How to Build CompleteCreatures Rather than IsolatedCognitive SimulatorsRodney A. BrooksMassachusetts Institute of Technology,Artificial Intelligence LaboratoryINTRODUCTIONHow can we build artificial creatures which inhabit the sameworld as us? To me this has always been the romance of ArtificialIntelligence.Artificial Intelligence as a discipline has gotten bogged downin subproblems of intelligence. These subproblems are the resultof applying reductionist methods to the goal of creating acomplete artificial thinking mind. In Brooks (1987) 1 have arguedthat these methods will lead us to solving irrelevant problems;interesting as intellectual puzzles, but useless in the long run forcreating an artificial being.Thus, my goal over the last few years has been to buildcomplete creatures that can exist in a dynamic people-populatedworld.But having rejected reductionism as an approach how can thisgoal be achieved? We can begin by making the followingobservation inspired by nature.Trying straight up for human level intelligence is obviouslydifficult and is not necessarily the only valid approach.Evolution, after all, built a large number of prototypes; lessintelligent than humans before incrementally reaching theintelligence of homo sapiens. In building artificial creatures wemight well make progress by starting with low expectations andgradually building upon our experience. Note that we are n o t saying we should build creatures in simple worlds and thengradually increase the complexity of the worlds. Rather we arearguing for building simple creatures in the most complex worldwe can imagine and gradually increasing the complexity of thecreatures.One approach then, is to aim initially for the intelligence levelof lower animals (e.g., insects) and respect the constraints thatbiology seems to have worked under. This approach may n o t produce the "optimal" intelligence in some sense, but it may havea chance where other approaches have failed.In looking at lower animals one sees that most of their activityis concerned with rather mundane aspects of simply existing i n the world (e.g., Moravec, 1984). Very little of their activity hasan obvious component that would match any piece of existingwork in Artificial Intelligence. To list just of few examples, i t seems highly unlikely that a house fly is:¥ recovering three dimensional surface descriptions of all theobjects within its field of view,¥ reasoning about threats from a human poised with a fly swatter,in particular about the human’s goal structures, intents or beliefs,¥ representing prototypes and instances of humans (or coffee pots,or windows, or napkins),¥ making analogies concerning suitability for egg laying betweendead pigs and other dead four legged animals, or¥ constructing naive physics theories of how to land on theceiling.It seems much more likely that:¥ there is very close connection of sensors to actuators (especiallygiven the low speed of neural hardware and the fast reaction timeof the fly)¥ there are pre-wired patterns of behavior¥ the fly uses simple navigation techniques¥ and it is almost characterizable as a deterministic machine.In this chapter we show how systems with such capabilities canbe built from a collection of simple machines, with no sharedrepresentations, no central control, and only very low switchingrates and low bandwidth communication.Agre and Chapman (1987) have gone further and argued thatmuch of human activity is simply a matter of following routinesand that in fact very little of the traditional AI sorts of processesmentioned above go on in humans for much of their mundane day

to day activity. They implement their systems in combinationalcircuits.Like Minsky (1987) we believe that human level coherenceduring many activities may only be in the eye of the beholder; thebehavior is generated by a large collection of simpler behaviorswhich do not have the rationality generating them that we mightnormally attribute to humans.In fact, we hypothesize that all human behavior is simply theexternal expression of a seething mass of rather independentbehaviors without any central control or representations of theworld. Maybe there is only chaos from which order appears toemerge.THE SUBSUMPTION ARCHITECTUREThe subsumption architecture Brooks (1986) is a parallel anddistributed computation formalism for connecting sensors toactuators in robots. Atraditional way of describing theseconnections would be to say the subsumption architectureprovides a way of writing intelligent control programs for mobilerobots.One writes a subsumption program by specifying layers ofnetworks of augmented finite state machines. These are finite statemachines augmented with timers which can be set to initiate astate change after some fixed time period has passed.The two key aspects of the subsumption architecture are that (a)it imposes a layering methodology in building intelligent controlprograms, and that (b) within each network the finite statemachines give the layer some structure and also provide arepository for state.Subsumption DetailsAlthough there are a number of variations of the subsumptionarchitecture in active use (see below), they all share a commonbase.Each augmented finite state machine has a number of states anda set of input and output ports. Each input port has a buffer registerthat always contains the most recently arrived message on thatport. The networks are built by wiring output ports of machines toinputs of others. Messages are sent over these wires. Themessages on a given wire are all the same number of bits long (orwide).Beside input registers a finite state machine can have additionalinstance variable registers in which extra state can be stored.There are four types of states possible in a finite state machine:¥ An output state outputs a message to a designated port, thenswitches to a specified state. The message is a peripheral functionof input and instance variable registers. In the early versions ofthe subsumption architecture a peripheral function was allowed tobe an arbitrary supplied piece of Lisp code.¥ Aconditional-dispatch state tests the value of a peripheralfunction and conditionally branches to one of two designatedstates.¥ Aself state computes a peripheral function of input andinstance variable registers, sets an instance variable register tothe new value and branches to a designated state.¥ An event-dispatch state waits in parallel for a number ofdifferent events and when one happens branches to the designatedstate. Each event is a boolean combination of message arrivals oninput ports and the expiration of a timer initialized when the statewas first entered.Examples of all these types of states can be seen in Figure 8. 1 . Additionally there is a reset line into each finite state machine; amessage arriving on this line forces the machine into adistinguished state without resetting any of the register contents.(defmodule avoid 1:inputs (force heading):outputs (command):instance-vars (resultforce):states ((nil (event-dispatch (and force heading) plan)) (plan (setf resultforce (select-direction force heading)) go) (go (conditional-dispatch(significant-force-p resultforce 1.0) start nil)) (start (output command (follow-force resultforce)) nil)))FIG. 8.1.There are two other types of connection interaction allowed.An output port can have an inhibiting side tap added, where anymessage arriving on the side tap inhibits all output on the portfrom some specified time period. Any existing wire can have asuppressing side tap placed on it, where a message arriving on theside tap is propagated along the wire as though it had originated atthe original source, and furthermore all messages from theoriginal source, for some specified time period, are totallysuppressed and discarded.Figure 8.2 shows a schematic representation of a finite statemachine with inputs, outputs and a reset, along with a suppressedinput and an inhibited output.

FIG. 8.2. A module has input and output lines. Input signals can besuppressed and replaced with the suppressing signal. Output signals can beinhibited. A module can also be reset to state NIL.Variations on the ThemeThe details of the subsumption architecture are very fluid, andindeed many people now use distinct versions, although all arestrongly of the above described flavor.Connell (1987) and Brooks (1988a) have explored the idea ofsimplifying all peripheral computations to the point where theyare implementable in combinatorial logic or table lookup. Forcreatures with insect level intelligence this has not proved to be aserious constraint. It removes an ugly wart on earlier versions ofthe subsumption architecture by removing an escape mechanisminto Turing-equivalent arbitrary computations, and hence puts abound on the computational power necessary to implement asubsumption program.Connell (1988a) has proposed it subsumption model where allmessages have a continuous nature. When one layer wants tosubsume another it must continually send messages to keepcontrol. Messages might have the flavor of �go forward,� �goforward� �go forward,� etc. Once the higher layer is satisfied itstops sending this message and hence relinquishes control. Thisversion of the subsumption architecture does not make use ofinhibition or resetting and suppression nodes have no timeoutperiod. The new version is implementable, in the original versionhowever. Viola (1988) has reimplemented a number of earliercreatures in the continuous model of the subsumption architecture.It seems to simplify the subsumption programs markedly.Cudhea (1988) has added a layer of abstraction to thesubsumption architecture which lets users define programs interms of instantiating finite state machine schemas. Ibis makes iteasy to write subsumption programs where there are manyinstances of a single finite state machine.Horswill and Brooks (1988) have augmented the underlyingsubsumption architecture with high bandwidth vision busses.Simple means of combination (such as MUXes and logicalcombination) of vision signals, along with local operators, delayelements and region to coordinate mapping functions, allow theimplementation of a number of low level visual navigationtechniques useful for insect level navigation. Standardsubsumption architecture finite state machines monitor and switchthe visual pathways, and translate the outputs into actuatorcommands.THE PHILOSOPHY AND CONSEQUENCES OFSUBSUMPTIONGiven these mechanics of the subsumption architecture a widerange of programming styles are possible. However there aresome underlying considerations which distinguish a "good"subsumption program from a "bad" subsumption program.The design of the subsumption architecture has been influencedby a philosophy of no global world models and no traditional Alplanning. In turn, the experiments we have done with real robotscontrolled by the subsumption architecture have fed back on thisphilosophy, refining it and our understanding of the essentialaspects of the subsumption architecture.The underlying architecture is very distributed. There is no"free" communication network or any shared memory betweencomputational elements. Any communication path must be madequite explicit by specifying a wire. It is thus difficult to maintain acentral world model. Indeed it often becomes easier to use theworld as its own model, and sense the pertinent aspects of theworld when it is necessary. This is a good idea as the world reallyis a rather good model of itself. It automatically adds robustness tothe system as there is neither a tendency for the world model to beout of date, nor are large amounts of computation poured intomaking sure that its not. We take this idea even further and oftenactually use the world as the communication medium betweendistributed parts of the subsumption program. Thus one layersenses what really happened in the world, rather than being toldwhat another layer expects to happen.Given that there is no world model there is also no place fortraditional AI planning which examines a world model and reasonsabout consequences of actions. Rather, in the subsumptionarchitecture it is more natural to locally react to sensed aspects ofthe world, and let a pre-wired priority scheme resolve anyconflicts generated within the distributed system. It is entirelyplausible for different parts of the system to "believe" wildlyinconsistent things about the world. Of course belief is all in themind of an outside observer as there are no explicit symbolicrepresentations of any believed facts within the subsumptionarchitecture.Lastly, with no central world model there is no need for sensorfusion in the usual sense of the phrase. There is no "perception"system which delivers descriptions of the world to a "central"system which controls and "actuation" system, In thesubsumption architecture the fusion of data from different sensors,or even from different processing applied to the same sensor (e.g.stereo and motion algorithms applied to the same carriers inputs)data, does not happen in the "perception" end at all. Individualstrands of perceptual data are delivered to individual subsumptionlayers and then actuator commands are generated. Fusion happensin resolving conflicts between these commands.

EXAMPLESIn this section we briefly review some successful creatures builtwith the subsumption architecture and highlight the ways inwhich they have exploited or epitomize that architecture. Finallywe outline a subsumption program for a complex visually guidedcreature (named Seymour) that is currently under development.A l l e n Our first robot, Allen, had sonar distance sensors and odometryonboard and used an offboard lisp machine to simulate thesubsumption architecture. In Brooks (1986) we described threelayers of control implemented in the subsumption architecture.The wiring diagram is shown in Figure 8.3.The first layer let the robot avoid both static and dynamicobstacles; Allen would happily sit in the middle of a morn untilapproached, then scurry away, avoiding collisions as it went. Theinternal representation used was that every sonar returnrepresented a repulsive force with an inverse square drop off instrength. The vector sum of the repulsive forces, suitablythresholded, told the robot in which direction it should move. Anadditional reflex halted the robot whenever there was somethingright in front of the robot and it was moving forward (rather thanturning in place).The second layer made the robot randomly wander about. Every10 seconds or so, a desire to head in a random direction would begenerated. That desire was coupled with the instinct to avoidobstacles by vector addition. The summed vector suppressed themore primitive obstacle avoidance vector, but the obstacleavoidance behavior still operated, having been subsumed by thenew layer, in its account of the lower level’s repulsive force.Additionally the halt reflex of the lower level operatedautonomously and unchanged.