1EVOLVING SENSORS IN ENVIRONMENTSOF CONTROLLED COMPLEXITYF. Menczer and R. K. BelewCognitive Computer Science Research GroupComputer Science & Engineering DepartmentUniversity of California, San DiegoLa Jolla, CA 92093-0114 USAEmail:{fil, rik}@cs.ucsd.eduPhone: (619)534-8187, Fax: (619)534-7029Abstract1. Sensors represent a crucial link between theevolutionary forces shaping a species’ relationship withits environment, and the individual’s cognitive abilitiesto behave and learn. We report on experiments using anew class of "latent energy environments" (LEE)models to define environments of carefully controlledcomplexity which allow us to state bounds for randomand optimal behaviors that are independent of strategiesfor achieving the behaviors. Using LEE’s analytic basisfor defining environments, we then use neuralnetworks (NNets) to model individuals and a steady-state genetic algorithm to model an evolutionaryprocess shaping the NNets, in particular their sensors.Our experiments consider two types of "contact" and"ambient" sensors, and variants where the NNets arenot allowed to learn, learn via error correction frominternal prediction, and via reinforcement learning. Wefind that predictive learning, even when using a largerrepertoire of the more sophisticated ambient sensors,provides no advantage over NNets unable to learn.However, reinforcement learning using a small numberof crude contact sensors does provide a significantadvantage. Our analysis of these results points to atrade-off between the genetic "robustness" of sensorsand their informativeness to a learning system.1. IntroductionA defining characteristic of the artificiallife (ALife) perspective, in common withearlier ethological research, is a holistic viewof organisms and their environment, as part ofa single system to be modeled. A criticalaspect of all ALife models, then, is how theorganism/environment "interface" is defined.

1To appear in R. Brooks and P. Maes (eds.) ArtificialLife IV. Cambridge, MA: MIT Press (1994)This specification effectively cleaves themodeler’s problem into two, a model of theinternal "cognitive" system the organism usesto control its behavior, and a model ofenvironmental change, due in part to thesebehaviors. In many ALife models, thecomplexity of the behaviors displayed by theorganism is evaluated without taking intoaccount the role played by the sensory systemand motor system engineered by the modeler.Rather than assuming any such a prioridivision, we propose to investigate theevolution of the organism/environmentinterface itself.The sensory system in particular providesa strong coupling between environmentalcomplexity and difficulty of the survival task.Intelligent behavior may result from complexsensors and trivial processing of thisinformation, or simple sensors and cleverprocessing (Menczer and Parisi 1992; Cliffand others 1993). In fact, experiments byMiglino et al. in which the arbitraryspecification of the sensory interface appearedto have important consequences for learninghelped to motivate our work (Miglino andParisi 1991).Sensors � transducers from externalenvironmental signals to the internal cognitivesystem � therefore represent a crucial linkbetween two distinct adaptive forces. Theyare simultaneously phenotypic features shapedby evolutionary forces to define a species’relationship with its environment, and the"input" channels on which a cognitivesystem’s abilities to act and learn are whollydependent. Features of the sensory systemsuch as determinism, reliability, informationcontent, computational complexity,

2signal/noise level, locality, etc. determine thedifficulty of the task to be performed by theorganism. The same holds for the motorsystem, but in this paper we will limit ourattention to the sensory system.In Section 2 we begin by sketching a newclass of "latent energy environments," and anALife simulator called LEE underlying ourexperiments. LEE allows environments ofcarefully controlled complexity to be definedin terms of the temporal and spatialdistribution of a small number of "atoms" andsimple "chemical reactions" between atomsthat together define the "latent energy"available to support one or more species. Thisconstruction lets us make useful analyticstatements (e.g., bounding the range ofpotential solutions), while still permitting thesort of "open-ended" evolutionaryexperimentation missing from geneticalgorithm (GA) simulations using a pre-specified, exogenous fitness function. Section3 uses LEE as the basis of an analysis ofminimal and optimal behaviors possible inthese environments.In Section 4, we use LEE as the basis ofexperiments using neural networks (NNets) tomodel individuals and the GA to model anevolutionary process shaping the NNets, inparticular their sensors. We report onexperiments using two classes of sensors,"contact" (tactile) sensors which allow anorganism to sense only directly adjacentspace, and "ambient" (olfactory) sensorswhich provide information from a broaderspatial range. We consider variants where theNNets are not allowed to learn, learn via errorcorrection from internal prediction, and viareinforcement learning.2. Latent Energy EnvironmentsThe same ALife coupling of organismswith environments mentioned above bringswith it a major methodological problem withinALife research: results reporting behaviors ofdifferent organisms in different environmentsare incommensurate. It is therefore difficult toassess whether an apparently superiorbehavior is the consequence of moresophisticated adaptive techniques or due torelative complexity of the environments. Forexample, should we be more impressed by theabilities of "amoebas" that successfully evolveto forage for foods (as in (Nolfi, Elman et al.1990; Parisi, Cecconi et al. 1990)), by "ants"capable of following "trails" (as in (Collinsand Jefferson 1992)), or by "agents" that avoidpredators (as in (Ackley and Littman 1992))?It would be very desirable to be able to defineartificial environments of controlledcomplexity, within which a wide range ofALife techniques might be directly compared.On the other hand, traditional geneticalgorithms can be viewed as having gone toofar towards analytically tractable models ofthe environment. The typical GA modelsevery environment as a "fitness" functionreturning a value f(x) for each phenotype x,and the process of evolution as finding thevalue x* optimizing f(). GA theory hasprogressed considerably within this frame, forexample stating conditions on f() which makea search for the optimum "GA-hard" or "GA-easy," but casting evolution as a search foroptimality with respect to a fixed,exogenously defined function leaves much tobe desired in terms of biological veridicality.An ALife environment must also support thespecification of strategies of arbitrary andunanticipated complexity, allowing creative,"open-ended" evolution.Our work builds on several other attemptsto define generic conditions on environmentalcomplexity that are analytically tractablewithout constraining evolution’s creativepotential. The physicist Otto R�ssler observedthat varying food density could be used as asimple metric on the complexity of anenvironment facing an organism (R�ssler1974). Even a random walk is an adequateforaging technique if food is abundant, butmore coherent movement is required if thefoodstuffs are more widely spaced; in evenmore scarce environments, the foragingorganism may need to depend on landmarks,cognitive maps, etc. Wilson has pursued asimilar analysis of environmental complexityas a function of spatial food density (Wilson1991).Food density is clearly a useful dimensionfor ALife simulation, but this singledimension of environmental variability mustbe extended to include other factors if we areto be able to test the full repertoire of ALifemodels. Holland’s recent ECHO modeldescribes an extraordinarily rich domain inwhich many intra- and inter-specic

3evolutionary questions might be explored(Holland 1992; Jones and Mitchell 1993). Asmall set of basic elements and rules by whichthese are combined, metabolized andreplicated are defined, and conventionalconstructs such as "organism," "species,""predator," etc. emerge indirectly. In fact therange of possible experiments, or outcomes toa single experiment in ECHO is so broad that,like real biological systems, its behavior isoften extremely difficult to analyze."Latent energy environments" (LEE) are amodest step from the single dimension of fooddensity towards the richness of the ECHOmodel. The first step is to break up theconventional notion of "food." Food istypically modeled as a spatially localizedelement of the environment, consumption ofwhich is directly correlated with an organism’sfitness. Instead of food, LEE environmentsare filled with "atoms" (e.g., A, B and C) thatmust be combined by organisms in order torealize the "energy" given off by various"chemical reactions".2 These reactions maybe exothermic or endothermic (i.e., give offpositive or negative energy) and may give offother atoms: a reaction can thus be representedas A + B fiEnergy+Byproducts. A LEEenvironment is specified by defining the set ofatoms, their spatial and temporal distribution,and the chemical reactions over these atoms.The set of possible reactions can berepresented by the entries of a symmetricreaction table representing the "physics" of theenvironment, which typically remains constantthroughout a simulation.We can now define two critical features ofa LEE environment. The latent energy of anenvironment is the total potential energyavailable from all reactions over the atoms inthe environment.3 By controlling the rate at

2It is important to caution that our use of physical andchemical terminology (�atoms,� �reactions,� �energy,�work,� etc.) is metaphoric. In particular, in the contextof our investigation of sensors, we are not trying tomodel the low-level physiological physics of receptors.3 In fact, latent energy is not well-defined for arbitrarilyspecified reactions. If the reactions are carefullydefined, however, the amount of energy latent in anenvironment can be derived directly from the atomicdistributions.which atoms of each type are introduced, wecan regulate the amount of potential energyavailable in its latent form, while actualenergy can ultimately be realized only upondynamically choosing a reaction sequence.Second, the amount of work required torelease the latent energy is defined in terms ofthe distance one of the atoms in a reactionmust be moved in order to be brought intocontact with the other. This is just the correctmetric for evaluating organisms who mustharvest energy to survive, and whosefundamental behavior, as will be shown in thenext section, is movement. By controlling thespatial distributions of atom types in theworld, we can dynamically regulate theamount of work required to combine them.In short, we have quantitative knowledgeof and control over the latent energy availablein a world, how much work must be done inorder to realize this energy, and how difficultit therefore is for an organism (or ecology oforganisms) to survive, without specifying justhow the latent energy is to be realized by oneor more species. The monitoring of populationdynamics makes it possible to compareecologies in different environments, in termsof how efficiently each exploits the energylatent in its own environment.

2.1. Modeling individuals’ behaviorThe defining feature of the LEE model isthat energy in an environment can only bereleased through the behaviors of organisms.Behaviors induce reaction sequences, thuscatalyzing the transformation of latent energyinto actual, life-giving energy. The notion ofbehavior -- actions taken by the organism thatchange the world and/or the organism�srelationship to the world -- immediately bindsan organism to its environment in an intrinsicway. Thus we take movement to be ourcanonical behavior, in part because this overtaction is most easily observed.In the experiments reported here wemodel the mapping from sensory states tomotor actions using well-studied feed-forward neural networks. An aspect of realorganisms that is often forgotten by cognitivescientists is that these three components of anorganism’s cognitive apparatus are but a subsetof a more inclusive s o m a , with adaptiveconsequences in its own right. We briefly

4describe each of these four components ofLEE organisms below.Soma: There are two features of anorganism’s body that are relevant to theexperiments reported here. First, eachorganism is assumed to have an internal cavitywe call its gut. We will assume that every gutis capable of holding a single atom. Anorganism automatically ingests any atom overwhich it travels, causing this atom to be placedin its gut. If the gut already contains an atomand the new atom causes them to be involvedin a reaction, the reaction is performed and theorganism either accrues (exothermic reaction)or loses (endothermic reaction) energy. Thesecond feature of a body is that it determinesthe placement and orientation of an organism’ssensors and motors. While none of thesesomatic characteristics are varied or allowedto evolve in the experiments reported here, thegut will be shown to function as an importform of "memory" in Section 3.2, and twodifferent sensor configurations are consideredbelow. More generally, LEE’s somatic modelhas been designed to explore what often seemsill-founded discrimination into "cognitive" and"non-cognitive" features.Sensors: The sensory system receivesinformation from both the world "outside" theorganismic membrane and from "inside" itsinternal soma. Sensors define the mappingfrom these sources of information and thebrain’s input. In general, LEE sensors maydiffer in range, directionality, sensitivity,resolution, specificity, accuracy, etc. Here wewill consider only two types of sensor,contact and ambient. Contact sensors providea binary presence/absence indication of asingle atom type in the space directly adjacentto the sensor. Contact sensors are sufficient tosupport avoidance behaviors, but notapproach. Ambient sensors provide anindication of a particular atom’s presence,summed over cells in a neighborhood of thesensor and weighted inversely according totheir distance4. Ambient sensors can underlieapproaching behavior only if the brainpossesses either a memory to compare

4 In these experiments the metric is definedbehaviorally, in terms of the number of moves requiredof the organism to reach this location. Given the simplemotor system, this distance is well-specified.temporal differences in a single sensor, ormultiple ambient sensors placed and orienteddifferently to compare spatial differences.Motors: Motors function as the outputeffectors of the organism, changing itslocation or orientation with respect to a fixedenvironment referential frame. In general,they may differ in range, energetic efficiency,accuracy, etc. In these experiments we useexclusively a very simple motor system usedby others (Nolfi, Elman et al. 1990; Parisi,Cecconi et al. 1990). Two binary outputchannels (left and right) control a single motorallowing one of four moves: stand still (00),turn 90 degrees right (10) or left (01), or goone cell forward (11).

5reinforcement learning. NNet weights aremodified only immediately after actionscatalyzing a non-zero energy reaction using asimplified version of associative reward-penalty.

6population , with the relevant time scale beingthat of generations. These two perspectives onLEE are suggested by the two windows fromthe Macintosh interface to the LEE simulatorshown in Figure 3.5 One shows a populationof organisms scattered over an environmentcontaining a uniform distribution of two atomtypes, and the other shows an expanded viewof an individual’s NNet.In LEE the construct tying an individual’sbehaviors to its evolutionary fitness is theenergy it accrues in its gut by "metabolizing"reactions. If ever the organism runs out ofenergy, it dies. If it collects more than a fixedthreshold of energy in this way, it asexuallyreproduces. A critical observation is that thisform of fitness is intrinsic to LEEenvironments, resulting directly fromcompetition for resources within thepopulation rather than being extrinsicallyapplied as an evaluation on individuals(Mitchell and Forrest 1993).After a LEE environment is specified, asimulation is begun by randomly placing aninitial population of organisms within it. Foreach time step, every organism executes abasic life cycle:for each cycle {

for each alive organism { sense world;

feed forward activations;

move;

digest;/* catalyze reactions */ learn;/* change NNet weights */ if (energy > a) { reproduce;/* copy genotype */ mutate;/* new genotype */

}else if (energy < w) die;

}replenish world;

}5C source code and documentation for release 1.* ofLEE (Menczer and Belew 1993) is available byanonymous ftp from cs.ucsd.edu (132.239.51.3) in thepub/LEE directory. From the World Wide Web, useURL http://www-cse.ucsd.edu/users/fil.This cycle is repeated indefinitely, withorganisms foraging independently in a sharedworld until some die, other reproduce, andtheir offspring repeat the process. Animportant consequences of this "steady-state"version of a genetic algorithm (DeJong andSarma 1993) is that the population size doesn o t remain constant throughout anexperiment. Analysis of this dynamicvariable, and its connection to individualbehaviors, is considered in the next section.In addition to specification of selectivepressures deriving from relative fitness, aDarwinian process must also have amechanism for generating variation. In theseexperiments we will consider only randommutations (i.e., there is no sexualrecombination/cross-over) of two classes ofgenotypic characters. The first are the typesof atoms the sensors sense (A,B,C, etc.). Withsmall probability (0.05) an offspring’s sensormay signal a different atom type than thecorresponding sensor in its parent. Thesecond class of genotypic features are theNNet’s weights. In all of the experimentsreported here, weights are represented asfloating-point numbers, and mutationperformed by adding random, uniformlydistributed noise.3. Analysis

3.1. FitnessHow can we measure how well behaviorsare adapted in the environment? Thecharacteristics of an environment allow us toestablish a connection between the size of anevolving population and the averageadaptation of the observed behaviors in thepopulation. The finiteness of environmentalresources imposes a limit on how manyindividuals can be sustained: we identify thismaximum population size with the "carryingcapacity" of the environment. For example,extinction indicates that the carrying capacityof the environment is insufficient to support apopulation large enough to withstandstochastic fluctuations.To see how to quantitatively estimateoptimality of behaviors by monitoring thepopulation size throughout an experiment,consider the relationship between latent

7energy and population size in a particular,very simple and regular reaction table forthree atomic atoms, A, B and C:

A B C

A − βE E −

B E − βE − C − − −

(1)where E>0, |§|<1 and a dash indicates noreaction. These conditions insure the non-zero-sum energetic content on theenvironment necessary to avoid extinction atthe onset of the evolutionary process.Notice that the matrix (1) is symmetric, soorder of ingested atoms does not matter. Wecan characterize two different strategies, onefor combining A and B atoms catalyzingexothermic reactions, and one combininghomogeneous atoms catalyzing endothermicreactions. In fact, a single parameter can beused to measure the relative frequency ofthese two strategy types (see below). Sincewe know C atoms to be causally irrelevant, weleave them out of the environment entirely.The rates of replenishments for the other twoatoms is r(A)=r(B)=1.Table (1) needs to be augmented withknowledge about the spatiotemporaldistributions of the atoms in order todetermine the environmental complexity ofthe survival task. Let us assume theenvironmental resources are introduced withuniform distribution in space and time, at rater (measured in atoms per unit time and area).It is important to note that these resources areshared by the population: these conditions leadto density-dependence of fitness (Stearns1992). Finally let us define a small constantcost, e, incurred every time that an organismmakes a move. It is then easy to show(Menczer and Belew 1994) that atequilibrium, the expected population size p isgiven by:

p = rEε (η + ηβ − β)

(2)where h is the time-average of the fraction ofcatalyzed reactions yielding energy E.Equation (2) provides an important linkbetween optimality of behavioral strategies,expressed through h, and population size. Inparticular, the case of optimal behavior (h=1 )corresponds to the maximum sustainablepopulation, i.e., the carrying capacity:

(3)Conversely, to estimate the optimality of apopulation’s behavior at equilibrium bymeasuring the population size, we can solve(2) for h:

(4)Another useful bound results from behaviorsin which individuals are as likely to catalyzeexothermic as endothermic reactions. Thisresults in a "random choice" population level:

(5)Equations (3) and (5) give us an upper boundand a baseline, respectively, to measure theaverage fitness of the population. We haveshown elsewhere (Menczer and Belew 1994)how to use these equations to make accuratepredictions about the outcomes of simulationswith simple environments, and to comparebehaviors in different environments.When evolved behaviors allow organismsto make a more efficient use of the latentenergy, an increase in h follows and there is atransition to a new equilibrium. How can wecharacterize at the individual level the increasein fitness observed at population level? Duringthese phases density dependence is no longerthe sole fitness factor, and thus carryingcapacity is neither a sufficient predictor ofpopulation size nor a satisfactory fitnessmeasure. Population size and average age, onthe other hand, remain very well correlated atall times (the correlation coefficient beingm~0.8). This suggests a connection betweenage and individual fitness. To clarify theconnection, let us introduce a fitness measurethat can be used without bias. Expectedreproductive success is typically defined as:

8 R_0 ≡ E #offsprings lifetime

.(6)To find the relationship between R0 andpopulation size, we can use two sensibleassumptions. First, the number of offspringgenerated up to age a grows linearly with a:

n(a) ≈ ρ a

(7)where r is a constant called reproductive rate.Second, in agreement with measured agedistributions in LEE (Menczer and Belew1994), the number of organisms having age aat any given instant follows the Euler-Lotkaequation (in the continuous limit):

N(a) ≈ pe− a a < amax

0 a ≥ amax

.(8)Using (7) we find

Ro = n(a)da

0amax∫ = ρ2 amax2

.(9)To find amax notice that, from (8),

N(amax ) ~1 pe− amax ~1 amax ~ ln p

(10)and thus we conclude:

R0 ∝ (ln p)2

.(11)Equation (11) establishes a link betweenexpected individual fitness and population sizewhich remains valid even when the behaviorof the organisms is improving and thusequation (4) is of no assistance. Furthermore,it provides a way to measure selectivepressures between different behaviors fromdifferences in population size.

3.2. A priori strategiesUsing only contact sensors, it is notpossible to approach atoms. Atoms must beencountered by some type of "blind" foragingpattern. Given the toroidal structure of theLEE world, always moving straight ahead istypical. With only blind foraging allowed, andfor the environment described by table (1), theoptimal behavior is:IF the gut is empty, eat.

ELSEIF the adjacent cell’s content is the same as the content of the gut, turn

ELSE, go forward.

To implement this o p t i m a l strategy, thesensory system should ignore C’s anddiscriminate A from B with both gut andexternal sensors. Assuming the availability ofgut and contact sensors giving accuratediscriminating information, an (example of)optimal NNet function can be represented bythe following table:GutEnvtLeftRight

AA10

AB11

BA11

BB01

Note that this table simplifies the space ofpotential behaviors from the entire repertoireof available sensors in order to focus on thefour consequential decisions. To make thediscriminations necessary for this optimalstrategy, one of the gut’s two sensors mustsense A and the other B, and the same must betrue of the two environmental sensors.If some sensors give information that isonly partially discriminating, then onlysuboptimal strategies are possible. Forexample assume that the gut’s sensors are asabove but the environmental sensors bothsense A. With this limited information, thebest possible strategy is:IF the gut is empty, eat.

ELSEIF both the gut and the adjacent cell’s contents are A, turn.

Critically, the NNet implementation of thissub-optimal strategy:GutEnvtLeftRight

A?11

B?11

9depends on learning a function very much like"inclusive OR," which is known to be muchsimpler than the "exclusive OR" functionunderlying the optimal strategy above.4. Experiments

4.1. ControlsThe first experiment is made of twocontrol simulations aimed at measuring thebaseline and best performance obtainable byevolving the network connections alone. Thereis no learning during life, and no evolution ofsensors. Later experiments can be comparedwith these controls to see how much evolvedsensors are better (worse) than the worst (best)possible sensors we can design.The worst possible sensors are those thatleave the organism blind, i.e., without anyinformation whatsoever about the gut or theexternal environment. This is done by settingall sensors to C, so that the inputs of the NNetare always zero: the adapted weights mustimplement constant actions, independent ofthe environment, i.e., a "random choice"strategy. The best possible sensors are thoseallowing organisms to discriminate between Aand B atoms. This is done by setting bothsensor pairs to A,B: the adapted weights mayuse the "full information" signals toimplement the optimal strategy.The results are shown in Figure 4.Population averages are over differentsimulation runs. Random choice, as expected,cannot show any improvement past the veryinitial phase in which the strategy to alwaysmove sets in. Full information sensors, on theother hand, allow near-optimal convergence.To see this, note that the population size at theend of the simulations corresponds to anaverage fraction h~0.87 of positive energyreactions (from equation (4)). Another way toassess the optimality of the evolved populationis by the selective pressure in terms ofreproductive success ratio: R0/ R 0( p max)~0.93(from equation (11)). These measures matchthe observation that the majority of organismsat the end of the simulations exhibit behaviorsc o r r e s p o n d i n g t o t h e o p t i m a l s t r a t e g y ( c f . previous section).

100
200
300
400
500
600
700
800

   0 100 200 300 400 500

<p>

                         cycles x 100

    full info
random choice

We now want to test whether evolutionalone can adapt sensory systems whilecoadapting connection weights with theinformation provided by the sensors in orderto produce good behaviors. Thus no learningoccurs during life in the experiments reportedin this subsection, and the sensory systemevolves as illustrated in the previous section.The only gut and contact sensor pairs whichafford the information necessary for theoptimal strategy are A,B and B,A. In eithercase, we expect the population to converge tooptimal percentages of 50% for A (and B)

Figure 5 reports the resulting evolution ofsensors in this experiment by plottingpercentages of A and C summed over allsensors. The B percentage is not shown forclarity (it can be obtained by subtracting thoseof A and C from 100%, and its expectedoptimum is identical to that of A). Althoughthe tendency is as predicted, the large errorbars indicate the importance of randomgenetic drift in these experiments. Uponrepeating the simulation for different runs,sensor percentages converge to highly

Our interpretation of the large drift is thatonly about 5% of the possible sensorconfigurations (4 out of the total 3

the optimal strategy to evolve. Furthermore,these configurations do not all share the samecoadapted connection weights, so the resultingbehavior is very fragile in the face of

suboptimal strategy like the one shown in theprevious section can be implemented with28/81~35% of the sensor configurations.While this strategy results in somewhat not only more configurations can achieve it,but more importantly, many of them functionwith the same network weights. This followsnaturally from some of the sensors beingredundant with respect to the suboptimalstrategy: these sensors can be mutated withoutaffecting the network behavior. Suchredundance is also the source of the observedgenetic drift:

and are twofaces of the same selective pressure againstoptimality. To be sure, optimal sensors aregenerated from mutations at all times, but theyare destroyed before the connections evolve tothe coadapted weights. The fact that thesuboptimal strategy is the winning one is alsoconfirmed by looking at how organisms at the

One way to increase the selective pressuretoward the optimal strategy is to increase theenvironmental complexity. This is easily donewith LEE by dynamic changes in theparameters describing the environment, suchas the reaction table entries or thespatiotemporal distributions of resources. Wehave compared the experiment above with onein which the environment becomes

parameter linearly with time, so that

c y c l e

. T o s e e t h a t t h i s corresponds to increasing complexity, noticethat the random choice behavior ceases to be av i a b l e s t r a t e g y , r e s u l t i n g i n i n e v i t a b l e e x t i n c t i o n a s s o o n a s=1 (zero-sum

The population levels for constant

/dt=0) and variable environments areplotted in figure 6. Notice that the minimumfor the changing environments is reachedwhen

=1 (3000 cycles). After that, thepopulation average performance isconsistently better in the more complexenvironments. It is important that, althoughthe population levels are about the same at theand of the simulation, they do not correspondto equal performances: for example, recallfrom (4) that p~700 corresponds to

a fixed environment, but to

~0.97 in achanging environment. In fact, almost all theorganisms evolved in complex environmentsexhibit the optimal behavior at the end of thesimulation. However, the population reachesthe same size in the two experiments:evolution has reached its reproductive successgoal, which, in agreement with (11), does not

  0

0.2

0.4

0.6

0.8

  1

   0 100 200 300 400 500

<% sensor>

                                 cycles x 100

                    A

                    C

100
200
300
400
500
600
700

<p>

   fixed envt
changing envtFollowing the hypothesis that learningmay facilitate the evolution of informative

potential to impose an extra selective pressureon the sensory system (without making theenvironment more complex) and consequentlyreduce the drift. A requirement for anylearning mechanism in our model is the

assumption that there be no additional"teaching" input available to the organism,beyond the relatively neutral stimulus of theorganism�s environment. This would seem topreclude many successful "supervised"learning techniques, e.g., back-propagation(Rumelhart, Hinton et al. 1986). However, ifthe organism is simply forced to

theexpected outcome of its actions, differencesbetween its expectations and the actualoutcome can generate the same sort of errorinformation, without any additional teacher

1990). This motivates our first choice,prediction learning using a standard back-propagation algorithm

. I f a n o r g a n i s m ’ s learning system can converge on a consistentexplanation of the world that can be of aid int h e s u r v i v a l t a s k , w e m a y e x p e c t t h a t t h e Baldwin effect will facilitate the evolution of

 50
100
150
200
250
300
350
400
450

   0 100 200 300 400

<p>

                     cycles x 100

without prediction

   with prediction

To increase the selective pressure againstthe random choice strategy without changingthe corresponding carrying capacity, we havemodified the environments in this experimentby clustering the A and B sources withgaussian distributions. To avoid initialextinction, we have compensated this added

=1/3. Results are plotted infigures 7 and 8 for population size and sensorpercentages, respectively. The observedperformance is consistently generated byevolved behaviors which perform some

approaching, but as far as combining atomscorrespond to the suboptimal strategydiscussed above. Good approaching strategiescan improve fitness only to a limited extent inour environments, therefore these resultsbasically show that prediction learningprovides no significant advantage overevolution alone, neither for fitness

  0

0.2

0.4

0.6

0.8

  1

<% sensor>

A without prediction

   A with prediction

C without prediction

   C with predictionThis apparently disappointing result isactually of assistance in understanding thenature of the information afforded by ambientsensors and their interaction with theprediction learning algorithm. One difficultyrelated to these sensors is the

oftheir signals, because the function of the invertible (many-to-one). In this sense, theinformation they provide is harder to use thanfor contact sensors, even though theoreticallyit allows prediction because less local.Another difficulty related to predictionlearning is that the prediction task is not well

with the survival task. One way to suicidal behavior. Another reliable predictionin these environments is the absence of Catoms, i.e., a zero signal from all inputscorresponding to C sensors. Therefore thelearning process drives phenotypes towardbehaviors that are not useful because based onblind (C) sensors. Figure 9 shows a scatterplot of R

fitness and sum-squared-errorduring a typical run with fixed, full

information sensors. The prediction error is

~0.86), confirming that evolution selectsagainst good predictors and thus this type oflearning is unlikely to facilitate evolution in

16
18
20
22
24
26
28
30
32
34

  0 5 10 15 20 25 30

(ln p)^2

SSE (100 cycles)

From the result of the previous experimentwe certainly cannot draw the conclusion thatlearning in general cannot interactconstructively with evolution, but rather theobservation that prediction learning is notappropriate for our simulations. Therefore weneed another unsupervised learning algorithm,with the same motivation as for predictionlearning: to determine whether the Baldwineffect can facilitate the evolution ofinformative sensors. However, we seek alearning algorithm whose error criterion isbetter correlated with the fitness of thesurvival task, and for this we turn toreinforcement learning. A number of authorshave explored the use of reinforcement learning in conjunction withNNets, GAs, and ALife (Ackley and Littman1990, 1992; Barto and Anandan 1985;Whitley et al. 1991). Evolution itself can beviewed as a form of reinforcement searchalgorithm, but the reinforcement signal (deathor reproduction) is heavily delayed and ofrelatively little use during life (Ackley andLittman 1992). If however a usefulreinforcement signal is made available by anorganism’s interaction with its environment,then it can be used to determine an errorinformation directly from the associationbetween inputs and actions. Such a signal isindeed present during the life of organisms inLEEs: the changes in internal energyfollowing their actions. An increase in energycorresponds to a reward, a decrease to apenalty, and we expect the correspondingerror criterion to be more closely related to the

To use reinforcement learning inexperiments on the evolution of sensors, wego back to the simpler situation in which onlycontact sensors are used. So the only actionsthat determine the fitness are those choosingwhether or not to eat a food when it is sensedby the contact sensor, based on the gutcontent. Notice that this setting avoids theproblem of delayed reinforcement altogether.Therefore we use reinforcement to modifyweights only immediately after actionscatalyzing reactions. The implemented reward-penalty (Barto and Anandan 1985).When a change in energy |

occurs, a

r = sgn(ΔE)is generated (this does not violate ourassumption that there be no external teacher,since the reinforcement can be generatedinternally, without intervention of cognitiveskills). This is used to produce a teaching

o_i^t =

H o_i − 1 2 r = +1

1− H o_i − 1 2 r = − 1

where

is Heaviside step function and

isthe activation of output

(before being clippedto 0/1). The classic delta rule is then used for

Δw_{ij} = γo_jδ_iwhere

=0.1 is the learning rate. The deltafunction for output units is

δi = oit − oi

and forhidden units it is obtained by standard error

Figures 10 and 11 show the results ofadapting sensors with evolution alone andwith reinforcement learning, respectively. Asignificant reduction in drift and increasedselective pressure toward informative sensors(e.g., against C sensors) is observed in thesimulations with learning. This reflects thefact that in a greater fraction of the runs thepopulation converges to full informationsensors (approximately 50% A, 50% B and noC) and optimal behaviors as defined in the

  0

0.2

0.4

0.6

0.8

  1

   0 100 200 300 400 500

<% sensor>

                               cycles x 100

                                                                  A

                                                                  C

0

1

                                                                  A

                                                                  C

theoretical framework and a useful simulationtool for the ALife community. In this paperwe have demonstrated how it can be used to and thereby measure the complexity of asurvival task. An important emerging featureof the model is its emphasis toward behaviorswhich are

as opposed to

intheir environments. This adresses a commoncriticism of biologists toward adaptationistmodels of evolution as an optimization

We have reported on the use of LEE to that has turned out to be an unexpectedlydifficult problem due to the interdependencebetween the NNet implementing a behaviorand the sensory interface producing theinformation upon which the behavior must bebased. We have shown that, if the cognitivecapabilities provided by learning are wellcorrelated with those required for survival in aparticular environment, then phenotypicleaning can assist adaptation in thatenvironment by facilitating the evolution of

The model has been successfully appliedto other issues, such as assessing the adaptiveadvantages of random individual plasticity innon-stationary environments (Menczer 1994)and studying the evolution of age at maturityin the presence of cultural transmission byimitation (Cecconi et al. in preparation). In thenear future we intend to use LEE for researchon several other issues, including:development and morphology of both somaticand cognitive characteristics; sexualreproduction; emergence of speciation;multiple species ecologies; and predator-preypopulation dynamics. Further work isnecessary to better understand therelationships between different types oflearning and evolution in environments of

This project originated from conversationswith Stefano Nolfi and Domenico Parisi at theInstitute of Psychology of the National

Jeff Elman, Greg Linden, and FedericoCecconi have contributed to the code. We alsothank Federico Cecconi and everyone in theCognitive Computer Science Research Group,in the CSE Department at UCSD, for helpfuldiscussions on many modeling and

Ackley, D. and M. Littman (1990).

Generalization and

Information Processing Systes (NIPS2), San Mateo,

Ackley, D. and M. Littman (1992). Interactionsbetween learning and evolution.

Artificial Life II Eds.C. Langton, C. Taylor, J. Farmer and S. Rasmussen.

Barto, A. and P. Anandan (1985). Pattern RecognizingStochastic Learning Automata.

IEEE Transactions on

Cecconi, F., F. Menczer, and R. Belew (in preparation).Learning and the evolution of age at maturity. To be

Cliff, D., P. Husband, and I. Harvey (1993). Analysisof evolved sensory-motor controller. In

European Conference on Artificial Life (ECAL93),

Collins, R. and D. Jefferson (1992). AntFarm: TowardSimulated Evolution.

Artificial Life II

C. Taylor, J. Farmer and S. Rasmussen. Reading, MA,

DeJong, K. and J. Sarma (1993). Generation GapsRevisited.

Foundations of Genetic Algorithms 2, San

Gould, S. and R. Lewontin (1979). The spandrels ofSan Marco and the Panglossian paradigm: A critique ofthe adaptionist programme.

Proceedings of the Royal

Holland, J. (1992).

Adaptation in natural and artificial

, Second Edition. Cambridge, MA, Bradford

Jones, T. and M. Mitchell (1993). Introduction to the

Menczer, F. (1994). Changing Latent EnergyEnvironments: A Case for the Evolution of Plasticity.University of California, San Diego. Technical report

Menczer, F. and R. Belew (1993). LEE: A Tool forArtificial Life Simulations. University of California,

Menczer, F. and R. Belew (1994). Latent EnergyEnvironments.

Plastic Individuals in Evolving

Eds. R. Belew and M. Mitchell. Reading,

Menczer, F. and D. Parisi (1992). Recombination andunsupervised learning: effects of crossover in thegenetic optimization of neural networks.

Miglino, O. and D. Parisi (1991). Evolutionary stableand unstable strategies in neural networks.

Mitchell, M. and S. Forrest (1993). Genetic Algorithmsand Artificial Life. Santa Fe Institute. Working paper

Nolfi, S., J. E. Elman, and D. Parisi (1990). Learningand Evolution in Neural Networks. University of

Parisi, D., F. Cecconi, and S. Nolfi (1990). Econets:Neural networks that learn in an environment.

a n A b s t r a c t E n v i r o n m e n t - - A R e l a t i o n a l A p p r o a c h .

Physics and Mathematics of the Nervous System Eds.M . C . M , W . G . W a n d M . C i n . N e w Y o r k , N Y ,

Rumelhart, D., G. H. Hinton, and R. Williams (1986).Learning internal representations by error propagation.

P a r a l l e l D i s t r i b u t e d P r o c e s s i n g : E x p l o r a t i o n s i n t h e

M i c r o s t r u c t u r e o f C o g n i t i o n E d s . D . R . D E a n d J . M c C l e l l a n d . C a m b r i d g e , M A , B r a d f o r d B o o k s ( M I T

S t e a r n s , S . ( 1 9 9 2 ) .

T h e E v o l u t i o n o f L i f e H i s t o r i e s

Whitley, L., S. Dominic, and R. Das (1991). Genetic

W i l s o n , S . ( 1 9 9 1 ) . T h e A n i m a t P a t h t o A I .

Animals to Animats: First Intl. Conf. on Simulation of

Adaptive Behavior, Cambridge, MA: Bradford Books