Action-Selection in Hamsterdam: Lessons from EthologyBruce BlumbergMIT Media-LaboratoryE15-305F20 Ames St., Cambridge Ma. 02139bruce@media.mit.eduAbstractA computational model of action-selection ispresented, which by drawing on ideas fromEthology, addresses a number of problemswhich have been noted in models proposed todate including the need for greater control overthe temporal aspects of behavior, the need for aloose hierarchical structure with informationsharing, and the need for a flexible means ofmodeling the influence of internal and externalfactors. The paper draws on arguments fromEthology as well as on computationalconsiderations to show why these are importantaspects of any action-selection mechanism foranimats which must satisfy multiple goals in adynamic environment. The computationalmodel is summarized, and its use inHamsterdam, an object-oriented tool kit formodeling animal behavior is discussed briefly.Results are presented which demonstrate thepower and usefulness of the novel featuresincorporated in the algorithm.1. IntroductionThe problem of action-selection is central to the largerproblem of building animats that function robustly incomplex and dynamic environments. Specifically, theproblem for the animat is to choose the "most appropriate"set of motor actions to perform from its repertoire ofpotential actions, given some set of internal needs andexternal stimuli. In the case of animals, "most appropriate"may be measured against some performance criteria such asmaximizing their reproductive success. In the case ofanimats, Maes and others [Maes93, Tyrrell93, McFarland93,Wilson85] have discussed a variety of criteria against whichthe appropriateness of a set of actions might be measured.A number of action-selection algorithms have beenproposed by ethologists [Lorenz73, Tinbergen50,Baerends76, Davey89, Dawkins76, Ludlow76,80,McFarland75, Toates83] as well as computer scientists[Maes90, Brooks86, Rosenblatt & Payton89, Tyrrell93].The ethological models are often conceptual rather thancomputational models and much is left to the discretion ofthe reader as to how one might implement such a scheme.With the exception of Tyrrell, the computational modelsproposed by computer scientists bear little resemblance tothe models proposed by classical ethologists such asBaerends and Tinbergen. Nonetheless, the computationalmodels have been used successfully in a number ofapplications, and their very success has called into questiontraditional AI approaches to planning[Maes93].At least one researcher[Tyrrell93], however, has notedthe difficulty of applying, without modification, the modelsof Brooks[Brooks86], Maes[Maes90], and Rosenblatt andPayton[Rosenblatt89] to the problem of modeling action-selection in animats whose behavior is to mirror that of realanimals. While one may view the difficulties noted byTyrrell as being specific to the problem of modeling animalbehavior, a more serious and general concern may belurking. Namely, previously proposed computational modelsof action-selection may be missing elements essential torobust action-selection in animats whose behavioralcomplexity (i.e. in the number of needs which must be met,and in the range of potential actions which may be taken)approaches that of real animals.This paper presents an ethologically-inspiredcomputational model of action-selection which improves onexisting models in three areas. These include:The Need for Greater Control Over the TemporalAspects of BehaviorComputational models of action-selection proposed todate have difficulty providing "just the right amount ofpersistence". That is, it is difficult to control the temporalaspects of behavior so as to arrive at the right balancebetween too little persistence, resulting in dithering amongactivities, and too much persistence so that opportunities aremissed or that the animat mindlessly pursues a given goal tothe detriment of other goals. The computational modelpresented in this paper addresses this problem byincorporating an explicit model of inhibition and fatigue first proposed by Ludlow [Ludlow76,80]. The benefits ofthis approach include:¥ It provides control over the level of persistenceassociated with an active activity, thus reducing thechances of dithering, while still allowing foropportunistic behavior.¥ It provides a natural mechanism for modeling thephenomena of time-sharing in which low priorityactivities are given a chance to execute despite thepresence of a higher priority activity. More generally itreduces the chances of pursuing a single goal to thedetriment of all others.¥ It provides a robust mechanism for implementingwinner-take-all arbitration among activities.The Need for a Loose Hierarchical Structure withInformation SharingDrawing on the tradition of hierarchical models of behaviorfrom Ethology, Tyrrell[Tyrrell93] has convincingly madethe case for computational models of action-selection whichincorporate a loose hierarchical structure. However, hedeparts from the classical Ethological view that at any onetime, only one behavior system is being expressed in themovements of the animal. He proposes a model, derivedfrom the work of Payton & Rosenblatt [Rosenblatt89], inwhich all of the nodes in the hierarchy can influence thesubsequent behavior of the creature.By contrast, the computational model presented in thispaper implements a winner-take-all system consistent withtraditional ethological thinking, but which nonethelessallows losing activities to express their preferences in theform of recommendations to the winning activity. Thewinner may use these recommendations as it sees fit. Thebenefits of this approach include:¥ It provides a mechanism for information-sharingwhich potentially allows the system to arrive atcompromise solutions which ultimately may be moreefficient for the creature, and thus avoids a potentialproblem associated with winner-take-all approaches.¥ Relative to Tyrrell’s approach, it preserves theattractive divide-and-conquer attribute of moretraditional hierarchies, and thus may scale better. It isalso less dependent on the careful tuning of parameters.The Need for a Common Currency and a FlexibleMeans of ModelingThe third contribution of the computational model presentedhere is that it explicitly includes the concepts of ReleasingMechanisms and Endogenous Variables from Ethology. Ittreats them as abstractions for more complicated processesand thus allows the designer to model them accordingly.Their values, however, are expressed as continuousquantities in a common currency. This is distinguished fromsome previous approaches which model the presence ofexternal stimulus as a predicate [Maes90]. The benefits ofthis approach include:¥ A natural way to model the phenomena ofmotivational isoclines[McFarland75,76] in whichdiffering levels of internal motivation and externalstimulus result in the same action.¥ It does not require the animat designer to model allsystems in a particular way, for example, as strictlyhomeostatic systems.By addressing the three issues described above, wehave developed an action-selection algorithm which bothimproves on existing algorithms and which is well suited toanimats that must satisfy multiple internal needs in adynamic and unpredictable environment.In section 2, we discuss some lessons from Ethologyand their computational implications. In particular, we focuson the importance of modeling inhibition and fatigue, theimportance of hierarchical organizations of behavior withinformation sharing and the use of a common currency withwhich to express internal needs and external opportunities.The computational model is presented in section 3. We thendescribe Hamsterdam, a tool kit for building animatedcreatures which incorporates the proposed model of action-selection. In section 5 we present results which show thatthe algorithm does address the problems described above.We conclude with a discussion of limitations and areas forfuture work.2. Lessons from Ethology andComputational Implications2.1 The Importance of Inhibition andFatigueInhibition plays an important role in ethological models ofaction-selection and is used to explain some of the temporalaspects of behavior. Ethologists generally agree that animalsengage in one behavior at a time [Tinbergen50, Lorenz73,McFarland76, McCleery83]. Yet animals typically do notmindlessly pursue an activity indefinitely to the detriment ofother needs. Indeed, animals sometimes appear to engage ina form of time-sharing [McFarland74,93], in which lowpriority activities are given a chance to execute, despite thepresence of a higher priority activity. While animalstypically do not dither between multiple activities they willnonetheless interrupt a behavior when another behaviorbecomes significantly more appropriate. Models ofinhibition and fatigue are frequently used to explain theseaspects of animal behavior. Thus, it is essential that anaction-selection mechanism for animats include an explicitmodel of inhibition and fatigue.The model used in the action-selection algorithmpresented below was first proposed by Ludlow [Ludlow 76,80]. However, our system is the first to use it in a completeaction-selection algorithm.

In Ludlow’s model, an activity such as feeding, ordrinking has a value which is based on the sum of itsrelevant internal and external factors less inhibition itreceives from competing activities. Competing activities aremutually inhibiting, where a given activity i inhibits activityj by an amount equal to activity i’s value times an inhibitorygain kji. The higher the gain, the greater the inhibition, andeffectively the greater the persistence of the active activity.Ludlow’s observation was that if (a) activities are mutuallyinhibiting, (b) the inhibitory gains are restricted to be greaterthan 1, and (c) value of activities is restricted to being zeroor greater, then this model would result in a winner-take-allsystem, in which only one activity would have a non-zerovalue once the system stabilized. In practice we have foundthis to be true. It is exceedingly rare for it not to converge ona solution, particularly if the inhibitory gains are above 2.0.An activity with a non-zero value is said to be active. Inhis model, there is a direct feedback loop between anactivity and the endogenous factors upon which it dependsso that when an activity is active, it reduces the value ofthose endogenous factors by some activity-specific gaintimes the value of the activity. In our implementation of hisalgorithm we relax this assumption so we can use his modelin the context of a hierarchical structure. For example, thevalue of the feeding activity depends on the level of hunger.The feeding activity, however, includes a number of morespecific activities including searching for food, handling it,and finally consuming it. It is only when the animal engagesin the later activity that the level of hunger is reduced. Thus,the feeding activity relies on another activity, lower in thehierarchy, to reduce the value of one of the endogenousvariables on which it depends.An active activity will stay active until its value or thevalue of one of the activities with which it competeschanges by an amount proportional to the inhibitory gain.For example, if eating is active, and it inhibits drinking witha gain of 2.0, the value of eating must fall to half the valueof drinking before drinking will become active. The value ofeating would fall, for example, in response to consumingfood. Alternatively, the value of drinking could risesignificantly in response to passing a water source on theway to the food.By modifying inhibitory gains, the level of persistenceof a given activity relative to those with which it competesmay be adjusted accordingly. An activity associates aspecific inhibitory gain with each activity it inhibits. Whenthe gains are low, the system tends to dither betweendifferent activities with the result that the system takeslonger to reach satiation levels. At higher gains, the activeactivity shows more persistence with the effect that satiationis reached sooner. However, persistence comes at theexpense of opportunism.More is needed than simple inhibitory gains. Forexample, use of high gains may result in lower priorityactivities never becoming active. For example, feeding mayalways be of higher absolute priority than bodymaintenance, yet it is important that the creature be able toperiodically interrupt searching for food so it may cleanitself. As part of his model, Ludlow suggested a mechanismfor modeling behavior-specific fatigue and used this, inconjunction with his model of inhibition, to implement time-sharing.In Ludlow’s model, a level of fatigue is associated withevery activity. The level of fatigue is influenced by anumber of factors, however when an activity is active thelevel of fatigue increases in proportion to the activity’s value(thus implementing another feedback loop), which reducesthe value of an active activity over time. When the activityis no longer active, the fatigue decays toward zero, and thevalue of the activity rises. In his paper [Ludlow80], Ludlowuses his model to replicate some of the results ofMcFarland’s time-sharing experiments [McFarland74].The computational model presented below drawsheavily from Ludlow’s model. One important difference isthat Ludlow envisioned a flat structure of competingactivities all of which were mutually inhibiting. We havechosen to embed his model in a loose hierarchicalorganization in the spirit of Baerends [Baerends76] orTinbergen [Tinbergen50] in which an activity competesonly with a subset of the other activities, namely those at itssame level in the hierarchy. We now turn to a discussion ofthe implications of using a hierarchical structure.2.2 The Importance of Hierarchieswith Information-SharingIn Dawkins’ view, a hierarchical structure representsone of the essential organizing principles of complexbehavior [Dawkins 76] and this view is echoed by manyethologists [Lorenz73, Baerends76, Tinbergen50,Gallistel80, Davey89, Timberlake89 and McFarland75].Baerends’ model represents one example of this approach.The esssential idea is that an animal is considered to have anumber of activity systems, or collections of activities eachorganized to address a specific biological function. Theactivity systems are organized as loose-overlappinghierarchies. At any one time, only one system is beingexpressed in the movements of the animal. For example,preening and nesting represent two competing activitysystems in herring gulls, each of which has a number ofsubordinate collections of activities such as settling,building, trimming and bathing. These in turn have motoractions associated with them. Releasing mechanisms (anabstraction for whatever perceptual process signals abiologically important object or event) and endogenousvariables (hormone levels, blood sugar levels, etc.)determine in part which activity is expressed. Implicit in thismodel is the notion that at every level in the hierarchy, a’"decision" is being made among several alternatives ofwhich one is chosen. At the top the decisions are verygeneral (i.e. feed versus drink) and become increasinglymore specific as one moves down a hierarchy (i.e. pounce orfreeze).A number of computational arguments have beenadvanced against this type of hierarchy [Maes90,Tyrrell93,93a]. As an alternative to either a totally flatdistributed structure or a strict winner-take-all hierarchy,Tyrrell proposes a "free-flow hierarchy", in which all nodesin the hierarchy can influence the subsequent behavior of theanimat. In this latter model, first proposed by Rosenblatt and

Payton[Rosenblatt89], activities express weightedpreferences for activities lower in the hierarchy andultimately motor commands. Arbitration is ultimately doneat the motor controller level when it executes the mosthighly preferred motor action. Tyrrell argues that free flowhierarchies avoid at least two problems associated withwinner-take all hierarchies:¥ In winner-take-all hierarchies information is lost ateach decision point. The system is unable to arrive atcompromise solutions which ultimately might be betterfor the creature since the preferences of losing branchesare not taken into account. This problem is reduced infree-flow hierarchies since everyone gets to expresstheir preference.¥ Winner-take-all hierarchies can be structured in such away that upper level nodes have access to all of thesensory information used by nodes beneath them in thehierarchy in order to make the right choice amongalternative branches. This results in a "sensorybottleneck".We agree with the former point, but are less convincedby the second in the case of animats driven in part byinternal needs. First, following Tinbergen [Tinbergen50]and others, initial decisions among activity systems tend tobe driven by internal needs with just enough sensory inputto take advantage of opportunities. The sensory inputrelevant to a specific sub-activity within a given branch ofthe hierarchy is often irrelevant to the higher level decisionbetween systems. Second, information is flowing into thehierarchy at all levels via releasing mechanisms andendogenous variables associated with different nodes in thehierarchy. Third, a winner-take-all hierarchy provides afocus of attention allowing it to avoid processing irrelevantsensory data. For example, if an animal’s hormone levels aresuch that it has no interest in sex, there is no need to checkthe sensory input which is only relevant to that behaviorsystem.The ability of free-flow hierarchies to arrive atcompromise solutions comes at the expense of complexity.In particular, the mechanism for combining preferencesneed to be chosen very carefully [Tyrrell93], and theperformance of the system is highly dependent on carefultuning of weights. This problem is compounded by the factthat since an activity can only express its preference for agiven motor command, the weight it uses to represent itspreference can not be determined independent of theweights used by all other activities for that particular motoraction as well as alternative motor actions. Indeed, with apure free-flow network, one loses the attractive "divide-and-conquer" aspect of hierarchical systems. This in turn bringsinto question how easily such a system would scale. Inaddition, free-flow hierarchies do not provide the "focus ofattention" described earlier, and thus irrelevant sensory datamay be evaluated.We have chosen to implement a winner-take-allhierarchical model in keeping with traditional ethologicalmodels but provide a simple mechanism for limitedinformation sharing. In this model, there is one activitywhich ultimately has final say over what set of motoractions should be performed at a given instant. However,losing activities on the path to the winner may "post"recommendations for and against various motor actions. Thewinner has access to these recommendations, and can usethem as a form of taxis, or potential modification of anunderlying pattern of behavior. The key point is that thewinning activity has control over how it wishes to make useof the recommendations. For example, an anti-predatorsystem which detects the presence of a distant predator (sodistant in fact, that the system is not made active) may postrecommendations against movement which would bring theanimat closer to the predator.This approach reflects the ethological belief that at anyone time there is one activity which is in control,presumably because it is the most important given theinternal and external state of the creature. Thus, it is in thebest position to decide how and when to modify its defaultpattern of actions so as to take the preferences of otheractivities into account. We can use this approach because wemodel activities as objects with hopefully simple, butpotentially complex internal logic which "decides" whatmotor commands will be executed. This design provides theanimat designer with the freedom to decide how a givenactivity makes use of recommendations from otheractivities.2.3 Using a Common Currency forEndogenous Variables and ReleasingMechanismsInternal needs and external opportunities need to beevaluated using a common currency. This idea, described byLorenz [Lorenz73], Baerends [Baerends55] and McFarland[McFarland75,76,93] is simply that an animal’s response toexternal stimulus depends both on the strength of thestimulus and on their internal state. This seems to imply 2key points. First, a stimulus (or more precisely, the output ofthe releasing mechanisms) needs to be measured as acontinuous quantity as opposed to a boolean, otherwise onewould not see this phenomenon. Second, some mechanismwithin the behavior systems of the animal is effectivelycombining the strengths of the relevant external and internalfactors in some way. To model this properly, internal needsand external opportunities need to be expressed using acommon currency.While it is generally agreed that use of a commoncurrency makes sense, it is less clear how the output ofmultiple releasing mechanisms should be combined andhow external and internal factors should be combined. Withrespect to multiple independent external stimuli, Seitz’s lawof heterogeneous summation (i.e. a simple additiverelationship) [Lorenz 73]may suffice for most cases.However, one simple rule may not be adequate to combineexternal and internal factors. McFarland argues that " ...wewould expect the decision criteria (shape of the isocline) forfeeding to be shaped by natural selection in accordance withthe animal’s ecological circumstances" [McFarland76]. That is, the way that internal and external factors are combined ina given behavior system is determined by natural selectionand likely to vary depending on the specific behavior systemand the animal’s ecological niche. As Tyrrell [Tyrrell93]points out, it is important to be able to "accommodatedifferent rules for combination of stimuli (i.e. internal andexternal factors), and one should not presuppose strictsummation or multiplication".It is also important to have control over the relativeranges over which the output of specific releasingmechanisms are allowed to vary. In general, the greater therange relative to the likely range for internal factors, thegreater the reactiveness of the animat with respect to thestimulus signaled by that releasing mechanism. This resultsin greater persistence in the presence of a given stimulus. Italso means an increased likelihood of opportunistic behaviorduring appetitive activities associated with one behaviorsystem when stimuli associated with another behaviorsystem are detected.The computational model presented in the next sectionreflects all these considerations.3. The Computational ModelThe computational model presented below preserves theloose hierarchical structure which is implicit in the modelsof Tinbergen [Tinbergen50] or Baerends [Baerends76], butincorporates a modified form of information sharing via theuse of recommendations. Ludlow’s model of mutualinhibition and fatigue is embedded in the hierarchicalmodel, and is used to implement the winner-take-allarbitration among activities at a given level, as well as toprovide added control over temporal aspects of behavior.Relevant external and internal factors are modeled usingabstractions called releasing mechanisms and endogenousvariables respectively. While they may perform arbitrarilycomplex calculations to arrive at their value, their value isexpressed in a common currency.The essential points of the model are:¥ Activities are organized in loose overlappinghierarchies with more general activities at the top andmore specific activities at the leaves. Activitiescorrespond to nodes in a tree, and a node can have 0 ormore children. Action-selection is the process ofdetermining which leaf node should be active at a giveninstant, starting at the root of the tree and descendingdownward.¥ Children (i.e. all of the children activities associatedwith a given node) are mutually inhibiting, and onlyone can be active at a time. If the active activity is a leafnode, it may issue motor commands to the animat,otherwise, its children compete for control, and so onuntil a leaf node is reached.¥ Activities compete on the basis of their value. Theirvalue at time t is calculated using a modified form ofLudlow’s model. Note while a specific function isspecified for combining the output of relevant releasingmechanisms and endogenous variables, this function isintended to be activity-specific, and thus subject tomodification as needed for a given activity:

Vit = Max 1− fit( )* Comb( rkt, elt)l∑k∑ − (Iji *Vjt),0 j∑ where:

Vit = value of activity i at time t.

fit = level of fatigue of activity i at time t (see below).

Comb(r,e) → if(e < 0) return e else return e+ r.

rkt = value of releasing mechanism k at time t where k ranges

over the releasing mechanisms relevant to activity i.

elt = value of endogenous factor l at time t. l ranges over

endogenous factors relevant to activity i.

Iji = inhibitory gain applied against activity i by activity j.

Iji always > 1. j ranges over set of mutually inhibiting activities.¥ Within a collection of mutually-inhibiting activities,the system iterates until a stable solution is found inwhich one activity has a positive value and the value ofremaining activities are within a given tolerance ofzero.¥ Activity specific fatigue is modeled as follows:

fit = clamp((1+ fwi)* fi(t − 1) +(Vi(t − 1) *kfi)− fai,0,1) where: fit = level of fatigue for activity i at time t fwi = value-dependent rate of increase in fatigue for activity i. kfi = fatigue gain for activity i. Vi(t − 1) = value of activity i at time t-1. fai = autonomous decrease in fatigue for activity i. clamp(a,min,max) → clamp a to between min & max.¥ Significant events and objects in the world relevant toa given activity are identified from sensory input byReleasing Mechanisms. The output of a given ReleasingMechanism may be the result of an arbitrarily complexcalculation based on sensory input, but its value isexpressed as a continuous variable clamped to a specificrange. That is:

rkt = clamp( fk(rk(t − 1),skt),min k,max k) where: rkt = value of releasing mechanism k at time t skt = sensory input at time t relevant to releasing mechanism k fk(rk(t − 1),skt) = arbitrarily complex function of current sensor input and optionally, previous values of releasing mechanism k. Mink,Maxk = Min and Max of allowed range for releasing mechanism k.¥ Similarly, internal state (hormonal levels, food andwater levels etc.) relevant to a given activity aremodeled via Endogenous Variables. Since EndogenousVariables are abstractions for the end-results ofpotentially complicated internal systems, the value of anEndogenous Variable may be the result of an arbitrarilycomplex calculation. In the default case however, itsvalue may be calculated as follows:

eit = ei(t − 1) +eai − (Vh(t − 1) *keh

h∑ )+ fi()

where eit = value of endogenous variable i at time t. eai = autonomous change in ei h = ranges over activities which affect ei. Vh(t − 1) = value of activity h at t-1. keh = endogenous gain associated with activity h. fi() = arbitrary function of other factors¥ An activity can depend on any number of endogenousvariables and releasing mechanisms and these in turncan be shared by any number of behaviors.¥ Losing activities on the path to the active activity maynonetheless post 1 or more recommendations. Forexample, in the diagram below all of the shaded nodesmay post recommendations which may be used by thewinning activity. A recommendation includes: the nameof a motor command and a strength, where positivestrength indicates a positive recommendation and anegative strength indicates a recommendation against.Active NodesRecommender NodesFigure 1. Behavior Hierarchy with RecommenderNodesAn activity at a leaf may issue one or more motorcommands to the animat. What motor commands itissues depends on its function, sensory input and state,as well as on its evaluation of the recommendationswhich have been posted.The model described above has been implemented aspart of Hamsterdam, an object-oriented tool kit for modelingartificial animals The next section provides a quickdescription of Hamsterdam.4. Hamsterdam and AliveHamsterdam is an object-oriented toolkit for modelingartificial animals in a 3D simulated environment. Theclasses of Hamsterdam provide the generic corefunctionality from which a designer builds the creatures, theworld in which they live, and the instruments used to gaininsight into the inner state of the creatures. The creatures aremodeled as autonomous creatures with a set of internalneeds, a repertoire of activities which they can perform, asensory system which allows them to sense their world, amotor system which allows them to move in the world and abehavior system which is an object-oriented implementationof the algorithm described above. Creatures do not have aworld model, nor indeed any information about the worldexcept that which is available via their sensors. Thecreatures "live" in a 3D continuous world (i.e. not a gridworld) populated by other creatures as well as food, waterand obstacles such as walls. The system is implemented inC++ on an SGI Indigo Elan and operates in real time. Figure2. shows the system along with a number of its gauges.Hamsterdam has been used to model a world whichincludes Hamsters and Predators. The Hamsters are veryloosely modeled after real Hamsters, whereas the Predatorsare "generic". The hamster’s repertoire of top-level activities(or behavior systems) includes: Foraging (finding food andcarrying it back to their hoard), Feeding (finding food andeating it), Drinking (finding water and drinking it),Cleaning, Avoiding and Fleeing from Predators, Sleeping(finding its nest and sleeping), and Death (which occurs ifeaten by the predator or if certain internal state variablesexceed a given range of acceptability). Activities areorganized in a loose hierarchy. For example, Feeding is atop-level activity with 3 children: Chewing, Preparing-to-Eat, and Searching-for-Food. Searching-for-Food in turn has3 children: Wander, Avoid-Obstacles, Move-to-Food.Altogether, the activity hierarchy of the Hamster includes:55 nodes or activities, 57 releasing mechanisms, 8endogenous variables, and 25 motor commands. Thepredator’s repertoire is similar. The creatures sense theworld by means of a sensor which shoots rays of aprescribed range and records what it finds along those rays.The creatures are physically modeled and move via motorscontrolled by a motor controller which acceptsapproximately 25 commands. A variety of gauges provideinsight into why the Hamster or Predator is behaving as itdoes. An earlier version of Hamsterdam was used todemonstrate a distributed model of cooperative hunting, inwhich several predators effectively cooperated using a fewsimple distributed rules to surround and kill the Hamster.Hamsterdam also formed the basis for the Alive projectdiscussed below.The goal of the Alive installation at Siggraph 93, was topresent a virtual world in which a user could interact, innatural and believable ways with autonomous semi-intelligent creatures The world and the creatures populatingthe world were built using Hamsterdam. The creatures wereslightly modified versions of the Hamster (the foragingbehavior was modified to view the user as a potential sourceof food) and Predator (the user was considered a predator ofthe Predator) described above. The user was represented inthe world via a virtual creature whose actions were based onwhat the real user was doing as sensed by a vision system.Thus, from the standpoint of the Hamster and Predator, theuser was just another creature. Over 500 people interactedwith the Alive system over the 5 days of the conference.

Figure 2. Screen dump of Hamsterdam showing the world and some of the gauges5. ResultsThis section uses results from Hamsterdam and Alive todemonstrate the importance of some of the ideasincorporated in the computational model.In the cases presented below, the Hamster is in anenclosure containing food and water. To eat or drink, it mustexplore the enclosure until it senses the food or water, moveto the appropriate resource, position its head accordingly,and then chew or drink. Thus, the various activities have theequivalent of appetitive and consumatory phases.Figure 3. Low Inhibitory GainsFigure 4 High Inhibitory GainsFigures 3 and 4 demonstrate how inhibitory gains maybe used to control persistence. They present state-spacediagrams [after McFarland] for hunger and thirst levelsunder 2 different cases of inhibitory gains (low and high).The straight diagonal lines represent switching lines basedon the level of inhibitory gains. The starting point for thesystems is marked, and the origin represents the point ofsatiation for both thirst and hunger. As one can see, whenthe gains are low, the system tends to dither betweenfeeding and drinking with the result that the system takeslonger to reach satiation levels. At higher gains, the active activity shows more persistence with the effect that satiationis reached sooner.Figure 5. Demonstration of Time-SharingFigure 5 demonstrates the use of fatigue to provide aform of time-sharing by showing the pattern of activitiesover time when activity-specific fatigue is included. Thevarious blocks correspond to when a given activity is active.Feeding is represented by the black blocks, drinking by thedark gray blocks and cleaning by the lighter blocks on top.The initial level of hunger is twice that of thirst, and theneed to clean is half of the level of thirst, and there is neitherfood nor water to be had. Without fatigue drinking andcleaning would never become active. When fatigue isintroduced the system alternates between feeding anddrinking with an occasional interruption for cleaning, eventhough the internal value (before fatigue) of the variousactivities stay unchanged. This is an importantdemonstration because it shows how the system can avoidthe mindless pursuit of an unattainable goal to the detrimentof other goals.Figures 6 and 7 demonstrate how adjustments to therange associated with a given Releasing Mechanism canresult in opportunistic behavior. The figures show the levelsof hunger and thirst over time. In both cases, the Hamsterstarts at the same location and in the process of searchingfor food passes near water. In figure 6, with a lower allowedmaximum for the water releasing mechanism, the Hamsterignores the water until after it has eaten. When a highervalue is used (figure 7), the Hamster interrupts its search forfood to take advantage of the water. This can be seen bycomparing the respective traces of endogenous needs andnoting that the level of thirst drops sooner in figure 7 than in6.Figure 6. Low Range for Releasing MechanismFigure 7. High Range for Releasing MechanismThe value of recommenders can be seen in thefollowing experiment in which we turned offrecommenders. When the move-to activity is modified sothat it ignores recommendations made by the avoid activity,the Hamster quickly becomes stuck oscillating between thetwo activities. In another experiment we turned off the anti-predator activity’s ability to make recommendations when itwas not active. The Hamster was attacked and killed within1600 time steps. By contrast, in the normal case the Hamstermanages to survive for 6400 time steps.Performance of the algorithm has not been an issue todate since it takes less than 10ms to perform action-selectionin the full behavior hierarchy of the Hamster. Note, this doesnot include the time taken for sensors to update their state,although it does include the time taken by the releasingmechanisms to evaluate the sensor data.The experience with the Alive project demonstrated thatthe approach described in this paper was capable ofgenerating generally believable and robust behavior in ahighly dynamic and uncertain environment and with manyof the problems of real-world "sensing". People generallyfound the creatures’ patterns of behavior and responsesbelievable. It should be noted that the actual modificationsto the Hamster’s behavior code to make it work in thecontext of the Alive project were extremely minimal.

6. Issues and areas for futureworkThe activity hierarchies are currently built by hand, andparameters such as inhibitory gains and rates of fatiguetuned in response to the observed behavior. As Maes pointsout [Maes93], this raises questions of how well the approachwill scale. It should be noted that in practice parts of thehierarchy can be shared or used in multiple instances withonly minor modifications. Nonetheless, more and bettertools are needed, particularly to aid in finding the rightvalues for parameters so as to achieve a given temporalpattern. Perhaps a genetic algorithm approach could proveuseful, and in fact, Hamsterdam incorporates the idea of agenome which includes many of the parameters associatedwith the activity networks. However, no experiments havebeen performed, and Tyrrell had limited success using asimilar approach[Tyrrell93].Learning needs to be added and it remains to be seenhow easily that can be done. However, it is believed that anethological approach also provides a useful perspective fromwhich to approach certain types of learning. For example, itmay be possible to model "Pavlovian Conditioning" as themodification of existing releasing mechanisms or thecreation of new ones, and operant conditioning as thecopying (or associating) the motor patterns from one activitysystem into (or with) the repertoire of appetitive motorpatterns of another activity system. [Davey89,Timberlake89, Lorenz73].Even though the behavioral complexity is morecomplex than many of the animats described in theliterature, the behavioral complexity modeled to date is stillrelatively simple, and it is an open question as to how wellthe approach will scale. We intend to investigate this issueby attempting to model a more complex creature, forexample, on the order of a dog.7. ConclusionA computational model of action-selection has beenpresented, which by drawing on ideas from Ethology,addresses a number of problems which have been noted incomputational models of action-selection proposed to dateincluding the need for greater control over the temporalaspects of behavior, the need for a loose hierarchicalstructure with information sharing, and the need for aflexible means of modeling the influence of internal andexternal factors. The larger message of this paper is that inorder for an animat’s behavior to be natural and animal-like,we believe that incorporating some of the mechanismsproposed by Ethologists will be necessary.AcknowledgementsThe author wishes to acknowledge and thank ProfessorPattie Maes for her many contributions to my research andthis paper. Her intuition, insight, and wealth of knowledgecoupled with generous amounts of patience andencouragement has been invaluable.ReferencesBaerends, G.,Brouwer, R. & Waterbolk H., 1955, Ethologicalstudies on Lebistes Reticulatus,I: An analysis of the malecourtship pattern. Behavior 8.Baerends, G., 1976, On drive, conflict and instinct, and thefunctional organization of behavior. In: Perspectives inBrain Research 45, Corner M. & Swaab, D. eds.Brooks R., 1986, A Robust Layered Control System for aMobile Robot, IEEE Journal of Robotics andAutomation, RA-2, April 1986.Davey G., 1989, Ecological Learning Theory, RoutledgeInc., London.Dawkins, R. 1976, Hierarchical Organization: A Candidateprinciple for ethology. In: Growing Points in Ethology,Bateson P. & Hinde R. ed. Cambridge University Press.Gallistel C., 1980, The Organization of Action: A NewSynthesis, Lawrence Erlbaum , Hillsdale NJ.Lorenz, K., 1973, Foundations of Ethology, Springer-Verlag. New York.Ludlow, A.,1976, The Behavior of a Model Animal,Behavior Vol. 58.Ludlow, A.,1980, The Evolution and Simulation of aDecision Maker, in Analysis of Motivational Processes,ed. Toates, F. & Halliday, T. , Academic Press,London.Maes P., 1990, Situated Agents Can Have Goals, In: In:Designing Autonomous Agents: Theory and Practicefrom Biology to Engineering and Back, Edited by P.Maes, MIT Press, Cambridge.Maes, P., 1993, Modeling Adaptive Autonomous Agents,to appear in The Artificial Life Journal, Vol. 1,Numbers 1&2, Summer 1994.McCleery, R., 1983, Interactions between Activities. In:Animal Behavior: Causes and Effects, Vol. 1, Halliday,T. & Slater P. ed., W.H. Freeman & Co., New York.McFarland, D., 1974, Time-Sharing as a BehavioralPhenomenon, in Advances in Animal Behavior, Vol. 5.,Academic Press, New York.McFarland, D., 1976, Form and Function in the temporalorganization of behavior. In: Gowing Points inEthology, Bateson P. & Hinde R. ed. CambridgeUniversity Press.McFarland, D., 1993, Animal Behavior, LongmanScientific and Technical, Harlow.McFarland, D. & Sibley, R. , 1975, The behavioral finalcommon path, Philosophical Transactions of the RoyalSociety, B. 270.Payton D., Keirsey D., Krozel J., and Rosenblatt K., 1991,Do Whatever Works: A Robust Approach to Fault-Tolerant Autonomous Control, In: Journal of AppliedIntelligence, Vol. 3. 1992.Rosenblatt K., & Payton D., 1989, A Fine-GrainedAlternative to the Subsumption Architecture for MobileRobot Control, In: Proceedings of the InternationalJoint Conference on Neural Networks, June 1989,Washington DC.Timberlake, W. and Lucas, G. , 1989, Behavior Systemsand Learning: From Misbehavior to General Principles, in Contemporary Learning Theories: InstrumentalConditioning Theory and the Impact of BiologicalConstraints, ed. Klein S. & Mowrer, R. LawrenceErlbaum Associates, Inc. Hillsdale NJ.Tinbergen, N., 1950, The Study of Instinct. ClarendonPress, Oxford.Toates, F., 1983, Models of Motivation. In: AnimalBehavior: Causes and Effects, Vol. 1, Halliday, T. &Slater P. ed., W.H. Freeman & Co., New York.Toates F. & Jensen P., 1991, Ethological and PsychologicalModels of Motivation: Towards a Synthesis, In: FromAnimals To Animats, Proceedings of the FirstInternational Conference on the Simulation of AdaptiveBehavior, Edited by Meyer, J. and Wilson, S.W., MITPress, 1991.Tyrrell T., 1993, Computational Mechanisms for ActionSelection, PhD. Thesis, Centre for Cognitive Science,University of Edinburgh.Tyrrell T., 1993a, The Use of Hierarchies for ActionSelection, In: From Animals To Animats, Proceedingsof the Second International Conference on theSimulation of Adaptive Behavior, Edited by Meyer, J.and Wilson, S.W., MIT Press, 1993.