Challenges for Complete Creature ArchitecturesRodney A. BrooksMIT Artificial Intelligence Laboratory545 Technology SquareCambridge, MA 02139, USAbrooks@ai.mit.eduAbstractIn recent years there has been a move within theartificial intelligence and robotics communitiestowards building complete autonomous creatures thatoperate in the physical world. Certain approacheshave proven quite successful, and have caused are-analysis within the field of artificial intelligence ofwhat components are necessary in the intellectualarchitecture of such creatures. However nothing builtthus far yet comes close the dreams that many peoplehold dearly. Furthermore there has been quite somecriticism of the new approaches for lacking adequatetheoretical justification. In this paper we outlinesome of the more obvious challenges that remain forthese new approaches, and suggest new ways ofthinking about the tasks ahead, in order to decomposethe field into a number of manageable sub-areas thatcan be used to shape further research.1 IntroductionThere is a growing interest in building artificialcreatures of some sort. One example is the recentboom in a field known as Artificial Life (see[Langston 87] and [Langston 90]). While much of theemphasis is on building forms resident in computers,which are agents acting in an information domain,there has also been some interest in physicalembodiments of artificial creatures.This author, at the MIT Al Lab, introduced thesubsumption architecture ([Brooks 86] and extendedin [Brooks 90]) with the explicit goal of buildingmobile robots with long term autonomy. Later theword creature crept into the language of the MITgroup (e.g., [Connell 87]). The goal is to buildautonomous mobile robots which operate over longperiods of time, completely autonomously, indynamic worlds. It is envisioned that these worlds areworlds which already exist for some otherpurpose-not worlds specially built to house therobots. Further, it is envisioned that these robotscarry out some task which has some utility forwhoever wanted the robots to exist and live in thisworld.As [Flynn 87] points out, there are manycomponents to such creatures, including sensors,actuators, power sources, and intelligence. Over thelast five years we have found that all thesecomponents are intimately related as we have tried tobuild prototype creatures ([Flynn and Brooks 89]).Choices in any part of the system architecture (e.g.,sensor characteristics) have major impacts upon otherparts of the system. In general it is very dangerous tothink that any one component (such as intelligence)can be isolated and studied by itself.Our experience with the subtleties of suchinteractions has led us to our current construction of avery complex robot, named Attila ([Angle andBrooks 90]) Pictured in figure 1 (in fact we arebuilding multiple copies of Attila). It has six legs,each with three degrees of freedom. an active whisker,a gyro stabilized pan-tilt head carrying a range finderand a CCD camera, 10 onboard processors, and over150 sensors. We built an earlier six legged robotnamed Genghis ([Angle 89], [Brooks 89], but itscomplexity pales in comparison to that of Attila.Many of the issues raised in this paper were broughtto our attention as we have tried to work out how toprogram this complex robot Attila to be an artificialcreature.The bulk of this paper is devoted to the problemsand challenges in designing and building thecomputational architectures for such creatures.However, the reader should not forget that the otheraspects of a creature’s architecture cannot beconsidered in isolation from intelligence. in acomplete design, all aspects greatly influence each ofthe others.We first argue that there are multiple levels ofanalysis or abstraction with which we must beconcerned in designing and building complete creaturearchitectures. There can be no single magic bullet ortheory which will tell us all we need to know. Someproblems within these levels are well circumscribedand so can be worked on in isolation. However, inorder to build complete creatures we need to bridgethe gaps between these levels also.

HD + H(where D is deuterium). This is just about thesimplest possible reaction in terms of the number offundamental particles involved.As science progresses we can expect a more unifiedtheory to emerge with more and more bridgesbetween the traditional disciplines being built to thepoint that the abstraction barriers are completelyunderstood. But that is certainly not the case at thispoint in history, despite the enormous body ofscientific and philosophical work that has beenundertaken within the realm of modern science.As we try to build artificial creatures there is noreason to expect that we should instantly be able tocome up with a uniform theory or set of tools ofanalysis and synthesis that cover all problems whichneed to be examined In fact, there seems a quitenatural decomposition of the task into threesomewhat distinct levels of abstraction:Micro: The study of how distinct couplings betweenthe creature and its environment are maintainedfor some particular task. Example tasks wetemperature regulation, wall following,climbing, etc. Primary concerns here are whatforms of perception are necessary, and whatrelationships exist between perception, internalstate, and action (i.e., how behavior is specifiedor described).Macro: The study of how the many microperceptions and behaviors are integrated into acomplete individual creature. Primary concernshere are how independent various perceptions andbehaviors can be, how much they must rely onand interfere with each other, how a competentcomplete creature can be built in such a way asto accommodate all the required individualbehaviors, and to what extent appearingly

complex behaviors can emerge from simplereflexes.Multitude: The study of how a multitude ofindividual creatures interact as they go about theirbusiness. Primary concerns here are therelationships between individuals’ behaviors, theamount and type of communication betweencreatures. the way the environment reacts tomultiple individuals, and the resulting patterns ofbehavior and their impacts upon the environment(which would not occur in the case of isolatedindividuals).These levels or fields by no means correspond tophysics, chemistry, and biology, but there is a certainmetaphorical connection in terms of them beingsomewhat distinct levels.3 Micro LevelAny artificial creature which we build must be ableto interact with its environment. At any particulartime, an observer might say that a creature is doingsome particular task. or doing many particular tasksin parallel. Examples of such tasks in the robotdomain include wandering, avoiding obstacles, wallfollowing, looking for a recharge station, deliveringsome object, cleaning the floor, following someone,etc. We will refer to what the robot is doing when itis achieving some task as carrying out a behavior.At the micro level we will be concerned with oneparticular such task at a time, although the creaturemay really be carrying out many in parallel, Theparticular challenges at the micro level are as follows.Convergence: Demonstrate or prove that a creatureis programmed in such a way that its externalbehavior will indeed achieve a particular tasksuccessfully. For instance, we may want to givesome set of initial conditions for a creature, andsome limitations on possible worlds in which itis placed, and show that under those conditions,the creature is guaranteed to follow a particularwall, rather than diverge and get lost.Complexity: Deal with the complexity of realworld environments, and sift out the relevantaspects of received sensations rather than beingoverwhelmed with multitudes of data.Synthesis: Given a particular task, automaticallyderive a program for the creature so that it carriesout that task in a way which has clearlydemonstrable convergence.3.1 Micro TheorySuppose we are to have some theory about how acreature interacts with the world. The creature bothsenses the world and acts, to change its own position,and perhaps to change the world itself. The worldmay also change for other reasons. As in figure 2,any observer of the system must sense both thecreature and the world. A theory may be couched interms of objective truths, but in order for us to test atheory we must compare it with observations madeby an observer. In fact, no theory can be givencomplete objective truth. it must be givenapproximations to the true situation supplied bysome observer.The creature itself acts as an observer of the world.It has sensors which provide the only inputs it canhave concerning the world. The first question is whatshould the creature do with the sensor inputs? Howshould they be organized and manipulated?We argue below that the traditional idea of buildinga world model, or a representation of the state of theworld is the wrong idea. Instead the creature needs toprocess only aspects of the world that are relevant toits task. Furthermore, we argue that it may be betterto construct theoretical tools which instead of usingthe state of the world as their central formal notion,instead use the aspects that the creature is sensing asthe primary formal, notion.

Later attempts were made to explicitly model theuncertainty in the sensors (e.g., [Moravec 80]), andhence in the world models built. In the manipulatordomain, others (e.g., [Taylor 76] and [Brooks 82])tried to reason over these uncertainties, and eventuallya whole sub discipline grew up wound planning formanipulator motions in the presence of uncertainty([Lozano-P�rez, Mason, and Taylor 84] provides afoundational paper in this area).But why is uncertainty a problem, and what is theproblem if there is one?The key problem is in trying to build a model ofthe world.By building a model, we mean that the systemtries to have some internal representation of anexternal objective reality. The problem is incorrelating the current readings from the sensors withthe existing (partial) world model. The originalreadings used to build the existing model were noisyand introduced uncertainties in the representation ofthe world. The new readings also include noise.Furthermore, if the robot has moved between sensorreadings then there is uncertainty in how thecoordinate systems of the two (or more) sets of sen-sor readings are related. [Moravec 80] and [Chatila andLaumond 85] describe the two fundamental ap-proaches to these problems. If more than one type ofsensor is used, there is also the problem of fusing thedifferent classes of data into a single representationon.If there are no models built, the problem ofuncertainty is inherently reduced. This alternative isto operate in a tight coupling with the world througha sensingacting feedback loop. Instead of relying oninaccurate values returned by noisy sensors, we canrely on the time averaged derivative of these signalsas the creature actively changes its state within theworld in a way which forces larger changes in thesensor readings than those contributed by noise.This approach has actually been used by peopleworking in Artificial Intelligence for many years inorder to avoid the issues of uncertainty.The first computer controlled mechanical hand[Ernst 61] was programmed in a language (THI forTeleological Hand Interpreter) which lets theprogrammer specify how sensor readings (Ernst callssensors �sense organs�) should change. Theinterpreter then executes motion commands to makethem happen. Ernst distinguishes this outside-inmode of control. where the position of a block isindicated by the block itself, from an inside-out modewhere the the position of a block must be storedinside the machine as a set of coordinates1.The robot Shakey [Nilsson 84] at StanfordResearch Institute in the late sixties is usually viewedas a tour de force in the use of explicit internal worldmodels, and indeed was the basis for a wholegeneration of planning research. The planner plannedin terms of atomic actions, without worrying abouthow they were implemented in the world. Atomicactions were simple commands that just "worked".But in fact, the robot worked as it did because theenvironment was carefully engineered so only a fewpossible classes of situations could be encountered,and the atomic actions were actually implemented astight sensing-action feedback loops which did not useexplicit world models at all. They were calledintermediate level actions (or ILAs) and enabled therobot to handle such things as the differences inlocation of objects from the world model, and tohandle such uncertain and unsensed things such as theexact way a large block would slide when pushed bythe robot.More recent work (e.g., [Brooks 86, 89], [Horswilland Brooks 88], [Connell 89], and [Ballard 89]) hasdispensed with the higher level planner altogether,but has been able to get robots to operate well in theworld without having to explicitly worry aboutuncertainty.3.1.2 The State of the World*Can a robot, or creature, be anything but reactive ifit does not build world models? We answer thisquestion affirmatively below, but first we need tounderstand the following.It turns out that there are more problems withworld models than just uncertainty.Creature researchers who work in simulated worlds(e.g., [Pollack and Ringuette 90] is an example;[Chapman 90] is an exception) are usually not evenaware of the problem of uncertainty. But worse, theyare not aware of the current technologicalimpossibility of using sensors and perceptionsystems, to build models of the world which reflectan objective reality. Such an objective reality is

1 Admittedly, a rather confusing (to this author)discussion of the nature of analog versus digitalcontrol follows, with comparisons to animal controlsystems. From this discussion it is fair to assumethat Ernst, at that time, would not necessarily haveagreed with all the arguments being put forth here, inspite of the way he actually made things work.

usually assumed by such researchers (see thecollection [Langston 90]). In these simulated 9systems, objective reality is rather simple. and canusually be described by a short vector of bits. Thevector encodes the state of the world, and is animplementation of the notion of a logical descriptionof the state of the world (e.g., [McCarthy and Haves69]). The real world is not so simple, however.The way we humans, as observers. describe theworld is very much biased by our cultural.morphological, and functional knowledge. Extractingsuch descriptions of the world from sensors. in termsof things like "chairs", "living rooms" and "crowds"is certainly beyond the state of technology. In verycontrolled situations a small library of CAD-likemodels can be matched to grey-level or depth images(e.g., [Grimson 90]) In less controlled situations,some regions of an image can be labeled as belongingto a certain class (e.g., [Thorpe, Hebert, Kanade andShafer 88]).The idea that such complete objective models ofthe world could he built within a creature issomewhat problematic in any case. What does thecreature do with such models? It seems that it simplyreduces the problem of building a creature to one ofbuilding a homunculus that is to live within thecreature and operate on complete world models.What about simpler objective descriptions, such assurface models of what is in the world Computationalvision research, as outlined by [Marr 82], ispredicated on the assumption that such descriptions ofthe world can be recovered from retinal images.These descriptions are known as 2 1/2-D sketches.Recently, there has been a movement away from thebelief that such general purpose representations canbe computed. [Ballard 89] argues that suchrepresentations are not available to humans.Without such representations what are we leftwith? Recent work suggests that we can still havecreatures do many things that have traditionally beenthought to require representations such as we arerejecting. For instance, despite having no suchrepresentations, [Mataric 90] has demonstrated a robotthat is much more than reactive, incorporating anability to modify its behavior based on itsexperiences within the world. It builds "maps" of theworld (topological with some metric annotation,rather than purely metric) as it wanders about indoorenvironments. But the features in its maps are notobjective things in the world. Rather they are therecords of certain time averaging detectors havingfired while the robot moves about. These detectors arebased on very noisy sonar readings, but they have theproperty that they are both positively and negativelyrepeatable with respect to any particular place in theworld over a wide variance in the robot’s actualposition and trajectory through that place. Suchrepresentations of the world we called deictic by[Agre 88] and [Chapman 90].3.1.3 Analyzing BehaviorsThe discussion above can lead us to a rather simplerway of analyzing the behavior of a creature than if weadopted a stance of having objective world models. Inparticular this method will let us deal withuncertainty entirely at analysis time (analogously todealing with, say, type checking at compile time),rather than have the creature deal with it at run time.Given a state of the world and the position of arobot creature within the world, the creature’s sensorsmay deliver different values at different times�i.e.,there may be some dynamic noise in the sensors.Worse than that, however, is the system noise, whichmakes it impossible for the observer of therobot/world system to predict what the sensorreadings will be. For instance [Connell 90] found thatthe flux gate compass on his robot delivered differentdirections for north in different parts of its domain.The actual values were consistent over time for agiven place, but without using that sensor itself, or asimilar one, at the exact places where the readingswere to be taken, there was no way in which theexperimenter or observer would know the actualsensor reading. However it was relatively easy todetermine empirically the range of possible errors inthe sensor reading. This range of errors, then, is theuncertainty we must deal with for this particularsensor. Similar analyses apply-to other sensors, suchas infrared proximity sensors, or sonar sensors.Now suppose we characterize a behavior at analysistime in terms of an allowable range of sensorreadings for the creature (or more generally allowableranges on some functions computed on the sensorreadings).For instance, instead of characterizing wallfollowing as staying within some distance of a wall,and within some orientation range, we couldcharacterize it as maintaining some range of valueson three sonars pointing north-east, east, andsouth-east, relative to the robot’s orientation beingnorth. We might even say that only readings two hadto be within their ranges at any particular time.Or consider approaching a recharging outletvisually. We could characterize that behavior asforcing the visual image of the outlet to appear atevery frame taken by a forward looking camera, andfor that image size to be non-decreasing between successive images, and to be bigger than somemonotonically increasing sequence.Now our analysis does not have to be concernedwith the creature having uncertain sensor readings.Indeed they will be uncertain with respect to theactual world. But what we have to show is that giventhose sensor readings, the action computed by thecreature is guaranteed to produce a next set of sensorreadings that lie within our allowable ranges. To dothis reasoning at analysis time, and formally provethat a creature will follow a particular behavior, wemay need to consider all possible worlds which couldhave given rise to the initial set of sensor readings,and take into account uncertainty there, and thenconsider all possible results of the computed actionon those worlds and all possible new sensor readings.But the creature itself does not have to maintain anyruntime measure of uncertainty, nor be confused orconcerned by it.The essence of what we are suggesting here is toinvert the sensor (or more generally a function of thesensors) readings. Instead of thinking in terms of aparticular world state and then analyzing all possiblesensor readings that could be generated we areanalyzing using an inverse method. Namely, given asensor reading, consider which possible worlds couldhave given rise to that reading. Recall that this isdone at analysis time.3.2 Micro RelationsThere are two obvious fields which are quite related tothe micro level of creature architectures: controltheory and animal ethology.Control theory (e.g., [Doyle and Stein 81]), at firstglance, seems an attractive tool of analysis forinvestigating couplings of creatures to theenvironment. There is a long and rigorous tradition ofsuch analysis of the interaction of mechanical,electrical, and fluid systems with their environments.If a single behavioral mode of the creature can besufficiently isolated from other aspects of itsinteraction with the environment, and if the sensorsand actuators are well enough understood, thencontrol theory may help to analyze convergence ofthe behavior. It should be understood, however, thatcontrol theory can only be one tool or component ofthe theories that will be needed for full mastery ofengineering artificial creatures.[McFarland 87] provides a useful introduction toall aspects of animal behavior. Ethology is anapproach to studying animal behavior whichcombines both functional and causal explanations.and in the main concentrates on behavior of animalsin their natural environments. To a large extenthowever, ethology per se does not quite get down tothe level of analysis we need at the micro level. Itdoes have some interesting observations about fixedaction patterns, essentially feedbackfree (at the grosslevel in any case) patterns of action that are quitestereotyped. Such patterns may be of use to ourartificial creatures in well prescribed environmentalniches.Some literature, closer to neuroscience, does dealwith the sensor to action connection we have beendiscussing at the micro level (e.g., [Wehner 87],[Cruse 90], [G�tz and Wenking 73]). This literaturecan inspire us by the robustness of behavior that isgenerated by relatively simple systems.3.3 Micro PracticeThe practical problems at the micro level inbuilding complete creatures are still immense.Primary amongst these is perception-how to mapfrom sensor inputs to aspects of the world. There hasbeen a huge amount of research focused on computervision over the last twenty years. Unfortunatelymost of it has been aimed, however indirectly,towards object recognition. Recently there has been amove towards vision that operates on sequences ofimages, but even there, there are strong traditions ofregarding the purpose of vision as something to"recover" properties of objects. Only recently([Ballard 89], [Chapman 90], and [Horswill andBrooks 88]) has there been a move towards visualprocessing for a creature that operates continuously inthe world, in such a way that appropriate aspects ofthe world are extracted directly for the particular taskswith which the creature is concerned.Another approach to useful perception is to makecareful choices of sensors, which are well adapted tothe task at hand. [Ernst 61] chose sensors that wereclose to the task-touch and proximity sensors todetermine when his mechanical hand should grasp.Such sensor choice is also used extensively in thebiological world, as described by [Wenner 87]�infact the presentation there has great resonance withthe thrust of this complete section.At this point in time, for actually specifying asingle behavior for a creature, our programming toolsare rather primitive. We are forced to individuallycraft programs to generate particular behaviors. Itwould be good to have almost any form of synthesistools which could take a goal specification (note that[Kaelbling 88] is trying to do this, but at the macrolevel rather than the micro level), and produce somecode or rules to generate the appropriate behavior. In some sense, this is what [Lozano-P�rez, Mason andTaylor 84] are trying to do, but only in very wellcharacterized situations.4 Macro LevelOnce we have imbued our creatures with multiplebehaviors to handle a variety of circumstances andachieve a variety of tasks, we are faced with theproblem of deciding which behavior or behaviorsshould be active at any particular time. There are twocomponents to this decision, which behaviors arepotentially correct in the circumstances, and how toresolve conflicts between behaviors. In more detailwe need to consider the following issues:Coherence: Even though many behaviors may beactive at once, or are being actively switched onor off, the creature should still appear to anobserver to have coherence of action and goals. Itshould not be rapidly, switching betweeninconsistent behaviors, nor should two behaviorsbe active simultaneously, if they interfere witheach other to the point that neither operatessuccessfully.Salience: The behaviors that are active should besalient to the situation the creature finds itselfinit should recharge itself when the batteries arelow, not when they are full.Adequacy: The behavior selection mechanism mustoperate in such a way that the long term goalsthat the creature designer has for the creature aremet. i.e., a floor cleaning robot shouldsuccessfully clean the floor in normalcircumstances, besides doing all the ancillarytasks that are necessary for it to be successful atthat.4.1 Macro TheoryThere are at least two fundamental questions oforganization for a behavior selection mechanism atthe implementation or algorithmic level.¥ Should the behavior selection mechanism becentralized or decentralized?¥ Should the conflict resolution scheme be fixedpriority or dynamically reconfigurable?At this point in time we have no theoretical way oflinking these questions to the issues of coherence,salience and adequacy raised earlier. Later, we willpoint to work which has been done in these areashowever in terms of practical implementations.One point of theoretical importance, however,concerns hierarchical planning. Centralized behaviorselection mechanisms have a long tradition in theform of AI planning as strongly introduced in the latesixties [Nilsson 84]. Recently classical planning hasbeen shown to be intractable even in quite limitedcircumstances ([Chapman 87]), and has fallen fromfavor amongst creature builders.4.2 Macro RelationsEthology (again, see [McFarland 87]) has struggledwith the problems of behavior selection for manyyears. Theories of drive have come and gone toexplain motivation for particular behaviors. but thereare still no definitive answers, as to exactly whatleads to a particular behavior being activated whenmany are at least not inappropriate in certaincircumstances.Ethologists have also observed and describeddisplacement activities�inappropriate behaviors thatoperate when two conflicting but appropriate otherbehaviors could reasonably be triggered. It seems thatreal creatures are by no means bug free.From the neuroscience side there has been somerecent progress in explaining animal behaviorselection, at least in simpler animals. [Kravitz 88]describes a model of hormonal control of behavior.Following Kravitz’ own summary the major pointsof this model are:1. Sensor inputs enhance the release of hormones.2. A hormone may be released from tissues orneurons and may act in isolation or in concert withother substances.3. The hormone finds receptors where it eitherstimulates a new behavior pattern or enhances ordiminishes an existing pattern.4. The systems affected by hormones may includesensory sory elements, groups of higher processingcenters, and motor or hormonal output systems5. The method of stimulation is a gain settingmechanism, biasing the output of the organism inparticular directions.6. The change is apparent in that the organism thenresponds to particular sensory inputs with alteredoutputs.7.Individual organisms may respond to particularhormones with different levels of effectivenessdetermined by genetic or environmental influences.

8. The affected circuit may itself further enhance ordiminish the release of the hormonal substance.Kravitz uses the lobster as his primaryinstantiation of this model.In [Brooks and Viola 90] we demonstrated a roboticinstantiation of Kravitz’ model (programmed in the"Behavior Language" [Brooks 90]) which successfullydemonstrated seven of the listed eight properties(number seven being the only one not accounted for).4.3 Macro PracticeIf we restrict ourselves to implementations onactual robots there has been very little actual work inbehavior selection.[Brooks 86] used a distributed system, called thesubsumption architecture, with an almost fixedpriority scheme to arbitrate between behaviors. Therewas a small amount of internal communicationbetween the behaviors, but it was not directly relatedto priorities in conflict resolution or behavioractivation. Indeed the behaviors were all active at alltimes. [Connell 89] later purified this scheme so thatthere was no internal communication betweenbehaviors. A major criticism of the scheme used isthat there is no explicit mention of behavior selectionor priorities in the programming language forexpressing behaviors.[Kaelbling 88] remedies that shortfall by having anexplicit programming language for behaviorselection. The code generated by her scheme wasagain decentralized and used fixed priorities determinedat compile time.[Maes 89] suggested another decentralized schemebut with more explicit references to behavioractivation. She develops the scheme in [Maes 90] and[Brooks 90] produced a superset language. theBehavior Language, which could be used toimplement the scheme on mobile robots. Thislanguage was used by [Mataric 90] in a system wheresome individual behaviors represented landmarks inthe world, and by [Maes and Brooks 90] where alearning mechanism was introduced to learnarbitration between behaviors (enabling a six leggedrobot to learn to walk from negative feedback when itfell down). An interesting thing about the BehaviorLanguage is that it actually compiles intosubsumption architecture programs with a fixedpriority arbitration scheme. The user of the BehaviorLanguage does not see this restriction however, as itis hidden in an abstraction mechanism.The Behavior Language also contains featuresinspired by the work of [Kravitz 88] with thehormone system of the lobster. [Brooks and Viola90] show how these features enable almost a fullimplementation of the Kravitz model.Two problems stand out with these schemes:¥We do not know how well they will scale. Wecertainly do not have anything like a Turingequivalence theorem that tells us that at least inprinciple these schemes can do anything we mightever want them to do.¥ We do not have any analytic tools for understandingin advance what sort of conflicts and otherunexpected interactions might arise from the wayswe paste together behaviors using thesemethodologies.These two problems are key research areas, andprogress in either would fundamentally help the field.5 Multitude LevelOnce we have physical creatures successfullyoperating in the world, handling its dynamics andsurprises, there naturally arises the question of howsuch creatures will interact with each other.This question can be posed in terms of how justtwo creatures will interact, or inspired by largecolonies of social insects such as ants and bees, wecan ask whether and how interesting behavior of thatclass might arise when we have large collections ofartificial creatures in contact with each other. It isthis latter question that we will concentrate upon forthe rest of this paper.Some of the major issues for social interactions oflarge numbers of artificial creatures me:Emergence: Given a set of behaviors programmedinto a set of creatures we would like to be able topredict what the global behavior of the systemwill be, and as a consequence determine thedifferential effects of small changes to theindividual creatures on the global behavior.Synthesis: As at the micro level, given a particulartask, automatically derive a program for the setof creatures so that they carry out the task.Individuality: Robustness can be achieved if allcreatures are interchangeable. A fixed number ofclasses of creatures, where all creatures within aclass are identical, is also robust, but somewhat less so. The issue then is given a task, decidehow many classes of creatures are necessaryCooperation: In some circumstances creaturesshould be able to achieve more by cooperating�the form and specification of such possiblecooperations need to be understood.Interference: Creatures may interfere with oneanother. Protocols for avoiding this when it isundesirable must be included in the design of thecreatures� instructions.Density dependence: The global behavior of thesystem may be dependent on the density of thecreatures and the resources they consume withinthe world. A characterization of this dependenceis desirable. At the two ends of the spectrum itmay be the case that (a) a single creature given nunits of time performs identically to n robotseach given I1unit of time, and (2) the global taskmight not be achieved at all if there are fewerthan, say, m creatures.Communication: Performance may be increasedby increasing the amount of explicitcommunication between creatures, but therelationship between the amount ofcommunication increase and performance increaseneeds to be understood.This is an area where almost no work has beendone with actual physical robots. so the followingremarks are rather brief Some work has been donewith a small number of robots (e.g., [Premvuti andYuta 90]) but none with large numbers of robots.5.1 Multitude TheoryIn many ways the aim of controlling multiplecreatures to generate a global behavior is similar tothe problem of controlling a single creature togenerate a single behavior. The difference is in thelarge amount of communication that goes on throughthe world. in the case of multiple creatures, wheretheir very presence. besides any changes they maymake to the world itself, are signals for changes inbehavior of other creature.For suitably abstracted creatures it may be possibleto describe their group behavior as differentialequations and again use classical control theory tounderstand the conditions under which they willproduce a certain global behavior. This sort ofanalysis will become more difficult as the creaturesmodify the world and may turn out only to be usefulfor understanding grouping and flocking behaviors.5.2 Multitude RelationsThere are a number of disciplines which may shedlight on organizations of many creatures.From a descriptive and mechanistic viewpoint theiris much interesting work on the organization ofsocial insects [Deneubourg et al 87] is just oneexample of how complex patterns of behavior canemerge from simple systems of biological creatures.The theories on dynamical systems. and selforganization and the construction of dissipativestructures ([Nicolis and Prigogine 77]) may havesome relevance to the field also. See [Steels 89] forone approach to investigating the behavior of manysimple creatures acting in a single environment.None of this work at this point gives us anyhandle on how to synthesize creatures which willcarry out global tasks that we desire.5.3 Multitude PracticeThere is no real work yet reported on multiple real(physical) robot creatures interacting in non-trivialways. There is a lot of work on simulations (e.g., see[Langston 87] and [Langston 90]). It remains to beseen how relevant all this work is to actual physicalsystems interacting in the world.6 ConclusionBuilding complete creatures is a complex endeavor.No single theory will be adequate to guide us ineither synthesis or analysis. We can expect manypartial theories to be developed over time, some quitelimited in their scope. Likewise, we can expect manyprogramming methods to be developed, again limitedin scope. By combining the pieces we will be able tobuild practical systems. In the meantime, moreglobal theories will emerge, as we have moreexperimental systems on which we can gainexperience.7 AcknowledgementsAnita Flynn and Maja Mataric provided manyvaluable comments on earlier drafts of this paper.Support for this research was provided in part bythe University Research Initiative under Office ofNaval Research contract N00014-86-K-0685, in partby the Advanced Research Projects Agency underOffice of Naval Research contractN00014-85-K-0124.8 References

[Agre 88] �The Dynamic Structure of Everyday Life�,Philip E. Agre, MIT A.I. Lab Technical Report 1085, Dec.[Angle 89] �Genghis, a Six Legged AutonomousWalking Robot�, Colin M. Angle, MIT S.B. Thesis inElectrical Engineering and Computer Science, March.[Angle and Brooks 90] �Small Planetary Rovers�, ColinM. Angle and Rodney A. Brooks, IEEE/RSJInternational Workshop on Intelligent Robots andSystems IROS �90, July, Ikabara, Japan, 383-388.[Ballard 89] �Reference Frames for Active Vision�, DanaH. Ballard. IJCAI-89, Detroit, MI, 1635-1641.[Brooks 82] �Symbolic Error Analysis and RobotPlanning�, Rodney A. Brooks, The InternationalJournal of Robotics Research 1:4, 29-68.[Brooks 86] �A Robust Layered Control System for aMobile Robot�, Rodney A. Brooks, IEEEJournal ofRobotics and Automation, RA-2, April, 14-23.[Brooks 89] �A Robot that Walks: Emergent Behaviorfrom a Carefully Evolved Network�, Rodney A. Brooks,Neural Computation, 1:2, Summer, 253-262.[Brooks 90] �The Behavior Language; User�s Guide�,Rodney A. Brooks, MIT A.I. Lab Memo 1227, April.[Brooks and Viola 90] �Network Based AutonomousRobot Motor Control: from Hormones to Learning�,Rodney A. Brooks and Paul A. Viola, Advanced NeuralComputers, Rolf Eckmiller (ed), Elsevier, 341-348.[Chapman 87] �Planning for Conjunctive Goals�, DavidChapman, Artificial Intelligence, 32, 333-377.[Chapman 90] �Vision, Instruction, and Action�, DavidChapman, MIT A.I. Lab Technical Report 1204, Aug.(Chatila and Laumond 85] �Position Referencing andConsistent World Modeling for Mobile Robots�, R.Chatila and J. Laumond, IEEEInternational Conferenceon Robotics and Automation, March, 138-145.[Connell 87] �Creature Building with the SubsumptionArchitecture�, Jonathan H. Connell, IJCAI-87, Milan,August, 1124-1126.[Connell 90] �A Colony Architecture for an ArtificialCreature�, Jonathan H. Connell, MIT A.I. Lab TechnicalReport 1151, June.[Cruse 90] �What Mechanisms Coordinate LegMovement in Walking Arthropods?�, Holk Cruse,Trends in Neurosciences, 13:1, 15-21.[Deneubourg et al 87] �Self-Organization Mechanisms inAnt Societies, II: Learning in Foraging and Division ofLabor�, J.-L. Deneubourg, S. Goss, J. M. Pasteels, D.Fresneau, and J.-P. Lachaud, For Individual to CollectiveBehavior in Social Insects (Experientia Supplement, vol54), 177-196.(Doyle and Stein 81] �Multivariable Feedback Design:Concepts for a Classical/Modern Synthesis�, J. C.Doyle and G. Stein, IEEETransactions on AutomaticControl, AC-26(l), 4-16.[Ernst 61] �MH-1, AComputer-Operated MechanicalHand�, Heinrich A. Ernst, MIT Ph.D. Thesis, Dec.[Flynn 87] �Gnat Robots (And How They Will ChangeRobotics)�, Anita M. Flynn, IEEE Micro Robots andTeleoperators Workshop, Hyannis. MA, Nov.[Flynn and Brooks 89] �Building Robots: Expectationsand Experiences�, Anita M. Flynn and Rodney A.Brooks, IEEE/RSJ International Workshop on IntelligentRobots and Systems IROS ’89, Sept, Tsukuba, Japan,236-243.[Giralt, Chatila and Vaisset 84] �An IntegratedNavigation and Motion Control System forMultisensory Robots�, Georges Giralt, Raja Chatila andMarc Vaisset, Robotics Research 1, Brady and Paul (eds),MIT Press, 191-214.[G�tz and Wenking 73] �Visual Control of Locomotionin the Walking Fruitfly Drosophilia�, Karl Georg G�tzand Hans Wenking, J. Comp. Physiol. 85, 235-266.[Grimson 90] �Object Recognition by Computer: TheRole of Geometric Constraints�, W. Eric L. Grimson,MIT Press, Sept.[Horswill and Brooks 88] �Situated Vision in a DynamicWorld: Chasing Objects�, Ian D. Horswill and Rodney A.Brooks, AAAI-88, St Paul, MN, August, 796-800.[Kaelbling 88] �Goals as Parallel ProgramSpecifications�, Leslie Pack Kaelbling. AAAI-88, StPaul, MN. August, 60-65.[Kravitz 88] �Hormonal Control of Behavior: Aminesand the Biasing of Behavioral Output in Lobsters�,Edward A. Kravitz, Science, Vol 241. September 30,1775-1781[Langston 87] �Proceedings of Artificial Life�,Christopher Langston (ed), Addison-Wesley, appeared1989.[Langston 90] �Proceedings of Artificial Life, II�,Christopher Langston (ed), Addison-Wesley, to appear.[Lozano-P�rez 76] �The Design of a MechanicalAssembly System�, Tom�s Lozano-P�rez, MIT A.I. LabTechnical Report 397, Dec.

[Lozano-P�rez Mason and Taylor 84] �AutomaticSynthesis of Fine-Motion Strategies for Robots�,Tom�s Lozano-P�rez, Matthew T. Mason and Russell H.Taylor, Robotics Research 1, Brady and Paul (eds), MITPress, 65-96.[Maes 89] �The Dynamics of Action Selection�, PattieMaes, IJCAI-89, Detroit, MI. 991-997.[Maes 90] �Situated Agents Can Have Goals�, PattieMaes, Robotics and Autonomous Systems, 6.[Maes and Brooks 90] �Learning to CoordinateBehaviors�, Pattie Maes and Rodney A. Brooks,AAAI-90, Boston, MA, August, 796-802.[Marr 82] �Vision�, David Marr, W. H. Freeman andCo., San Francisco.[Mataric 90] �A Distributed Model for Mobile RobotEnvironment�Learning and Navigation�, Maja J . Mataric, MIT A.I. Lab Technical Report 1228, May.[McCarthy and Hayes 69] �Some PhilosophicalProblems from the Standpoint of ArtificialIntelligence�, John McCarthy and Patrick Hayes,Machine Intelligence 4, Edinburgh University Press.[McFarland 87] �The Oxford Companion to AnimalBehavior�, David McFarland (ed), Oxford UniversityPress, Oxford.[Moravec 80] �Obstacle Avoidance and Navigation inthe Real World by a Seeing Robot Rover�, Hans P.Moravec, Stanford A.I. Memo 340, Sept.[Nicolis and Prigogine 77] �Self-Organization inNonequilibrium Systems�, G. Nicolis and I. Prigogine,John Wiley and Sons, New York.[Nilsson 84] �Shakey the Robot�, Nils J. Nilsson (ed).SRI A.I. Center Technical Note 323, April.[Pollack and Ringuette 90] �Introducing the Tileworld:Experimentally Evaluating Agent Architectures�, MarthaE. Pollack and Marc Ringuette, AAAI-90, Boston, MA.August, 183-189.[Pool 90] �Understanding the Simplest Reaction�,Robert Pool, Science, Vol 247, January 26, 413.[Premvuti and Yuta 90] �Consideration on theCooperation of Multiple Autonomous Mobile Robots�,Suparerk Premvuti, and Shin’ichi Yuta, IEEE/RSJInternational Workshop on Intelligent Robots andSystems IROS ’90, July, Ikabara, Japan, 59-63.[Roberts 63] �Machine Perception of Three-DimensionalSolids�, Larry G. Roberts, MIT Lincoln LaboratoryTechnical Report No. 315, May.[Steels 89] �Cooperation Between Distributed AgentsThrough Self-Organization�, Luc Steels, Proceedings ofthe Workshop on Multi-Agent Cooperation, Cambridge,UK, August, North Holland.[Taylor 76] �The Synthesis of Manipulator ControlPrograms from Task-Level Specifications�, Russell H.Taylor, Stanford A.I. Memo 282, July.[Thorpe, Hebert. Kanade and Shafer 88] �Vision andNavigation for the Carnegie Mellon Navlab�, CharlesThorpe, Martial Hebert, Takeo Kanade and Steven A.Shafer, IEEE Trans. PAMI, 10(3), May, 362-371.[Wehner 87] �Matched Filters - Neural Models of theExternal World�, R�diger Wehner, J.Comp. Physiol. A.,161, 511-531.