Building Brains for BodiesRODNEY A. BROOKS AND LYNN ANDREA STEINMassachusetts Institute of Technology,Artificial Intelligence Laboratory,545 Technology Square,Cambridge, MA 02139 USAAutonomous Robots, 1, 7-25 (1994)1994 Kluwer Academic Publishers, Boston. Manufactured in The Netherlands.AbstractWe describe a project to capitalize on newly available levels of computational resources in order to understand humancognition. We are building an integrated physical system including vision, sound input and output, and dextrousmanipulation, all controlled by a continuously operating large scale parallel MIMD computer. The resulting systemwill learn to "think" by building on its bodily experiences to accomplish progressively more abstract tasks. Pastexperience suggests that in attempting to build such an integrated system we will have to fundamentally change theway artificial intelligence, cognitive science, linguistics, and philosophy think about the organization ofintelligence. We expect to be able to better reconcile the theories that will be developed with current work inneuroscience.Keywords: robotics, artificial intelligence, human cognition, humanoids, androidsI Project OverviewWe are building an integrated physical humanoidrobot including active vision, sound input andoutput, dextrous manipulation, and the beginnings oflanguage, all controlled by a continuously operatinglarge scale parallel MIMD computer. This projectcapitalizes on newly available levels ofcomputational resources in order to meet two goals:an engineering goal of building a prototype generalpurpose flexible and dextrous autonomous robot and ascientific goal of understanding human cognition.While there have been previous attempts at buildingkinematically humanoid robots, none have attemptedthe embodied construction of an autonomousintelligent robot; the requisite computational powersimply has not previously been available.The robot is coupled into the physical world withhigh bandwidth sensing and fast servocontrolledactuators, allowing it to interact with the world on ahuman time scale. A shared time scale opens up newpossibilities for how humans use robots asassistants, and allows us to design the robot to learnnew behaviors under human feedback such as humanmanual guidance and vocal approval. One of ourengineering goals is to determine the architecturalrequirements sufficient for an enterprise of this type.Based on our earlier work on mobile robots, ourexpectation is that the constraints may be differentfrom those that are often assumed for large scaleparallel computers. If ratified, such a conclusioncould have important impacts on the design of futuresub-families of large machines.Recent trends in artificial intelligence, cognitivescience, neuroscience, psychology, linguistics, andsociology are converging on an anti-objectivist,body-based approach to abstract cognition. Wheretraditional approaches in these fields advocate anobjectively specifiable reality � brain-in-a-box,independent of bodily constraints � these newerapproaches insist that intelligence cannot be separatedfrom the subjective experience of a body. Thehumanoid robot provides the necessary substrate, fora serious exploration of the subjectivist-body-based-hypotheses.There are numerous specific cognitive hypothesesthat could be implemented in one or more of thehumanoids that will be built during the project. Forexample, we can vary the extent to which the robot isprogrammed with an attentional preference for someimages or sounds, and the extent to which the robotis programmed to learn to selectively attend toenvironmental input as a by-product of goalattainment (e.g., successful manipulation of objects)or reward by humans. We can compare the behavioralresult of constructing a humanoid around differenthypotheses of cortical representation, such ascoincidence detection versus interpolating memoryversus sequence seeking in counter streams versustime-locked multi-regional retroactivation. In thelater years of the project we can connect with theories of consciousness by demonstrating that humanoidsdesigned to continuously act on immediate sensorydata (as suggested by Dennett’s multiple drafts model)show more human-like behavior than robots designedto construct an elaborate world model.The act of building and programmingbehavior-based robots forces us to face not onlyissues of interfaces between traditionally assumedmodularities, but even the idea of modularity itself.By reaching across traditional boundaries and tyingtogether many sensing and acting modalities, we willquickly illuminate shortcomings in the standardmodels, shedding light on formerly unrealizedsociologically shared, but incorrect, assumptions.2 Background: The Power of EnablingTechnologyAn enabling technology � such as the brain thatwe are building � has the ability to revolutionizescience. A recent example of the far-reaching effectsof such technological advances is the field of mobilerobotics. Just as the advent of cheap and accessiblemobile robotics dramatically altered our conceptionsof intelligence in the last decade, we believe thatcurrent high performance computing technologymakes the present an opportune time for theconstruction of a similarly significant integratedintelligent system.Over the last eight years there has been a renewedinterest in building experimental mobile robotsystems that operate in unadorned and unmodifiednatural and unstructured environments. The enablingtechnology for this was the single chipmicro-computer. This made it possible for relativelysmall groups to build serviceable robots largely withgraduate student power, rather than the legion ofengineers that had characterized earlier efforts alongthese lines in the late sixties. The accessibility ofthis technology inspired academic researchers to takeseriously the idea of building systems that wouldwork in the real world.The act of building and programmingbehavior-based robots fundamentally changed ourunderstanding of what is difficult and what is easy.The effects of this work on traditional artificialintelligence can be seen in innumerable areas.Planning research has undergone a major shift fromstatic planning to deal with �reactive planning.� Theemphasis in computer vision has moved fromrecovery from single images or canned sequences ofimages to active � or animate �˚vision, where theobserver is a participant in the world controlling theimaging process in order to simplify the processingrequirements. Generally, the focus within AI hasshifted from centralized systems to distributedsystems. Further, the work on behavior-based mobilerobots has also had a substantial effect on many otherfields (e.g., on the design of planetary sciencemissions, on silicon micromachining, on artificiallife, and on cognitive science). There has also beenconsiderable interest from neuroscience circles, andwe are just now starting to see some bi-directionalfeedback there.The grand challenge that we wish to take up is tomake the quantum leap from experimenting withmobile robot systems to an almost humanoidintegrated head system with saccading foveatedvision, facilities for sound processing and soundproduction, and two compliant, dextrousmanipulators. The system will be immobile. Theenabling technology is massively parallel computing;our brain has large numbers of processors dedicated toparticular sub-functions, and interconnected by a fixedtopology network.3 Scientific QuestionsBuilding an android, an autonomous robot withhumanoid form, has been a recurring theme in sciencefiction from the inception of the genre withFrankenstein, through the moral dilemmas infestingpositronic brains, the human but not really humanC3PO and the ever present desire for real humannessas exemplified by Commander Data. Their bodieshave ranged from that of a recycled actual humanbody through various degrees of mechanicalsophistication to ones that are indistinguishable (inthe stories) from real ones. And perhaps the mosthuman of all the imagined robots, HAL-9000, did noteven have a body.While various engineering enterprises have modeledtheir artifacts after humans to one degree or another(e,g., WABOT-II at Waseda University and the spacestation tele-robotic servicer of Martin-Marietta) noone has seriously tried to couple human likecognitive processes to these systems. There has beenan implicit, and sometimes explicit, assumption,even from the days of Turing (see Turing (1970)i)that the ultimate goal of artificial intelligenceresearch was to build an android. There have beenmany studies relating brain models to computers(Berkeley 1949), cybernetics (Ashby 1956), andartificial intelligence (Arbib 1964), and along the waythere have always been semi-popular scientific booksdiscussing the possibilities of actually building real�live� androids (Caudill (1992) is, perhaps the mostrecent).This paper concerns a plan to build a series ofrobots that are both humanoid in form, humanoid in function, and to some extent humanoid incomputational organization. While one cannot denythe romance of such an enterprise, we are realisticenough to know that we can but scratch the surface ofjust a few of the scientific and technologicalproblems involved in building the ultimate humanoidgiven the time scale and scope of our project, andgiven the current state of our knowledge.The reason that we should try to do this at all isthat for the first time there is plausibly enoughcomputation available. High performance parallelcomputation gives us a new tool that those before ushave not had available and that our contemporarieshave chosen not to use in such a grand attempt. Ourprevious experience in attempting to emulate muchsimpler organisms than humans suggests that inattempting to build such systems we will have tofundamentally change the way artificial intelligence,cognitive science, psychology, and linguistics thinkabout the organization of intelligence. As a result,some new theories will have to be developed. Weexpect to be better able to reconcile the new theorieswith current work in neuroscience. The primarybenefits from this work will be in the striving, ratherthan in the constructed artifact.3.1 MindsThe traditional approach taken in artificialintelligence to building intelligent programs hasaffectionately been dubbed �Good Old Fashioned AI�,or GOFAI (Haugeland 1985). It is epitomized in themodularity arguments of Fodor (1983) and in thephysical symbol system hypothesis of Newell &Simon (1981). These approaches reduce Al to theproblem of constructing a brain-in-a-box symbolicmanipulator which would act intelligently if givenappropriate connection to a robot (or otherperceptuo-motor system). Still further modularizationleads to independent work on such tasks as naturallanguage processing, planning, learning, andcommonsense reasoning (e.g., Allen, Hendler & Tate1990, Hobbs & Moore 1985 or Brachman &Levesque 1985). We have argued (Brooks 1991a) thatmuch of GOFAI was shaped by the technologicalresources available to its researchers. Highperformance computing and communications gives usa new opportunity to re-shape attempts at buildingintelligent systems.Many modern theories are at odds with GOFAI Forexample, Minsky (1986) suggests that the mind is asociety of smaller agents competing and cooperating.Kinsbourne (1988) and Dennett (1991) argue thatthere is no place in the brain where consciousnessresides. Linguists and psycholinguists have arguedthat the long-fashionable separation of language intothe separate components of grammar and semantics isa fiction convenient for symbolic formulation but notuseful for advancing our understanding of the realdiversity of language phenomena (Langacker 1987,Harris 1991). Brooks (1991a) proposes thathuman-level intelligence can be built without asingle central representation of the world. Stein(1994) argues that all of cognition can be seen as therecapitulation � through imagination � of action inthe world.Many other theories of mind (e.g., Searle 1992,Edelman 1987, Edelman 1989, Edelman 1992) argueagainst the traditional AI notion of categoricalrepresentation, and instead for a more situated modelof computation. Unfortunately these and others areflawed by fundamental misunderstandings about thenature of computation and the uses of abstraction,usually centered around formal models of Turingmachines and sometimes their interaction withG�del’s theorem. Such arguments were long agosuccessfully debunked (Arbib 1964), but continue toresurfaceii.At the other end of the spectrum is connectionism.Computational scientists have worked with simpleabstractions of the brain for many years in two mainwaves, one in the sixties (Rosenblatt 1962, Minsky& Papert 1969) and a second in the eighties(Rumelhart & McClelland 1986). Unfortunately,most of this work is concerned with local aspects ofthe problem, rather than giving insight into how acomplete system might be organizediii. There havebeen recent attempts to bridge the gap in moreserious ways between computation and neuroscience� in particular Churchland & Sejnowski (1992) �but still the gap is too large to consider neural-basedapproaches for a system of the scope we areproposing. Dennett & Kinsbourne (1992) areworking to relate a neuroscientific theory ofconsciousness, dominant focus (Kinsbourne 1988),to a philosophical analysis of mind. A major intentof our work is to extend that analysis to the point ofits being an implementable theory on our humanoids.Recent work in neuropsychology has producedsurprising results. Lesion studies, e.g. those byDamasio & Damasio (1989) and McCarthy &Warrington (1990), indicate that the modularity ofstorage and access in the human brain is dramaticallydifferent from what our intuitions � as exemplifiedby both cognitive science and GOFAI � tell us. Forinstance it is clear that a picture of a dolphin providesimmediate access to a different set of representationsat a different level of generalization from thoseprompted by the verbal stimulus, �dolphin�. In anormal person these representations are cross-linked,but in patients with certain lesions these cross-links may be destroyed for particular classes of entities(e.g., for animals, but not tools)iv. LikewiseNewcombe & Ratcliff (1989) demonstrate multipleparallel channels of control dependent on the task,rather than, say, a single centralized finger controlmodule for each finger. There is a grounding of motorcontrol in the different types of interactions the agenthas with the worldv. Nor is the control of attentioncentralized, as illustrated by studies of unilateralneglect (Kinsbourne 1987), but rather it is a matter ofcompetition between brain systems.The argument is that the human brain stores thingsnot only by category but also by modality � the�representations� are grounded in the sensory modalityused to learn the information. Kuipers & Byun(1991), Mataric (1992b) and Stein (1994) implementlimited forms of this body-based representation inmobile robots. Drescher (1991), too, usesenvironmental interaction to construct representation.Still, each of these projects was limited by therelative poverty of the sensory suite. In this project,we are using the neuropsychological evidence to builda far more sophisticated instantiation of the body-based theory of representation and to examine itrelative to traditional theories of modularity.There is also evidence that what appear to bereasonably well understood sensory channels withinthe brain are much more complex than we currentlyimagine. As one example, there is the effect knownas blindsight, where despite the lack of pieces or awhole visual cortex, both humans and animals canperceive, perhaps not consciously, certain thingswithin their visual field (Weiskrantz 1986, Braddicket al. 1992). There has been some recent argumentthat these phenomena may be produced by partiallyintact visual cortex (Fendrich, Wessinger &Gazzaniga 1992), but even that would still call intoquestion the arguments of Marr (1982) � long usedin computer vision � that the purpose of the visionsystem is to reconstruct a 3-dimensionalrepresentation of what is out in the world.The notion that embodiment in the physical worldis important to creating human-like intelligence isnot at all new. Even the 1947 paper of Turing (1970)is quite concerned about this point. Later, Simon(1969) discusses a similar point using as a parable anant walking along the beach. He points out that thecomplexity of the behavior of the ant is more areflection of the complexity of its environment thanits own internal complexity and speculates that thesame may be true of humans.The idea that our very modularity and internalorganization depends on our ways of physicallyinteracting with the world is carried even further in aseries of philosophical arguments (Lakoff & Johnson1980, Lakoff 1987, Johnson 1987). Their centralhypothesis is that all of our thought and language isgrounded in physical patterns generated in our sensoryand motor systems as we interact with the world. Inparticular these physical bases of our reason andintelligence can still be discerned in our language aswe �confront� the fact that much of our language canbe �viewed� as physical metaphors, �based� on ourown bodily interactions with the world.We have been taking these notions seriously as webuild and program our humanoids, using physicalinteractions as a basis for higher level cognitive-likebehaviors. We have already demonstrated a simpleversion of these ideas using currently available�insect-level� robotics (Stein 1994).3.2 Symbols and Mental RepresentationThe physical symbol system hypothesis construedas appropriate manipulation of a physical symbolsystem, maintains that any physical symbol systemcan implement intelligent behavior. As aconsequence, it says that symbols provide a layer ofabstraction that hides the details of perceptual andmotor processes.To understand the difficulties that the physicalsymbol system hypothesis presents for our task, wemight examine another similar abstraction. It iscommon to regard digital design as concerned solelywith binary digits � discrete ones and zeros. Indeed,this digital abstraction allows the use of booleanlogic to synthesize the combinational circuits out ofwhich our computational elements are built. Byhiding the details of analog voltages that constituteour systems, the digital abstraction facilitatesreasoning about and construction with theseelements. However, the fact that the digitalabstraction is useful for combinational synthesis doesnot mean that it suffices for all purposes. Indeed, forcertain elements � such as a bipolar switch �˚itmay be necessary to look beneath the digitalabstraction to understand the interactions of electricalcomponents � e.g., to debounce the switch. Further,certain portions of the resulting system � such asthe debouncing circuitry � may never beinterpretable directly in terms of the digitalabstraction.Approaches that rely on the physical symbol-system hypothesis cannot constitute completeexplanations of intelligence, precisely because theyabstract away the details of symbols�implementation. In order for a brain-in-a-box toconnect to a body, all symbols must be derivablefrom sensory stimuli; but in addition, there are portions of the system � such as the bouncy switch� that cannot be seen from the symbolic side of theabstraction. Thus, while symbolic approaches tocognition may provide us with tremendous insight asto how intelligence might work once we havesymbols, it can neither tell us how to construct thosesymbols nor assist us in the identification andmanipulation of the non-symbolic portion of oursystem.At the opposite extreme are several nonsymbolicapproaches to cognition. From connectionism toreactive systems to artificial life, these systemsoperate on stimuli much closer to �real� sensoryinput, often using difficult-to-comprehend processesto compute appropriate actions based on thesestimuli. Because they are closer to actual sensation,these approaches have had marked success in certainareas (e.g., video-game playing (Agre & Chapman1987); navigation (Pomerleau 1991); �insect�intelligence (Connell 1990, Angle & Brooks 1990).However, because they lack symbols or anycomparable abstraction, these systems are ofteninscrutable. A corollary is the difficulty thatpractitioners have had in transferring knowledgegained in the construction of one system to thedesign of the next. Because there is little explicitstructure, these systems generally defy description byabstraction.We believe that the most fruitful approach will beone that builds on both of these traditions (e.g.,Rosenschein & Kaelbling 1986, Kuipers & Byun1991, Drescher 1991, Stein 1994, Yanco & Stein1993). Just as the digital abstraction is useful for thedesigner of combinational circuits, so the symbolicabstraction will be invaluable for the designer ofcognitive components. However, combinationalcircuits are built out of raw voltages, not out of onesand zeros: the binary digits are in the mind of thedesigner. Similarly, the symbolic abstraction is acrucial tool in the analysis and synthesis of ourhumanoids; but we do not necessarily expect thesesymbols to appear explicitly in the humanoid�s head.Thus, both of these pieces inform our approach torepresentation. However, it is not at all clear that asingle �symbol� (in the conventional sense, e.g.,�dolphin�) will have a unitary representation (e.g., inthe human brain the image of a dolphin may bestored separately from categorical knowledge aboutdolphins as sea creatures). As a result, we need tobroaden the conventional definitions. We expect touse lower level modules � derived, e.g., from more�reactive� approaches � to come up with appropriateresponses to stimuli. From these, we identifypatterns of behavior that represent generalizations �proto-symbols � and use these to establishreasoning that appears to be more �symbolic�.There is an argument that certain components ofstimulus-response systems are �symbolic.� Forexample, if a particular neuron fires � or a particularwire carries a positive voltage � wheneversomething red is visible, that neuron � or wire �may be said to �represent� the presence of somethingred. While this argument may be perfectly reasonableas an observer�s explanation of the system, it shouldnot be mistaken for an explanation of what the agentin question believes. In particular, the positivevoltage on the wire does not represent the presenceof red to the agent; the positive voltage is thepresence of something red as far as the robot isconcerned.The digital abstraction is not a statement abouthow things are; it is merely a way of viewing them.A combinational circuit may be analyzed in terms ofboolean logic, but it is voltages, not a collection ofones and zeros. (Or, perhaps, it is electrons movingin a particular way.) At best, the digital abstractiontells us that the combinational circuit is amenable toanalysis in term of ones and zeros; but it does notchange the reality of what is there.Similarly, the utility of the symbolic abstractionin analyzing rational behavior does not indicate thatthere are actually entities corresponding to symbolsin the brain. Rather, it indicates that the brain �˚or,more, likely, portions of the brain (viz. thedebounced switch) � are amenable to analysis insymbolic terms. It does not change the fact thateverything in the brain is (sub-symbolic) neuralactivity; nor does the equation of brain function withneural activity rule out the utility of a symbolicexplanation.In building a humanoid, we begin at this sensorylevel. All intelligence is grounded in computation onsensory information or on information derived fromsensation. However, some of this computationabstracts away from explicit sensation, generalizing,e.g., over similar situations or sensory inputs.Through sensation and action, the humanoid willexperience a conceptualization of space: �up,�down,� �near,� �far,� etc. We hypothesize that at thispoint it will be useful for observers to describe thebehavior of the humanoid in symbolic terms. (�It putthe red blocks together.�) This is the first step inrepresentation.The next step involves a jump from the view ofsymbols as a convenient but post hoc explanation(i.e., for an observer) to a view in which symbols,somehow, appear to the agent to exist inside the agent�s head. This second step is facilitated bylanguage, one of the tools that allows us to becomeobservers of ourselves. This is the trick ofconsciousness: the idea that �we� exist, that one partof us is observing another.Although there is good evidence that consciousnessis anything but a simple phenomenon (i.e., that thereality is far more complex than our post hocreconstruction of it) (Springer & Deutsch 1981), italmost certainly does have some of the properties thatwe attribute to it.With language, symbols become more than merelya post hoc explanation by others of the workings ofour own brains; symbols become our ownexplanation to ourselves. It is this ability to distanceourselves from our own symbols that gives rise toour illusions of consciousness (Bickhard 1991,Bickard 1993). How can we produce these �symbolic�associations? The same processes that produceresponses from sensory inputs can be stimulatedinternally. For example, Kosslyn (1994) hasdemonstrated that portions of the visual cortex areimplicated in visual imagery, suggesting preciselythis sort of self-stimulation. Stein (1994) takes asimilar approach to add cognitive capacity to abehavior-based robot.We can summarize our approach to representationas follows: Stimulus-response systems abstract awayfrom particular inputs to treat large classes of inputssimilarly. This begins the �generalization� ofparticular stimuli into complex reactions and theexternal appearance of categorization, orproto-symbols. Next, these abstractions begin to beproduced without resorting to actual sensory inputs.Symbol-like behavior results, but withoutinstantiating symbols directly.4 High Performance ComputingWhile traditional parallel processors are designed toact like fast serial computers, we are addressing aninherently parallel task. Indeed, while for most ofcomputer science the translation to parallel hardwarehas imposed additional complexity (and, indeed, muchcurrent research is devoted to minimizing theoverhead of this translation), we anticipate asignificant simplification of our task in virtue of theparallel hardware available.Much of the work on high performancecomputation is benchmarked in terms of how itspeeds up numerical simulations of physicalphenomena (Cypher, Ho, Konstantinidou & Messina1993). In these domains there is a well defined set ofcomputations that given a valid set of initialconditions are guaranteed to be well behaved in somesense, generating a sufficiently accurate simulation ofhow events will unfold over time. Data is collectedalong the way, and a final summary of how themodeled system evolved over time is the result of thecomputation. The model of a computation is verymuch that of an algorithm that is given input dataand, after some suitable computation, outputs somedata. As a result, much of the research into highperformance parallel computers is concerned withhow to present a shared memory that can be accessedquickly by all processors, leading to the need for localcaching schemes and high speed switching networks;how to make sure that all such views of memory areconsistent, leading to the need for handling cachecoherence; and how to dynamically balance the loadon all processors, given the implicit understandingthat the goal of the whole job is to complete thecomputation as quickly as possible.In our �problem� the constraints are very different.By the nature of the system we do not need tomigrate processes, do not need a shared memory, anddo not need to dynamically redirect messages. Simple�hard wired� messages networks should suffice, withmemory only local to each processor. The goal is notto �finish� a computation as quickly as possible butinstead to pass the data through a process in abounded amount of time so that the next data that theworld presents to the system can flow throughwithout getting blocked or lost. There is no end to acomputation or final result; all is continuously beingcomputed and recomputed, and actions in the worldare the �outputs� of the system. But the computationis not simply linear in ordering. There must be manypathways between sensors and actuators, some withvery different latencies, each one contributing tosome aspect of the resulting behavior of the system.We need high performance and parallel computingin order to guarantee the bounds on computation timeof any particular step in the processes. We will pushon the organization of computation to do useful tasksdirectly in the real world, and will be pushing in adirection which should lead to inherentlysimplerto-construct massively parallel computers.The applications of this sort of processing will bewide ranging and indeed may well become pervasivethroughout our society.Our problem is more one of maintenance ofactivity rather than achievement of a single solutionto a problem.Our humanoid robot is situated in a real world overwhich it has very little control. There are peoplepresent, moving about, changing the physicalenvirons of the humanoid, responding to actions of the humanoid, and generating spontaneous behaviorsthemselves. The task for the humanoid will be tointeract with these ultimately unpredictable agents ina coherent way. It receives a continuous large and richstream of input data of which it must make sense,relating it to past experiences and future possibilitiesin the world. It is a participant in this world and mustact with appropriate speed and grace.5 Hardware and Software ExperimentalPlatformsWe have extensive experience in building mobilerobots. The authors have been directly involved in thedesign and construction of over 35 different designsfor mobile robots, and with multiple instances ofmany of these types of robots � over 100 robots intotal.In that previous work with mobile robots, westarted out thinking we would build one mobile robotthat would be a platform for research for a generationof graduate students (Brooks 1986). That soonchanged as we realized three things: (1) trying todesign everything into one robot caused too manycompromises in our research goals as earlyexperiments soon pointed to multiple differentsensor/actuator suites which needed to be explored,(2) graduate students working on somewhat separatethesis projects needed their own robots if they were todo extensive multi-hundred hours of operationexperiments, rather than simple validationdemonstrations in controlled environments as wereoften conducted in many research projects (Brooks1991b) and (3) by continually re-engineering ourdesigns we gradually built more robust robots withlonger mean times between catastrophic failuresvi.Building many robots over a short period of time ledto rapid increases in performance over a diverse set ofrobot morphologies (Yanco & Stein 1993, Torrance1994, Brooks 1986, Connell 1987, Horswill &Brooks 1988, Brooks 1989, Connell 1990, Angle &Brooks 1990, Mataric 1992b, Mataric 1992a, Ferrell1993, Horswill 1993; see Brooks 1990b for anoverview). At the same time, a common softwaresystem (Brooks 1990a) was developed which ran onmany different processors, but provided a commonenvironment for programming all the diverse robots.Brooks (1990b) gives a mid-course review of some ofthose robots.In this project too, we expect that there will begreat benefits from building the humanoid repeatedlyover the life of the project and from running thesoftware on multiple computer architectures, takingadvantage in both cases of technologicaldevelopments that will occur independently of thisproject. At the same time we are following a learningcurve, increasing our engineering sophistication andthe inherent robustness of the systems we build.5.1 BrainsOur goal is to take advantage of the newavailability of massively parallel computation indedicated machines. We need parallelism because ofthe vast amounts of processing that must be done inorder to make sense of a continuous and rich streamof perceptual data. We need parallelism to coordinatethe many actuation systems that need to work insynchrony (e.g., the ocular system and the neck mustmove in a coordinated fashion at time to maintainimage stability) and which need to be servoed at highrates. We need parallelism in order to have acontinuously operating system that ran be upgradedwithout having to recompile, reload, and restart all ofthe software that runs the stable lower level aspectsof the humanoid. And finally we need parallelism forthe cognitive aspects of the system as we areattempting to build a �brain� with more capabilitythan can fit on any existing single processor.But in real-time embedded systems there is yetanother necessary reason for parallelism. It is the factthat there are many things to be attended to,happening in the world continuously, independent ofthe agent. From this comes the notion of an agentbeing situated in the world. Not only must the agentdevote attention to perhaps hundreds of differentsensors many times per second, but it must alsodevote attention �down stream� in the processingchain in many different places at many times persecond as the processed sensor data flows through thesystem. The actual amounts of computation needed tobe done by each of these individual processes is infact quite small, so small that originally weformalized them as augmented finite state machines(Brooks 1986), although more recently we havethought of them as real-time rules (Brooks 1990a).They are too small to have a complete processordevoted to them in any machine beyond a CM-2, andeven there the processors would be mostly idle. Abetter approach is to simulate parallelism in a singleconventional processor with its own local memory.For instance, Ferrell (1993) built a software systemto control a 19 actuator six legged robot using about60 of its sensors. She implemented it as more than1500 parallel processes running on a single Phillips68070. (It communicated with 7 peripheral processorswhich handled sensor data collection and 100 Hzmotor servoing.) Most of these parallel processes ranat rates varying between 10 and 25 Hertz. Each timeeach process ran, it took at most a few dozeninstructions before blocking, waiting either for thepassage of time or for some other process to send it a message. Clearly, low cost context switching wasimportant.The underlying computational model used on thatrobot � and with many tens of other autonomousmobile robots we have builtconsisted of networks ofmessage-passing augmented finite state machines.Each of these AFSMs was a separate process. Themessages were sent over predefined �wires� from aspecific transmitting to a specific receiving AFSM.The messages were simple numbers (typically 8 bits)whose meaning depended on the designs of both thetransmitter and the receiver. An AFSM had additionalregisters which held the most recent incomingmessage on any particular wire. This gives a verysimple model of parallelism, even simpler than thatof CSP Hoare (1985). The registers could have theirvalues fed into a local combinatorial circuit toproduce new values for registers or to provide anoutput message. The network of AFSMs was totallyasynchronous, but individual AFSMs could havefixed duration monostables which provided for dealingwith the flow of time in the outside world. Thebehavioral competence of the system was improvedby adding more behavior-specific network to theexisting network. This process was called layering.This was a simplistic and crude analogy toevolutionary development. As with evolution, atevery stage of the development, the systems weretested. Each of the layers was a behavior producingpiece of network in its own right, although it mightimplicitly rely on the presence of earlier pieces ofnetwork. For instance, an explore layer did not needto explicitly avoid obstacles, as the designer knewthat a previous avoid layer would take care of it. Afixed priority arbitration scheme was used to handleconflicts.On top of the AFSM substrate we used anotherabstraction known as the Behavior Language, or BL(Brooks 1990a), which was much easier for the userto program with. The output of the BL compiler wasa standard set of augmented finite state machines; bymaintaining this compatibility all existing softwarecould be retained. When programming in BL the userhas complete access to full Common Lisp as ametalanguage by way of a macro mechanism. Thusthe user could easily develop abstractions on top ofBL, while still writing programs which compileddown to networks of AFSMs. In a sense, AFSMsplayed the role of assembly language in normal highlevel computer languages. But the structure of theAFSM networks enforced a programming style whichnaturally compiled into very efficient smallprocesses. The structure of the Behavior Languageenforced a modularity where data sharing wasrestricted to smallish sets of AFSMs, and whose onlyinterfaces were essentially asynchronous 1-deepbuffers.In the humanoid project much of the computation,especially for the lower levels of the system, willnaturally be of a similar nature. We expect to performdifferent experiments where in some cases the higherlevel computations are of the same nature and inother cases the higher levels will be much moresymbolic in nature, although the symbolic bindingswill be restricted to within individual processors. Weneed to use software and hardware environmentswhich give support to these requirements withoutsacrificing the high levels of performance of whichwe wish to make use.5.1.1 Software. For the software environment wehave a number of requirements:¥ There should be a good software developmentenvironment.¥ The system should be completely portable overmany hardware environments, so that we can upgradeto new parallel machines over the lifetime of thisproject.¥ The system should provide efficient code forperceptual processing such as vision.¥ The system should let us write high level symbolicprograms when desired.¥ The system language should be a standardizedlanguage that is widely known and understood.In summary, our software environment should letus gain easy access to high performance parallelcomputation.We have chosen to use Common Lisp (Steele Jr.1990) as the substrate for all software development.This gives us good programming environmentsincluding type checked debugging, rapid prototyping,symbolic computation, easy ways of writingembedded language abstractions, and automaticstorage management. We believe that Common Lispis superior to C (the other major contender) in all ofthese aspects.The problem then is how to use Lisp in amassively parallel machine where each node may nothave the vast amounts of memory that we havebecome accustomed to feeding Common Lispimplementations on standard Unix boxes.We have a long history of building highperformance Lisp compilers (Brooks, Gabriel &

Steele Jr. 1982), including one of the two mostcommon commercial Lisp compilers on the market-,Lucid Lisp (Brooks et al. 1986).Recently we have developed L (Brooks 1993, aretargetable small efficient Lisp which is adownwardly compatible subset of Common Lisp.When compiled for a 680W based machine the loadimage (without the compiler) is only 140 Kbytes,but includes multiple values, strings, characters,arrays, a simplified but compatible package system,all the �ordinary� aspects of format, backquote andcomma, setf etc. full Common Lisp lambda listsincluding optionals and keyword arguments, macros,an inspector, a debugger, defstruct (integrated withthe inspector), block, catch, and throw, etc., fulldynamic closures, a full lexical interpreter, floatingpoint, fast garbage collection, and so on. Thecompiler runs in time linear in the size of an inputexpression, except in the presence of lexical closures.It nevertheless produces highly optimized code inmost cases. L is missing flet and labels, genericarithmetic, bignums, rationals, complex numbers,the library of sequence functions (which can, bewritten within L) and esoteric parts of format andpackages.The L system is an intellectual descendent of thedynamically retargetable Lucid Lisp compiler (Brookset al. 1986) and the dynamically retargetable BehaviorLanguage compiler (Brooks 1990a). The system istotally written in L with machine dependent backendsfor retargetting. The first backend is for the Motorola68020 (and upwards) family, but it is easily retargetedto new architectures. The process consists of writinga simple machine description, providing codetemplates for about 100 primitive procedures (e.g.,fixed precision integer +, *, =, etc., string indexingCHAR and other accessors, CAR, CDR, etc.), codemacro expansion for about 20 pseudo instructions(e.g, procedure call, procedure exit, checking correctnumber of arguments, linking CATCH frames, etc.)and two corresponding sets of assembler routineswhich are too big to be expanded as code templatesevery time, but are so critical in speed that they needto be written in machine language, without theoverhead of a procedure call, rather than in Lisp (e.g.,CONS, spreading of multiple values on the stack,etc.). There is a version of the 1/0 system whichoperates by calling C routines (e.g., fgetchar, etc.;this is how the Macintosh version of L runs) so it israther simple to port the system to any hardwareplatform we might choose to use in the future.Note carefully the intention here: L is to be thedelivery vehicle running on the brain hardware of thehumanoid, potentially on hundreds or thousands ofsmall processors. Since it is fully downwardcompatible with Common Lisp however, we cancarry out code development and debugging on standardwork stations with full programming environments(e.g., in Macintosh Common Lisp, or LucidCommon Lisp with Emacs 19 on a Unix box, or inthe Harlequin programming environment on a Unixbox). We can then dynamically link code into therunning system on our parallel processors.There are two remaining problems: (1) how tomaintain super critical real-time performance whenusing a Lisp system without hard ephemeral garbagecollection, and (2) how to get the level ofwithin-processor parallelism described earlier.The structure of L�s implementation is such thatmultiple independent heaps can be maintained withina single address space, sharing all the code and datasegments of the Lisp proper. In this waysuper-critical portions of a system can be placed in aheap where no consing is occurring, and hence thereis no possibility that they will be blocked by garbagecollection.The Behavior Language (Brooks 1990a) is anexample of a compiler which builds special purposestatic schedulers for low overhead parallelism. Eachprocess ran until blocked and the syntax of thelanguage forced there to always be a blockingcondition, so there was no need for pre-emptivescheduling. Additionally the syntax and semantics ofthe language guaranteed that there would be zero stackcontext needed to be saved when a blocking conditionwas reached. We have built a new scheduling systemwith L to address similar issues in this project. To fitin with the philosophy of the rest of the system ithas a dynamic scheduler so that new processes can beaddedand deleted as a user types to the Lisp listenerof a particular processor. Reasonably straightforwarddata structures keep these costs to manageable levels.It was rather straightforward to build a phase into theL compiler which recognizes the situations describedabove. Thus it was straightforward to implement aset of macros which provides a language abstractionon top of Lisp which provides all the functionality ofthe Behavior Language and which additionally lets ushave dynamic scheduling. A pre-emptive scheduler isused in addition, as it would be difficult to enforce acomputation time limit syntactically when CommonLisp is essentially available to the programmer � atthe very least the case of the pre-emptive schedulerhaving to strike down a process is useful as a safetydevice, and acts as a debugging tool for the user toidentify time critical computations which arestressing the bounded computation style of writing.In other cases static analysis is able to determinemaximum stack requirements for a particular process,and so heap allocated stacks are usable.

The software system so far described is being usedto implement crude forms of �brain models�, wherecomputations will be organized in ways inspired bythe sorts of anatomical divisions we see occurring inanimal brains. Note that we are not building a modelof a particular brain, but rather using a modularityinspired by such components as visual cortex,auditory cortex, etc., with further modulartiy withinand across these components, e.g., a particularsubsystem to implement the vestibulo-ocularresponse (VOR).Thus besides on-processor parallelism we need toprovide a modularity tool that packages processesinto groups and limits data sharing, between them.Each package resides on a single processor, but oftenprocessors host many such packages. A package thatcommunicates with another package should beinsulated at the syntax level from knowing whetherthe other package is on the same or a differentprocessor. The communication medium between suchpackages will again be 1-deep buffers withoutqueuing or receipt acknowledgment- any suchacknowledgment will need to be implemented as abackward channel, much as we see throughout thecortex (Churchland & Sejnowski 1992). Thispackaging system can be implemented in CommonLisp as a macro package.5.1.2 Computational Hardware. The computationalmodel presented in the previous section is somewhatdifferent from that usually assumed in highperformance parallel computer applications. Typically(Cypher et al. 1993) there is a strong bias on systemrequirements from the sort of benchmarks that arcused to evaluate performance. The standardbenchmarks for modern high performancecomputation seem to be Fortran code forhydrodynamics, molecular simulations, or graphicsrendering. We are proposing a very differentapplication with very different requirements; inparticular we require real-time response to a widevariety of external and internal events, we requiregood symbolic computation performance, we requireonly integer rather than high performance floatingpoint operationsvii, we require delivery of messagesonly to specific sites determined at program designtime, rather than at run-time, and we require theability to do very fast context switches because of thelarge number of parallel processes that we intend torun on each individual processor.The fact that we do not need to support pointerreferences across the computational substrate meansthat we can rely on much simpler, and thereforehigher performance, parallel computers than manyother researchers � we do not have to worry about aconsistent global memory, cache coherence, orarbitrary message routing. Since these are differentrequirements than those that are normally considered,we have to make some measurements with actualprograms before we can make an intelligent off theshelf choice of computer hardware.In order to answer some of these questions we havebuilt a zero-th generation parallel computer. It isbeing built on a very low budget with off the shelfcomponents wherever possible (a few fairly simpleprinted circuit boards need to be fabricated). Theprocessors are 16 Mhz Motorola 68332s on a standardboard built by Vesta Technology. These plug 16 to abackplane. The backplane provides each processorwith six communications ports (using the integratedtiming processor unit to generate the required signalsalong with special chip select and standard address anddata lines) and a peripheral processor port. Thecommunications ports are hand-wired with patchcables, building a fixed topology network. (Thecables incorporate a single dual ported RAM (8 K by16 bits) that itself includes hardware semaphoreswritable and readable by the two processors beingconnected.)Background processes running on the 68332operating system provide sustained rate transfers of60 Hz packets of 4 Kbytes on each port, with higherpeak rates if desired. These sustained rates doconsume processing cycles from the 68332. Onnon-vision processors we expect much lower rateswill be needed, and even on vision processors we canprobably reduce the packet frequency to around 15 Hz.Each processor has an operating system, L, and thedynamic scheduler residing in 1M of EPROM. Thereis 1M of RAM for program, stack and heap space.Up to 256 processors can be connected together.Up to 16 backplanes can be connected to a singlefront end processor (FEP) via a shared 500 K baudserial line to a SCSI emulator. A large network of68332s can span many FEN if we choose to extendthe construction of this zero-th prototype. Initiallywe use a Macintosh as a FEP Software written inMacintosh Common Lisp on the FEP provides disk1/0 services to the 68332’s, monitor status and healthpackets from them, and provides the user with a Lisplistener to any processor they might choose.The zero-th version uses the standard Motorola SPI(serial peripheral interface) to communicate with upto 16 Motorola 6811 processors per 68332. These area single chip processor with onboard EEPROM (2 Kbytes) and RAM (256 bytes), including a timersystem, an SPI interface, and 8 channels of analog todigital conversion. We are building a small customboard for this processor that includes opto-isolated motor drivers and some standard analog support forsensors.There are certain developments on the horizonwithin the MIT Artificial Intelligence Lab which weexpect to capitalize upon in order to dramaticallyupgrade our computational systems for early vision,and hence the resolution at which we can afford toprocess images in real time. The first of these, willbe a somewhat similar distributed processing systembased on the much higher performance TexasInstrument C40, which comes with built in supportfor fixed topology message passing. In late �95 weexpect to be able to make use of the Abacus system,a bit level reconfigurable vision front-end processorbeing built under ARPA sponsorship which promisesTera-op performance on 16 bit fixed precisionoperands. Both these systems will be simplyintegrable with our zero-th order parallel processor viathe standard dual-ported RAM protocol that we areusing.5.2 BodiesAs with the computational hardware, we are alsocurrently engaged in building a zero-th generationbody for early experimentation and design refinementtowards more serious constructions within the scopeof this project. We are presently limited by budgetaryconstraints to building an immobile, armless, deaf,torso with only black and white vision.In the following subsections we outline theconstraints and requirements on a full scale humanoidbody and also include where relevant details of ourzero-th level prototype.5.2.1 Eyes. There has been quite a lot of recent workon animate vision using saccading stereo cameras,most notably at Rochester (Ballard 1989, Coombs1992), but also more recently. at many otherinstitutions, such as Oxford University.The humanoid needs a head with high mechanicalperformance eyeballs and foveated vision if it is to beable to participate in the world with people in anatural way. Even our earliest heads will include twoeyes, with foveated vision, able to pan and tilt as aunit, and with independent saccading ability (threesaccades per second) and vergence control of the eyes.Fundamental vision based behaviors will include avisually calibrated vestibular-ocular reflex, smoothpursuit, visually calibrated saccades, and objectcentered foveal relative depth stereo. Independentvisual systems will provide peripheral and fovealmotion cues, color discrimination, human facepop-outs, and eventually face recognition. Over thecourse of the project, object recognition based on�representations� from body schemas andmanipulation interactions will be developed. This iscompletely different from any conventional objectrecognition schemes, and can not be attemptedwithout an integrated vision and manipulationenvironment as we propose.The eyeballs need to be able to saccade up to aboutthree times per second, stabilizing for 250 ms at eachstop. Additionally the yaw axes should becontrollable for vergence to a common point anddrivable in a manner appropriate for smooth pursuitand for image stabilization as part of avestibulo-ocular response (VOR) to head movement.The eyeballs do not need to be force or torquecontrolled but they do need good fast position andvelocity control. We have previously built, a singleeyeball, A-eye, on which we implemented a model ofVOR, ocular-kinetic response (OKR) and saccades, allof which used dynamic visually based calibration(Viola 1990).Other active vision systems have had both eyeballsmounted on a single tilt axis. We will beginexperiments with separate tilt axes but if we find thatrelative tilt motion is not very useful we will backoff from this requirement in later versions of thehead.The cameras need to cover a wide field of view,preferably close to 180 degrees, while also giving afoveated central region. Ideally the images should beRGB (rather than the very poor color signal ofstandard NTSC). A resolution of 512 by 512 at boththe coarse and fine scale is desirable.Our zero-th version of the cameras are black andwhite only. Each eyeball consists of two smalllightweight cameras mounted with parallel axes. Onegives a 115 degree field of view and the other gives a20 degree foveated region. In order to handle theimages in real time in our zero-th parallel processorwe subsample the images to be 128 by 128 which ismuch smaller than the ideal.Later versions of the head will have full RGB colorcameras, wider angles for the peripheral vision, muchfiner grain sampling of the images, and perhaps acolinear optics set up using optical fiber cables andbeam splitters. With more sophisticated high speedprocessing available we will also be able to doexperiments with log-polar image representations.5.2.2 Ears, Voice. Almost no work has been done onsound understanding, as distinct from speechunderstanding. This project will start on soundunderstanding to provide a much more solidprocessing base for later work on speech input. Early behavior layers will spatially correlate noises withvisual events, and spatial registration will becontinuously self calibrating. Efforts will concentrateon using this physical cross-correlation as a basis forreliably pulling out interesting events frombackground noise, and mimicking the cocktail partyeffect of being able to focus attention on particularsound sources. Visual correlation with face pop-outs,etc., will then be used to be able to extract humansound streams. Work will proceed on using thesesounds streams to mimic infant’s abilities to ignorelanguage dependent irrelevances. By the time we getto elementary speech we will therefore have a systemable to work in noisy environments and accustomedto multiple speakers with varying accents.Sound perception will consist of four high qualitymicrophones. (Although the human head uses onlytwo auditory inputs, it relies heavily on the shape ofthe external ear in determining, the verticalcomponent of directional sound source.) Soundgeneration will be accomplished using a singlespeaker.Sound is critical for several aspects of the robot’sactivity. First, sound provides immediate feedback formotor manipulation and positioning. Babies learn tofind and use their hands by batting at andmanipulating toys that jingle and rattle. Adults usesuch cues as contact noises � the sound of an objecthitting the table � to provide feedback to motorsystems. Second, sound aids in socialization evenbefore the emergence of language. Patterns such asturn-taking and mimicry are critical parts of children’sdevelopment, and adults use guttural gestures toexpress attitudes and other conversational cues.Certain signal tones indicate encouragement ordisapproval to all ages and stages of development.Finally, even preverbal children use sound effectivelyto convey intent; until our robots develop truelanguage, other sounds will necessarily be a majorsource of communication.5.23 Torsos. In order for the humanoid to be able toparticipate in the same sorts of body metaphors as areused by humans, it needs to have a symmetrichuman-like torso. It needs to be able to experienceimbalance, feel symmetry, learn to coordinate headand body motion for stable vision, and be able toexperience relief when it relaxes its body.Additionally the torso must be able to support thehead, the arms, and any objects they grasp.The torsos we build will initially have a threedegree of freedom hip, with the axes passing through,a common point, capable of leaning and twisting toany position in about three seconds � somewhatslower than a human. The neck will also have threedegrees of freedom, with the axes passing through acommon point which will also lie along the spinalaxis of the body. The head will be capable of yawingat 90 degrees per second �˚less than peak humanspeed, but well within the range of natural humanmotions. As we build later versions we expect toincrease these performance figures to more closelymatch the abilities of a human.Apart from the normal sorts of kinematic sensors,the torso needs a number of additional sensorsspecifically aimed at providing input fodder for thedevelopment of bodily metaphors. In particular, straingauges on the spine can give the system a feel for itsposture and the symmetry of a particularconfiguration, plus a little information about anyadditional load the torso might bear when an armpicks up something heavy. Heat sensors on themotors and the motor drivers will give feedback as tohow much work has been done by the body recently,and current sensors on the motors will give anindication of how hard the system is Workinginstantaneously.Our zero-th level torso is roughly 18 inches fromthe base of the spine to the base of the neck. Thiscorresponds to a smallish adult. It uses DC motorswith built in gearboxes. The main concern we have ishow quiet it will be, as we do not want the soundperception system to be overwhelmed by body noise.Later versions of the torsos will have touch sensorsintegrated around the body, will have more compliantmotion, will be quieter, and will need to providebetter cabling ducts so that the cables can all feed outthrough a lower body outlet.5.24 Arms. The eventual manipulator system will bea compliant multi-degree of freedom arm with a rathersimple hand. (A better hand would be nice, but handresearch is not yet at a point where we can get aninteresting, easy-to use, off-the-shelf hand.) The armwill be safe enough that humans can interact with it,handing it things and taking things from it. The armwill be compliant enough that the system will beable to explore its own body � for instance, bytouching its head system � so that it will be able todevelop its own body metaphors.We want the arms to be very compliant yet stillable to lift weights of a few pounds so that they caninteract with human artifacts in interesting ways.Additionally we want the arms to have redundantdegrees of freedom (rather than the six seen in astandard commercial robot arm), so that in manycircumstances we can �burn� some of those degrees offreedom in order to align a single joint so that thejoint coordinates and task coordinates very nearly match. This will greatly simplify control ofmanipulation. It is the sort of thing people do all thetime: for example, when bracing an elbow or the baseof the palm (or even their middle and last two fingers)on a table to stabilize the hand during some delicate(or not so delicate) manipulation. Our zeroth versionarms have six degrees of freedom and a novelspring-based transmission system to introducepassive compliance at every joint.The hands in the first instances will be quitesimple; devices that can grasp from above relyingheavily on mechanical compliance � they may haveas few as one degree of control freedom.More sophisticated, however, will be the sensingon the arms and hands. We will use forms ofconductive rubber to get a sense of touch over thesurface of the arm, so that it can detect (compliant)collisions it might participate in. As with the torsothere will be liberal use of strain gauges, heat sensorsand current sensors so that the system can have a�feel� for how its arms are being used and how theyare performing.We also expect to move towards a moresophisticated type of hand in later years of thisproject. Initially, unfortunately, we will be forced touse motions of the upper joints of the arm for finemanipulation tasks. More sophisticated hands willallow us to use finger motions, with much lowerinertias, to carry out these tasks.6 Development PlanWe plan on modeling the brain at a level above theneural level, but below what would normally bethought of as the cognitive level.We understand abstraction well enough to knowhow to engineer a system that has similar propertiesand connections to the human brain without havingto model its detailed local wiring. At the same time itis clear from the literature that there is no agreementon how things are really organized computationally athigher or modular levels, or indeed whether it evenmakes sense to talk about modules of the brain (e.g.,short term memory, and long term memory) asgenerative structures.Nevertheless, we expect to be guided, or one mightsay inspired, by what is known about the high levelconnectivity within the human brain (althoughadmittedly much of our knowledge actually comesfrom macaques and other primates and is onlyextrapolated to be true of humans, a problem of

concern to some brain scientists (Crick & Jones1993)). Thus for instance we expect to haveidentifiable clusters of processors which we will beable to point to and say they are performing a rolesimilar to that of the cerebellum (e.g., refining grossmotor commands into coordinated smooth motions),or the cortex (e.g., some aspects of searchinggeneralization/specialization hierarchies in objectrecognition (Ullman 1991)).At another level we will directly model humansystems where they are known in some detail. Forinstance there is quite a lot known about the controlof eye movements in humans (again mostlyextrapolated from work with monkeys) and we willbuild in a vestibulo-ocular response (VOR), OKR,smooth pursuit, and saccades using the best evidenceavailable on how this is organized in humans(Lisberger 1988).A third level of modeling or inspiration that wewill use is at the developmental level. For instanceonce we have some sound understanding developed,we will use models of what happens in childlanguage development to explore ways of connectingphysical actions in the world to a ground of languageand the development of symbols (Bates 1979, Bates,Bretherton & Synder 1988), including indexical(Lempert & Kinsbourne 1985) and turn-takingbehavior, interpretation of tone and facial expressionsand the early use of memorized phrases.Since we will have a number of faculty, andgraduate students working on concurrent researchprojects, and since we will have a number ofconcurrently active humanoid robots, not all piecesthat are developed will be intended to fit togetherexactly. Some will be incompatible experiments inalternate ways of building subsystems, or puttingthem together. Some will be pushing on particularissues in language, say, that may not be very relatedto some particular other issues, e.g., saccades. Also,quite clearly, at this stage we can not have adevelopment plan fully worked out for the lifetime ofthe project, as many of the early results will changethe way we think about the problems and whatshould be the next steps.In figure 1, we summarize our current plans fordeveloping software systems on board our series ofhumanoids. In many cases there will be earlier workoff-board the robots, but to keep clutter down in thediagram we have omitted that work here.AcknowledgmentsThis paper has benefited from conversations withand comments by Catherine Harris, Dan Dennett,Marcel Kinsbourne. We are also indebted to themembers of our research groups, individually andcollectively, who have shared their thoughts andenthusiasm.The paper describes research done at the ArtificialIntelligence Laboratory of the Massachusetts Instituteof Technology. Support for the laboratory’s artificialintelligence research is provided in part by theAdvanced Research Projects Agency of theDepartment of Defense under Office of NavalResearch contract N00014-91-J-4038. Support forthis research was also provided by the MatsushitaCorporation of Japan, the General Electric Faculty forthe Future Award, and the Class of 1957 CareerDevelopment Chair.ReferencesAgre, P.E. and Chapman, D. 1987. Pengi: An Implementation of aTheory of Activity. In Proceedings of the Sixth NationalConference on Artificial Intelligence, Morgan Kaufmann,Seattle, Washington, pp. 196-201.Allen, J., Hendler, J., and Tate, A., eds. 1990. Readings inPlanning, Morgan Kaufmann, Los Altos, California.Angle, C.M. and Brooks, R.A. 1990. Small Planetary Rovers. InIEEE/RSJ International Workshop on Intelligent Robots andSystems, Ikabara, Japan, pp. 383-388.Arbib, M.A. 1964. Brains, Machines and Mathematics.McGraw-Hill: New York, New York.Ashby, W.R. 1956. An Introduction to Cybernetics, Chapman andHall: London, United Kingdom.Ballard, D.H. 1989. Reference Frames for Active Vision. InProceedings of the International Joint Conference onArtificial Intelligence Detroit, Michigan, pp. 1635-1641.Bates, E. 1979. The Emergence of Symbols. Academic Press:New York, New York.Bates, E., Bretherton, I., and Snyder, L. 1988. From First Wordsto Grammar. Cambridge University Press: Cambridge, UnitedKingdom.Beer, R.D. 1990. Intelligence as Adaptive Behavior, AcademicPress: Cambridge, Massachusetts.Berkeley, E.C. 1949. Giant Brains or Machines that Think, JohnWiley & Sons: New York, New York.Bickard, M.H. 1993. Representational Content in Humans andMachines. Journal of Experimental and Theoretical ArtificialIntelligence 5, 285-333.Bickhard, M.H. 1991. How to Build a Machine with EmergentRepresentational Content. CogSci NewsBrachman, R.J. and Levesque, H.J., eds. 1985. Readings inKnowledge Representation, Morgan Kaufmann: Los Altos,California.Braddick, 0. Atkison, J., Hood, B., Harkness, W., Jackson, G., andVargha-Khadem, F. 1992. Possible blindsight in infantslacking one cerebral hemisphere. Nature 360, 461-463.Brooks, R.A. 1986. A Robust Layered Control System for aMobile Robot. IEEE Journal of Robotics and AutomationRA-2, 14-23

Brooks, R.A. 1989. A Robot That Walks: Emergent Behaviorfrom a Carefully Evolved Network. Neural Computation 1(2),253-262.Brooks, R.A. 1990a. The Behavior Language User’s Guide,Memo 1227, Massachusetts Institute of Technology ArtificialIntelligence Lab. Cambridge, Massachusetts.Brooks, R.A. 1990b. Elephants Don’t Play Chess, in P. Maes, ed.,Designing Autonomous Agents: Theory and Practice fromBiology to Engineering and Back. MIT Press: Cambridge,Massachusetts, pp. 3-15.Brooks, R.A. 1991a. Intelligence Without Reason. In Proceedingsof the 1991 International Joint Conference on ArtificialIntelligence, pp. 569-595.Brooks, R.A. 1991b. New Approaches to Robotics, Science 253,1227-1232.Brooks, R.A. 1993. L: A Subset of Common Lisp, Technicalreport, Massachusetts Institute of Technology ArtificialIntelligence Lab.Brooks, R.A., Gabriel R.P., and Steele Jr., G.L. 1982. AnOptimizing Compiler for Lexically Scoped Lisp. InProceedings of the 1982 Symposium on CompilerConstruction. ACM SIGPLAN, Boston, Massachusetts, pp.261-275. Published as ACM SIGPLAN Notices 17, 6 (June1982).Brooks, R.A., Posner, D.B., McDonald, J.L., White, J.L., Benson,E., and Gabriel, R.P. 1986. Design of An OptimizingDynamically Retargetable Compiler for Common Lisp. InProceedings of the 1986 ACM Symposium on Lisp andFunctional Programming, Cambridge, Massachusetts, pp.67-85.Caudill, M. 1992. In Our Own Image. Building An ArtificialPerson, Oxford University Press: New York, New York.Churchland, P.S. and Sejnowski, T.J. 1992. The ComputationalBrain, MIT Press: Cambridge, Massachusetts.Connell, J.H. 1987. Creature Building with the SubsumptionArchitecture. In Proceedings of the International JointConference on Artificial Intelligence, Milan, Italy, pp.1124-1126.Connell, J.H. 1990. Minimalist Mobile Robotics: A ColonystyleArchitecture for a Mobile Robot, Academic Press:Cambridge, Massachusetts. Also MIT TR-1151.Coombs, DJ. 1992. Real-time Gaze Holding in Binocular RobotVision, PhD thesis, University of Rochester, Department ofCS, Rochester, New York.Crick, F. and Jones, E. 1993. Backwardness of humanneuroanatomy. Nature 361, 109-110.Cypher, R., Ho, A., Konstantinidou, S., and Messina, P. 1993.Architectural Requirements of Parallel ScientificApplications with Explicit Communication, In IEEEProceedings of the 20th International Symposium onComputer Architecture, San Diego, California, pp. 2-13.Damasio, H. and Damasio, A.R. 1989. Lesion Analysis inNeuropsychology, Oxford University Press: New York, NewYork.Dennett, D.C. 1991. Consciousness Explained, Little, Brown:Boston, Massachusetts.Dennett, D.C. and Kinsbourne, M. 1992. Time and the Observer:The Where and When of Consciousness in the Brain, Brainand Behavioral Sciences 15, 183-247.Drescher, G.L. 1991. Made-Up Minds: A ConstructivistApproach to Artificial Intelligence, MIT Press: Cambridge,Massachusetts.Edelman, G.M. 1987. Neural Darwinism: The Theory of NeuronalGroup Selection, Basic Books, New York, New York.Edelman, G.M. 1989. The Remembered Present. A BiologicalTheory of Consciousness, Basic Books, New York, NewYork.Edelman, G.M. 1992. Bright Air, Brilliant Fire., On the Matter ofMind, Basic Books, New York, New York.Fendrich, R., Wessinger, C.M., and Gazzaniga, M.S. 1992.Residual Vision in a Scotoma: Implications for Blindsight,Science 258, 1489-1491.Ferrell, C. 1993. Robust Agent Control of an Autonomous Robotwith Many Sensors and Actuators, Master’s thesis, MIT,Department of EECS, Cambridge, Massachusetts.Fodor, J.A. 1983. The Modularity of Mind, Bradford Books, MITPress: Cambridge, Massachusetts.Harris, C.L. 1991. Parallel Distributed Processing Models andMetaphors for Language and Development, PhD thesis,University of California, Department of Cognitive Science,San Diego, California.Haugeland, J. 1985. Artificial Intelligence � The Very Idea, MITPress: Cambridge, Massachusetts.Hoare, C.A.R. 1985. Communicating Sequential Processes,Prentice-Hall: Englewood Cliffs, New Jersey.Hobbs, J. and Moore, R., eds. 1985. Formal Theories of theCommonsense World, Ablest Publishing Co.: Norwood, NewJersey.Horswill, I.D. 1993. Specialization of Perceptual Processes, PhDthesis, MIT, Department of EECS, Cambridge,Massachusetts.Horswill, I.D. and Brooks, R.A. 1988. Situated Vision in aDynamic World: Chasing Objects, In Proceedings of theSeventh Annual Meeting of the American Association forArtificial Intelligence, St. Paul, Minnesota, pp. 796-800.Johnson, M. 1987. The Body In The Mind, University of ChicagoPress: Chicago, Illinois.Kinsbourne, M. 1987. Mechanisms of unilateral neglect, in M.Jeannerod, ed., Neurophysiological and NeuropsychologicalAspects of Spatial Neglect, Elsevier, North Holland.Kinsbourne, M. 1988. Integrated field theory of conscious. ness,in A. Marcel and E. Bisiach, eds, The Concept ofConsciousness in Contemporary Science, Oxford UniversityPress: London, England.Kosslyn, S. 1994. Image and brain: The resolution of the imagerydebate, MIT Press: Cambridge, Massachusetts.Kuipers, B. and Byun, Y.-T. 1991. A robot exploration andmapping strategy based on a semantic hierarchy of spatialrepresentations, Robotics and Autonomous Systems 8, 47-63.Lakoff, G. 1987. Women, Fire, and Dangerous Things, Universityof Chicago Press: Chicago, Illinois.Lakoff, G. and Johnson, M. 1980. Metaphors We Live By,University of Chicago Press: Chicago, Illinois.Langacker, R.W. 1987. Foundations, of cognitive grammar,Volume 1, Stanford University Press: Palo Alto, California.Lempert, H. and Kinsbourne, M. 1985. Possible origin of speechin selective orienting, Psychological Bulletin 97, 62-73.Lisberger, S.G. 1988. The neural basis for motor learning in thevestibulo-ocular reflex in monkeys, Trends in Neuroscience11, 147-152.Marr, D. 1982. Vision, W.H. Freeman, San Francisco, California.Mataric, M.J. 1992a. Designing Emergent Behaviors: From LocalInteractions to Collective Intelligence. In Proceedings of theSecond International Conference on Simulation of AdaptiveBehavior, MIT Press, Cambridge, Massachusetts, pp.432-441.Mataric, M.J. 1992b. Integration of Representation IntoGoal-Driven Behavior-Based Robots, IEEE Journal ofRobotics and Automation 8(3), 304-312.

McCarthy, R.A. said Warrington, EX 1988. Evidence forModality-Specific Systems in the Brain, Nature 334, 428-430.McCarthy, R.A. and Warrington, E.K. 1990. CognitiveNeuropsychology, Academic Press: San Diego, California.Minsky, M. 1986. The Society of Mind, Simon and Schuster: NewYork, New York.Minsky, M. and Papert, S. 1969. Perceptrons, MIT Press:Cambridge, Massachusetts.Newcombe, F. and Ratcliff, 0. 1989. Disorders of VisupspatialAnalysis. In Handbook of Neuropsychology, Volume 2,Elsevier: New York, New York.Newell, A. and Simon, H.A. 1981. Computer Science asEmpirical Inquiry: Symbols and Search, in J. Haugeland, ed.,Mind Design, MIT Press: Cambridge, Massachusetts, chapter1, pp. 35-66.Penrose, R. 1989. The Emporer’s New Mind, Oxford UniversityPress: Oxford, United Kingdom.Pomerleau, D.A. 1991. Efficient Training of Artificial NeuralNetworks for Autonomous Navigation, Neural Computation.Rosenblatt, F. 1962. Principles of Neurodynamics, Spartan: NewYork, New York.Rosenschein, S.I. and Kaelbling, L.P. 1986. The Synthesis ofDigital Machines with Provable Epestemic Properties, in J.Y.Halpern, ed., Proceedings of the Conference on TheoreticalAspects of Reasoning about Knowledge, Morgan Kaufmann,Monterey, California, pp. 83-98.Rumelhart, D.E. and McClelland, J.L., eds. 1986. ParallelDistributed Processing, MIT Press: Cambridge,Massachusetts.Searle, J.R. 1992. The Rediscovery of the Mind, MIT Press:Cambridge, Massachusetts.Simon, H.A. 1969. The Sciences of the Artificial, MIT Press:Cambridge, Massachusetts.Springer, S.P. and Deutsch, 0. 1981. Left Brain, Right Brain, W.H.Freeman and Company, New York.Steele Jr., G.L. 1990. Common Lisp, The Language, second edn.,Digital Press.Stein, L.A. 1994. Imagination and Situated Cognition, Journal ofExperimental and Theoretical Artificial Intelligence.Teitelbaum, P., Pellis, V.C., and Pellis, S.M. 1990. Can AlliedReflexes Promote the Integration of a Robot’s Behavior. InProceedings of the First International Conference onSimulation of Adaptive Behavior, MIT Press: Cambridge,Massachusetts, pp. 97-104.Torrance, M. 1994. Natural Communication with Robots, Master’sthesis, MIT, Department of EECS, Cambridge,Massachusetts.Turing, A.M. 1970. Intelligent Machinery, in B. Meltzer and D.Michie, eds., Machine Intelligence 5, American ElsevierPublishing: New York, New York, pp. 3-23.Ullman, S. 1991. Sequence-Seeking and Counter Streams: AModel for Information Processing in the Cortex, Memo 1311,Massachussetts Institute of Technology Artificial IntelligenceLab, Cambridge, Massachusetts.Viola, PA. 1990. Adaptive Gaze Control, Master’s thesis, MIT,Department of EECS, Cambridge, Massachusetts.Weiskrantz, L. 1986. Blindsight, Oxford University Press: Oxford,United Kingdom.Yanco, H. and Stein, L.A. 1993. An Adaptive CommunicationProtocol for Cooperating Mobile Robots, in J.-A. Meyer, H.Roitblat and S. Wilson, eds., From Animals to Animats:Proceedings of the Second Conference on the Simulation ofAdaptive Behavior, MIT Press: Cambridge, Massachusetts,pp. 478-485.

Notesi Different sources cite 1947 and 1948 as the time of writing, butit was not, published until long after his death.ii A more egregious version of this is (Penrose 1989) who notonly makes the same Turing-G�del error, but then in adesperate attempt to find the essence of mind and applying thestandard methodology of physics, namely to find a simplifyingunderlying principle, resorts to an almost mystical reliance onquantum mechanics.iii There are exceptions to this: for instance, the work of Beer(1990); but that is restricted to insect level cognition.iv One particular patient (McCarthy & Warrington 1988) whenshown a picture of a dolphin, was able to form sentences usingthe word �dolphin� and talk about its habitat, its ability to betrained, and its role in the US military. When verbally askedwhat a dolphin was, however, he thought it was �either a fishor a bird.� He had no such discrepancies in knowledge whenthe subject was, for example, a wheelbarrow.v For instance, some patients can not exercise conscious controlover their fingers for simple tasks, yet seem unimpaired inthreading a needle, or playing the Piano. Furthermore in somecases selective drug induced suppression shows ways in whichmany simple reflexes combine to give the appearance of acentralized will producing globally coherent behavior(Teitelbaum, Pellis & Pellis 1990).vi This observation parallels the developments in digitalcomputers, where mean time between failures in the 1950’swas in the 20 minute range, extending to periods of a week inthe 1970’s, and now typically we are not surprised when ourworkstations run for months without needing to be rebooted �this increase in robustness was bought with many hundreds ofiterations of the engineering cycle.vii Consider the dynamic range possible in single signal channelsin the human brain and it soon becomes apparent that all that wewish to do is certainly achievable with neither span of 600 orders ofmagnitude, or 47 significant binary digits.