and J.L. McClelland, eds. (1986) Parallel Distributed Processing:Explorations in the Microstructure of Cognition, Vol. 1. Cambridge, MA: Bradford Books

Stearns, S.C. (1992) The Evolution of Life Histories. New York, NY: Oxford University

Todd, P. M. and G. F. Miller (1991) On the sympatric origin of species: Mercurial matingin the Quicksilver Model. In R. K. Belew and L. B. Booker (eds.) Proc. Fourth Intl. Conf.

Todd, P.M. and S.W. Wilson (1993) Environment Structure and Adaptive Behavior fromthe Ground Up. In J.-A. Meyer, H.L. Roitblat, and S.W. Wilson (eds.) From Animals toAnimats 2, Proc. Second Intl. Conf. on Simulation of Adaptive Behavior. Cambridge,

Wilson, S.W. (1991) The Animat Path to AI. In J.-A. Meyer and S.W. Wilson (eds.)

Animals to Animats, Proc. First Intl. Conf. on Simulation of Adaptive Behavior.