1Reinventing ShakeyMurray ShanahanDepartment of Electrical and Electronic Engineering,Imperial College,Exhibition Road,London SW7 2BT,England.m.shanahan@ic.ac.ukAbstractThis paper describes the logical foundations of animplemented system which employs resolution-basedtheorem proving techniques for high-level robotcontrol. The paper offers complementary logicalcharacterisations of perception and planning, andshows how sensing, planning and acting areinterleaved to control a real robot.1 IntroductionIn the late Sixties, when the Shakey project started [Nilsson,1984], the vision of robot design based on logicalrepresentation seemed both attractive and attainable.Through the Seventies and early Eighties, however, thedesire to build working robots led researchers away fromlogic to more practical but ad hoc approaches torepresentation. This movement away from logicalrepresentation reached an extreme in the late Eighties andearly Nineties when Brooks jettisoned the whole idea ofrepresentation, along with the so-called sense-model-plan-act architecture epitomised by Shakey [Brooks, 1991].However, the Shakey style of architecture, having an overtlylogic-based deliberative component, seems to offerresearchers a direct path to robots with high-level cognitiveskills, such as planning, reasoning about other agents, andcommunication with other agents. Accordingly, a number ofresearchers have instigated a Shakey revival, and are aimingto achieve robots with these sorts of high-level cognitiveskills by using logic as a representational medium[Lesp�rance, et al., 1994].This paper describes one such robot. The paper concentrateson logical foundations, but everything described has beenimplemented, deployed, and tested on a real robot, namely aKhepera, a miniature robot with two drive wheels and asuite of eight infra-red proximity sensors around itscircumference. The robot inhabits a miniaturised office-likeenvironment, depicted in Figure 1.The robot has a simple repertoire of low-level actions,executed on-board, which includes wall-following, turninginto doorways, and turning around corners. Using these, thehigh-level, off-board controller manoeuvres the robotaround its environment.

C1C6C2C4C5C3C7C9C8C10C11C15C16C12C13C14C17C19C18C20C23C22C21C24C30

C34 C29 C35 C36 C40 C37 C41 C38 C39 C42 C46 C43 C47 C44 C45 R1 R4 R5 R2 R6 P1C48Figure 1: The RobotÕs Environment1.1 A Motivating ExampleTo get a feel for its capabilities, letÕs take a look at anexample of the way in which the high-level controllerfunctions. Suppose the robot is initially between cornersC18 and C19, as shown, and suppose it has the goal ofretrieving package P1 from room R6. Informally, this is howthe robotÕs high-level controller achieves the goal.First, the robot plans a route. As soon as it finds a complete(though perhaps not fully decomposed) plan with anexecutable first action, the robot starts carrying that planout. In this case, the first action is to go through door D4, sothe robot sets out along the wall until it reaches corner C19.It then turns the corner, and heads off towards door D4.Suppose someone now closes door D4. Unfortunately,because of its poor sensors, the robot cannot detect closeddoors, which are indistinguishable from walls. So the robotcontinues wall-following until it reaches corner C22.Up to this point, the assimilation of the robotÕs sensor datahas been a trivial matter. The sensor events it receives areexactly what it would expect given what it has done andwhat it believes about its environment. So the explanationsof those sensor events are trivial. But the encounter with acorner at this time requires a non-empty explanation.Using abduction, the robot constructs an explanation of itsencounter with the corner Ñ door D4 must have beenclosed, and it must now be at corner C22. But this new piece

2of information conflicts with the assumptions underlying theplan it is executing. So the robot is forced to replan. It nowfinds a new route to room R6, via doors D2, D3, and D6,which it successfully executes and retrieves the package.In the implemented system, the robot is controlled by asense-plan-act cycle. Sensing and planning are bothresolution-based abductive theorem proving processes, andin each iteration of the cycle, the sense phase and plan phasecarry out a single step of resolution each. The chief aim ofthe rest of this paper is to set out the logical foundations ofthese planning and perception processes.The paper presents, a short introduction to the event calculus, a formalismfor reasoning about action,· a logical account of abductive event calculus planning, a complementary logical account of abductive sensordata assimilation, also based on the event calculus, and, a brief outline of event calculus hierarchical planning,through which plans can be generated in progressionorder.2 Representing ActionTo supply the required logical accounts of perception andplanning, a formalism for reasoning about action is needed.The formalism presented here is based on thecircumscriptive event calculus [Shanahan, 1997a],[Shanahan, 1999]. The event calculus is a well-establishedlogical formalism for reasoning about actions. It is capableof representing a wide variety of phenomena, includingactions with indirect effects, non-deterministic actions,concurrent actions, and continuous change [Shanahan,1999]. A robust solution to the frame problem exists for theevent calculus, that works in the presence of all of thesephenomena [Shanahan, 1997a].Because this material is presented in considerable detailelsewhere, the description here will be kept fairly brief. Amany sorted language is assumed, with variables for fluents,actions (or events), and time points. We have the followingaxioms, whose conjunction will be denoted EC. Their mainpurpose is to constrain the predicate HoldsAt. HoldsAt(f,t)represents that fluent f holds at time t. Throughout thepaper, all variables are universally quantified withmaximum scope, unless otherwise indicated.HoldsAt(f,t) ¬ InitiallyP(f) Ù Ø Clipped(0,f,t)(EC1)HoldsAt(f,t3) ¬(EC2)Happens(a,t1,t2) Ù Initiates(a,f,t1) Ùt2 < t3 Ù Ø Clipped(t1,f,t3)Clipped(t1,f,t4) «(EC3)$ a,t2,t3 [Happens(a,t2,t3) Ù t1 < t3 Ù t2 < t4 Ù[Terminates(a,f,t2) Ú Releases(a,f,t2)]]Ø HoldsAt(f,t) ¬(EC4)InitiallyN(f) Ù Ø Declipped(0,f,t)Ø HoldsAt(f,t3) ¬(EC5)Happens(a,t1,t2) Ù Terminates(a,f,t1) Ùt2 < t3 Ù Ø Declipped(t1,f,t3)Declipped(t1,f,t4) «(EC6)$ a,t2,t3 [Happens(a,t2,t3) Ù t1 < t3 Ù t2 < t4 Ù[Initiates(a,f,t2) Ú Releases(a,f,t2)]]Happens(a,t1,t2) ® t1 £ t2(EC7)A particular domain is described in terms of Initiates,Terminates, and Releases formulae. Initiates(a,f,t) representsthat fluent f starts to hold after action a at time t.Conversely, Terminates(a,f,t) represents that f ceases to holdafter action a at t. Releases(a,f,t) represents that fluent f isno longer subject to the common sense law of inertia afteraction a at t.A particular of events is described in terms ofHappens and Initially formulae. The formulae Initiallyand Initially(f) respectively represent that fluent f holds attime 0 and does not hold at time 0. Happens(a,t1,t2)represents that action or event a occurs, starting at time t1and ending at time t2. Table 1 summarises the predicates ofthe calculus.FormulaMeaningInitiates(a,b,t)Fluent b starts to hold after actiona at time tTerminates(a,b,t)Fluent b ceases to hold after actiona at time tInitiallyP(b)Fluent b holds from time 0InitiallyN(b)Fluent b does not hold from time 0t1 < t2Time point t1 is before time pointt2Happens(a,t)Action a occurs at time tHappens(a,t1,t2)Action a starts at time t1 and endsat time t2HoldsAt(b,t)Fluent b holds at time tClipped(t1,b,t2)Fluent b is terminated betweentimes t1 and t2Declipped(t1,b,t2)Fluent b is initiated between timest1 and t2Table 1: Event Calculus PredicatesA two-argument version of Happens is defined as follows.Happens(a,t) ºdef Happens(a,t,t)Formulae describing triggered events are allowed, and willgenerally have the form,Happens(a,t) ¬ P.As weÕll see in Section 5, similar formulae can be used todefine compound actions, which are used for hierarchicalplanning.

3The frame problem is overcome through circumscription.Given a conjunction S of Initiates, Terminates, and Releasesformulae describing the effects of actions, a conjunction Dof Initially, Happens and temporal ordering formulaedescribing a narrative of actions and events, and aconjunction W of uniqueness-of-names axioms for actionsand fluents, weÕre interested in,CIRC[S ; Initiates, Terminates, Releases] ÙCIRC[D ; Happens] Ù EC Ù W.By minimising Initiates, Terminates and Releases weassume that actions have no unexpected effects, and byminimising Happens we assume that there are nounexpected event occurrences. In all the cases weÕreinterested in, S and will be conjunctions of Horn clauses,and the circumscriptions will reduce to predicatecompletions.Care must be taken when domain constraints and triggeredevents are included. Domain constraints (or ÒstateconstraintsÓ) are formulae that constrain the combination offluents that can hold simultaneously, and are used to defineactions with indirect effects. Triggered events are eventsthat occur when some specified combination of fluentsholds. The former must be conjoined to EC, while the latterare conjoined to D.3 A Logical Account of PlanningPlanning can be thought of as the inverse operation totemporal projection, that is to say reasoning forwards intime from causes to effects. Temporal projection in theevent calculus is naturally cast as a deductive task. Given S,W and as above, weÕre interested in HoldsAt formulae Gsuch that,CIRC[S ; Initiates, Terminates, Releases] ÙCIRC[D ; Happens] Ù EC Ù W » G.Conversely, planning in the event calculus can beconsidered as an abductive task, since it is a form ofreasoning from effects to causes. Given a domaindescription S, a conjunction of goals (HoldsAt formulae),and a conjunction of Initially and Initially formulaedescribing the initial situation, a is a consistentconjunction of Happens and temporal ordering formulaesuch that,CIRC[S ; Initiates, Terminates, Releases] ÙCIRC[DN Ù DP ; Happens] Ù EC Ù W » G.The following formulae capture the connectivity of therooms, as shown in Figure 1.Connects(D1,R1,R2)(W2.1)Connects(D2,R2,R3)(W2.2)Connects(D3,R2,R4)(W2.3)Connects(D4,R3,R4)(W2.4)Connects(D5,R4,R5)(W2.5)Conects(D6,R4,R6)(W2.6)Connects(d,r1,r2) ¬ Connects(d,r2,r1)(W2.7)LetÕs suppose the robot can perform only one action, whichis to go through a specified door d, denoted by the termGoThrough(d). (In the implemented system, the GoThroughaction is broken down by hierarchical planning into asequence of FollowWall and Turn actions.) WeÕll assume,for now, that doors are always open. The only fluent in thedomain is InRoom(r) representing that the robot is in roomr. We have the following Initiates and Terminates formulae.Initiates(GoThrough(d),InRoom(r1),t) ¬(R2.1)Connects(d,r2,r1) Ù HoldsAt(InRoom(r2),t)Terminates(GoThrough(d),InRoom(r),t) ¬(R2.2)HoldsAt(InRoom(r),t)Since there is only one action and only one fluent, thisexample doesnÕt require any uniqueness-of-names axioms.Suppose the robot is initially in room R3.InitiallyP(InRoom(R3))(N2.1)The goal is to get the robot to room R6.HoldsAt(InRoom(R6),T)(G2.1)Clearly one plan for achieving the goal is to go through D4then go through D6.Happens(GoThrough(D4),T1)(P2.1)Happens(GoThrough(D6),T2)(P2.2)T1 < T2(P2.3)T2 < T(P2.4)The fact that this is a plan according to the abductivedefinition is expressed in the following proposition. Let,¥S be the conjunction of (R2.1) and (R2.2)¥DN be formula (N2.1),¥DP be the conjunction of (P2.1) to (P2.4),¥F be the conjunction of (W2.1) to (W2.7), and¥G be formula (G2.1).Proposition 3.1.CIRC[S ; Initiates, Terminates, Releases] ÙCIRC[DN Ù DP ; Happens] ÙEC Ù F » G.�3.1 ImplementationThis account of planning can be implemented throughabductive logic programming, as described in [Shanahan,1997c] and [Shanahan, 2000]. The implementation is anabductive meta-interpreter, which has been tailored for theevent calculus. HoldsAt goals are treated in a special way,and the sub-goals they generate are processed in a particularorder to prevent looping. In addition, a dedicated constraintsolver is applied to temporal ordering constraints, whoseefficiency is improved by the maintenance of a cache oftemporal ordering lemmas.The computation carried out by the resulting systemstrongly resembles that of a hand-coded partial-orderplanning algorithm. (The present example of route planningcan be reduced to graph search, but for general purposeplanning, we need a more generic technique.) In particular,the implementation has to record negated Clipped formulae

4that it has proved, and these correspond to protected links inpartial-order planning terminology. A protected link recordsthe fact that the value of a fluent initiated or terminated by agiven action must be preserved until the occurrence ofanother subsequent action whose preconditions depend thatfluent.The efficiency of this planner is in line with that of a partialorder planner. A more recent event calculus planner, basedon the planning as satisfiability work of Kautz and Selman[1996], is more efficient, but has not yet been applied torobotics [Shanahan & Witkowski, 2000]. However, as weÕllsee later, this is only part of the story for planning. In orderto be able to interleave planning, sensing and acting in arespectable way, we need to carry out planning.Moreover, by using hierarchical planning whereverpossible, we minimise the use of search-heavy planningfrom first principles.Now, what exactly is the relationship between the logicalspecification of planning and its implementation by meansof abductive logic programming? This question is addressedmore fully in [Shanahan, 2000]. But, in outline, here is theanswer.In [Shanahan, 2000], a class of event calculus domaindescriptions is defined which, among other restrictions,confines Initiates and Terminates formulae to the Hornclause subset. This means that the theorems of Lifschitz[1994] can be applied to reduce the circumscriptions ofthese formulae to predicate completion. Moreover, sincethese restrictions rule out recursion, predicate completionand SLDNF coincide for the class of theories in question.Thus the prospect of a straightforward logic programmingimplementation is brought closer.However, the use of temporal ordering constraints whosecompletions we canÕt assume complicates the issue. Ineffect, the abductive meta-interpreter treats temporalconstraints in a special way, using a dedicated constraintsolver.For the restricted class of event calculus theories defined,the abductive meta-interpreter of [Shanahan, 2000] is bothsound and complete with respect to the abductivecharacterisation of planning. This meta-interpreter forms thebasis of both the planning and sensor data assimilationcomponents in the present work.However, many useful domain descriptions fall outside thescope of these theorems. Domain descriptions includingformulae describing compound actions are an example ofparticular relevance to the present paper, since they form thebasis of hierarchical planning. In the presence of suchformulae, the soundness and completeness of the meta-interpreter are conjectural. So there is a theoretical gap thatneeds to be filled here, and this is the subject of ongoingwork.Next, weÕll look into the topic of perception.4 A Logical Account of PerceptionThis section offers a logical account of sensor dataassimilation (perception) which mirrors the logical accountof planning in Section 3. The need for such an accountarises from the fact that sensors do not deliver facts directlyinto the robotÕs model of the world. Rather they provide rawdata from which facts can be inferred.The methodology for supplying the required logical accountis as follows [Shanahan, 1997b]. First, using a suitableformalism for reasoning about actions, construct a theory Sof the effects of the robotÕs actions on the world and theimpact of the world on the robotÕs sensors. Second, considersensor data assimilation as abduction with this theory.Roughly speaking, given a narrative D of the robotÕs actions,and a description of the robotÕs sensor data, the robotneeds to find some Y such that,S Ù D Ù Y » G.In event calculus terms, might comprise Happens and/orHoldsAt formulae describing sensor events or values, and Ymight comprise Initially and Initially formulae describingthe environmentÕs initial configuration and/or Happensformulae describing the intervening actions of other agentswhich have modified that configuration.To illustrate this, weÕll stay with the office delivery domain.But we must begin with a look at the sensory capabilities ofthe Khepera robots which are being used to test the ideaspresented in this paper.The Khepera can be straightforwardly programmed tonavigate around the environment of Figure 1. Using itsproximity sensors, it can follow walls and detect inner andouter corners. If all the doors are open, the GoThroughaction of Section 3 can be executed, assuming the robotÕsinitial location is known, by counting inner and outercorners until the robot reaches the required door, thenpassing through it.If any of the doors is closed, however, this approach toexecuting the GoThrough action will fail, because the infra-red proximity sensors cannot detect a closed door, whichlooks to them just like a continuation of the wall.This, in an extreme form, is the predicament facing anyperceptual system. Inference must be carried out on rawsensor data in order to produce knowledge. In this case, therobot can abduce the fact that a door is closed as the onlypossible explanation of its unexpected arrival at an innercorner instead of the outer corner of the doorway.Our aim here is to give a formal account of this sort ofinference that gels with the formal account of planningalready supplied. Indeed, in the implemented system, thesame knowledge, expressed using the same formalism, isused for both planning and sensor data assimilation.Furthermore, as already emphasised, both planning andsensor data assimilation are viewed as abductive tasks witha very similar character. This means that the same abductivelogic programming technology, indeed the very same code,can be used to implement both processes.

54.1 The RobotÕs EnvironmentReturning to the example at hand, the representation of therobotÕs environment, as depicted in Figure 1, now needs toinclude corners, which were neglected in the planningexample. The formula NextCorner(r,c1,c2) represents thatcorner c2 is the next inner or outer corner in room r aftercorner c1, in a clockwise direction. For room R1 alone, wehave the following formulae.NextCorner(R1,C1,C2)NextCorner(R1,C2,C3)NextCorner(R1,C3,C4)NextCorner(R1,C4,C5)NextCorner(R1,C5,C6)NextCorner(R1,C6,C1)In addition, the formula Door(d,c1,c2) represents that thereis a doorway between the two corners c1 and c2. For eachdoor, there will be a pair of such formulae. Here they are fordoor D1.Door(D1,C3,C4)Door(D1,C15,C16)Finally, the formulae Inner(c) and Outer(c) representrespectively that c is an inner corner and c is an outercorner. Again confining our attention to room R1, we havethe following.Inner(C1)Inner(C2)Outer(C3)Outer(C4)Inner(C5)Inner(C6)Each of these predicates will need to be minimised usingcircumscription, so that their completions are formed.4.2 The RobotÕs Effect on the WorldNow we can formalise the effects of the robotÕs actions onthe world. To simplify the example, the following formulaeassume the robot always hugs the left wall, althoughparameters are provided which allow for it to hug the rightwall as well.Again, a finer grain of detail is required than for theplanning example. Instead of a single GoThrough action, therobotÕs repertoire now comprises three actions: FollowWall,Turn(s), and GoStraight, where s is either Left or Right.These actions affect three fluents. The fluent AtCorner(c,s)holds if the robot is at (inner or outer) corner c, with c indirection s, where s is Left or Right. The fluentBesideWall(w,s) holds if the robot is adjacent to wall w indirection s, where s is Left or Right. The fluentInDoorway(d,r) holds if the robot is in doorway d, with itsback to room r. (By convention, the three fluents aremutually exclusive.)LetÕs formalise the effects of the three actions in turn. Eachaction is assumed to be instantaneous, an assumption whichhas no practical implications in the present example. Theterm Wall(c1,c2) denotes the wall between corners c1 andc2. First, if the robot follows a wall, it ends up at the nextvisible corner.Initiates(FollowWall,AtCorner(c3,Left),t) ¬(K4.1)HoldsAt(BesideWall(Wall(c1,c2),Left),t) ÙNextVisibleCorner(c1,c3,Left,t)Terminates(FollowWall,BesideWall(w,s),t)(K4.2)The formulae NextVisibleCorner(c1,c2,s,t) means that, attime t, c2 is the next visible corner after c1, where the wallin question is in direction s. The corner of a doorway whosedoor is closed is invisible.NextVisibleCorner(c1,c2,Left,t) ¬(K4.3)NextCorner(r,c1,c2) Ù Ø InvisibleCorner(c2,t)NextVisibleCorner(c1,c3,Left,t) ¬(K4.4)NextCorner(r,c1,c2) Ù InvisibleCorner(c2,t) ÙNextVisibleCorner(c2,c3,Left,t)NextVisibleCorner(c1,c2,s,t) Ù(K4.5)NextVisibleCorner(c1,c3,s,t) ® c2 = c3InvisibleCorner(c1,t) «(K4.6)$ d,c2 [[Door(d,c1,c2) Ú Door(d,c2,c1)] ÙØ HoldsAt(DoorOpen(d),t)]Next we have the GoStraight action, which the robotexecutes to bypass a doorway, travelling in a straight linefrom the near corner of the doorway and coming to restwhen it detects the far corner.Initiates(GoStraight,(K4.7)BesideWall(Wall(c2,c3),Left),t) ¬HoldsAt(AtCorner(c1,Left),t) ÙDoor(d,c1,c2) Ù NextCorner(r,c2,c3)Terminates(GoStraight,AtCorner(c,s),t)(K4.8)Finally we have the Turn action. Since the robot has to hugthe left wall, it always turns left (or goes straight) at outercorners, and always turns right at inner corners. If it turnsleft at the corner of a doorway, it ends up in the doorway.Initiates(Turn(Left),InDoorway(d,r),t) ¬(K4.9)HoldsAt(AtCorner(c1,Left),t) Ù Door(d,c1,c2) ÙHoldsAt(DoorOpen(d),t) Ù NextCorner(r,c1,c2)If the robot turns left when in a doorway, it ends upalongside a wall in the next room.Initiates(Turn(Left),(K4.10)BesideWall(Wall(c2,c3),Left),t) ¬HoldsAt(InDoorway(d,r1),t) Ù Connects(d,r1,r2) ÙDoor(d,c1,c2) Ù NextCorner(r2,c2,c3)If the robot turns right at an inner corner, it ends up next to anew wall.Initiates(Turn(Right),(K4.11)BesideWall(Wall(c1,c2),Left),t) ¬HoldsAt(AtCorner(c1,Left),t) ÙInner(c1) Ù NextCorner(r,c1,c2)The mutual exclusivity of the AtCorner, InDoorway andBesideWall fluents is preserved by the following formulae.Terminates(Turn(s1),AtCorner(c,s2),t)(K4.12)Terminates(Turn(s),InDoorway(d,r),t) ¬(K4.13)HoldsAt(InDoorway(d,r),t)4.3 The Effect of the World on the RobotHaving axiomatised the effects of the robotÕs actions on theworld, now we need to formalise the impact the world hason the robotÕs sensors. For this purpose, we introduce twonew types of event. The event GoesHigh(s) occurs if theaverage value of the two sensors in direction s exceeds a

6threshold d1, where s is Left, Right or Front. Similarly theevent GoesLow(s) occurs if the average value of the twosensors in direction s goes below a threshold d1. (Bymaking d1 > d2, we avoid a chatter of GoesHigh andGoesLow events when the robot approaches an obstacle.)Happens(GoesHigh(Front),t) ¬(S4.1)Happens(FollowWall,t) ÙInitiates(FollowWall,AtCorner(c,s),t) Ù Inner(c)Happens(GoesLow(Front),t) ¬(S4.2)HoldsAt(AtCorner(c,Left),t) ÙInner(c) Ù Happens(Turn(Right),t)Happens(GoesHigh(s),t) ¬(S4.3)HoldsAt(AtCorner(c,s),t) Ù Outer(c) Ù[Happens(GoStraight,t) Ú Happens(Turn(s),t)]Happens(GoesLow(s),t) ¬(S4.4)Happens(FollowWall,t) ÙInitiates(FollowWall,AtCorner(c,s),t) Ù Outer(c)Our overall aim, of course, is to use abduction to explain theoccurrence of GoesHigh and GoesLow events. In thepresent example, if the doors are all initially open and neversubsequently closed, every sensor event is predicted by thetheory as it stands, so no explanation is required. Theinteresting case is where there are sensor events which canonly be explained by a closed door. Accordingly, we need tointroduce the events OpenDoor(d) and CloseDoor(d), withthe obvious meanings.Initiates(OpenDoor(d),DoorOpen(d),t)(K4.14)Terminates(CloseDoor(d),DoorOpen(d),t)(K4.15)Finally, we need some uniqueness-of-names axioms.UNA[FollowWall, GoStraight, Turn,(U4.1)GoesHigh, GoesLow, OpenDoor, CloseDoor]UNA[BesideWall, AtCorner, InDoorway,(U4.2)DoorOpen]The UNA notation is defined as follows. Let f to f befunction symbols. Then UNA[f, f, . . . , f] abbreviatesthe conjunction of the formulae,fi(x1 , x2, . . . xm) ¹ fj(y1, y2, . . . , yn)for all i < j < k, and,fi(x1 , x2, . . . xn) = fi(y1, y2, . . . , yn) ®[x1 = y1 Ù x2 = y2 Ù . . . Ù xn = yn]for all i < k.4.4 An Example NarrativeNow letÕs examine the narrative of robot actions and sensorevents for the example of Section 1.1. The followingformulae describe the initial situation.InitiallyP(DoorOpen(d))(N4.1)InitiallyP(BesideWall(w,s)) «(N4.2)w = Wall(C18,C19) Ù s = LeftInitiallyN(AtCorner(c,s))(N4.3)InitiallyN(InDoorway(d,r))(N4.4)The robot follows the wall to its left until it arrives at cornerC19, where it turns right and follows the wall to its leftagain.Happens(FollowWall,T1)(N4.5)Happens(Turn(Right),T2)(N4.6)Happens(FollowWall,T3)(N4.7)T1 < T2(N4.8)T2 < T3(N4.9)Now letÕs suppose someone closes door D4 shortly after therobot sets out, and consider the incoming sensor events. TherobotÕs front sensors go high at time T1, when it arrives atcorner C19. (Recall that the FollowWall action is consideredinstantaneous.) They go low when it turns, then(unexpectedly) go high again, when it arrives at corner C22,having bypassed door D4.Happens(GoesHigh(Front),T1)(D4.1)Happens(GoesLow(Front),T2)(D4.2)Happens(GoesHigh(Front),T3)(D4.3)The above formulae only describe the sensor events that occur. But in general, we want explanations of sensor datato exclude those sensor events that have not occurred.Hence we have the following definition, which captures thecompletion of the Happens predicate for sensor events.Definition 4.4.1.COMP[Y] ºdef[Happens(a,t) Ù[a = GoesHigh(s) Ú a = GoesLow(s)]] ®where P = {áa,tñ | Happens(a,t) Î Y}�The following formula is one possible explanation of theabove sensor events.Happens(CloseDoor(D4),t) Ù 0 £ t < T30(E4.1)This is expressed by the following proposition. Let,¥S be the conjunction of (K4.1) to (K4.15),¥DN be the conjunction of (N4.1) to (N4.9),¥DT be the conjunction of (S4.1) to (S4.4),¥DE be formula (E4.1),¥F be the conjunction of the formulae representing therobotÕs environment, as described in Section 4.1,¥W be the conjunction of (U4.1) and (U4.2), and¥G be the conjunction of (D4.1) to (D4.3).Proposition 4.4.1.CIRC[S ; Initiates, Terminates, Releases] ÙCIRC[DN Ù DT Ù DE ; Happens] ÙEC Ù W Ù F » COMP[G].�In general, a collection of sensor data can have manyexplanations. Explanations can be ordered using a

a t a t

, [ ]

Î = Ù =

Ú P a t

7preference criterion, such as one which favours explanationswith few events. But there can still be many mimimalexplanations. In these circumstances, the robot can simplyproceed on the assumption that the first explanation it findsis the true explanation. ItÕs reasonable to expect that, if theexplanation is indeed false, the processing of subsequentsensor data will reveal this. But obviously this topic meritsfurther investigation.In the present experiment, the policy of adopting the firstexplanation can lead to faulty explanations if there is morethan one door on the same wall. This is because there wouldthen be no way to distinguish between two competingexplanations Ñ one involving the first door being closed,and one involving the second door being closed. Thisproblem can be remedied by the use of distance informationto select between the competing explanations.The next section spells out how the planning and perceptionprocesses are embedded in the overall sense-plan-act cyclethat controls the robot.5 Interleaving Sensing, Planning, and ActingIn the implemented system, the planning and perceptionprocesses each carry out a single resolution step beforesuspending and going around the cycle again. Theperception task can be thought of as a producer ofexplanations in the form of Happens formulae, which areconsumed by the planning process. The planner treats themin exactly the same way as it treats new steps in the plan itÕsgenerating, which are also Happens formulae. Therefore,these incoming explanations can violate the planÕsÒprotected linksÓ (previously proved Clipped formulae).When this occurs, the system replans from scratch.C o n s i d e r t h e e x a m p l e o f S e c t i o n 1 . 1 . I n r e s p o n s e t o t h e G o e s H i g h ( F r o n t ) s e n s o r e v e n t t h e r o b o t r e c e i v e s w h e n i t encounters corner C22, the perception process generates aformula of the form,Happens(CloseDoor(D4),t)as described in the previous section. When this isassimilated by the planning process, it violates a protectedlink of the form,ØÊClipped(t1,DoorOpen(D4),t2)where 1 < < 2. This precipitates replanning, whereuponthe planner finds the alternative route via room R2.As it stands, the planner of Section 3 produces actions inregression order. That is to say, the last action to be carriedo u t i s g e n e r a t e d f i r s t . T h i s m e a n s t h a t , i f i n t e r r u p t e d , t h e plannerÕs partial results are useless. What we require insteadis a progression planner Ñ one that generates the earliestaction of a plan first. If a progression planner is interrupted,its partially constructed plan will contain actions that can beexecuted immediately.O n e w a y t o g e n e r a t e p l a n s i n p r o g r e s s i o n o r d e r i s v i a hierarchical planning. This is the approach adopted here.The foregoing logical treatment of partial order planningcan be straightforwardly extended to planning viahierarchical decomposition. Compound action definitionsare introduced, and the abductive definition of planning canbe retained as is.As an example, hereÕs the definition of a GoToRoom actionin terms of the GoThrough action from Section 3. The termGoToRoom(r1,r2) denotes the action of going from room r1to room r2. (In the implemented system, the GoThroughaction itself is broken down into FollowWall and Turnactions in a similar way.)Happens(GoToRoom(r,r),t,t)(H5.1)Happens(GoToRoom(r1,r3),t1,t3) ¬(H5.2)Connects(d,r1,r2) Ù Happens(GoThrough(d),t1) ÙHappens(GoToRoom(r2,r3),t2,t3) Ùt1 < t2 Ù Ø Clipped(t1,InRoom(r2),t2)Initiates(GoToRoom(r1,r2),InRoom(r2),t) ¬(R5.1)HoldsAt(InRoom(r1),t)In effect, when implemented via abductive logicprogramming, these clauses carry out a forward search, incontrast to the backward search effected by the clauses inSection 3. The clauses used in the implemented systemincorporate a heuristic to give more direction to the search.In general, if the effects of a compound action follow fromthe effects of its sub-actions, it adds little to theformalisation, logically. But, if they are defined in the rightway, the presence of compound actions will adjust thecomputation so that it generates actions in progressionorder. Specifically, the earliest component action in acompound action definition must be the closer to a low levelaction than its successors. In (H5.2), for example, theGoThrough action is at a lower level than the GoToRoomaction.Moreover, the ability of hierarchical decomposition toquickly generate a first action in response to a situationjustifies the use of a replan-from-scratch strategy rather thana more sophisticated replanning technique.Formulae (H5.1) and (H5.2) illustrate both conditionaldecomposition and recursive decomposition: a compoundaction can decompose into different sequences of sub-actions depending on what conditions hold, and a compoundaction can be decomposed into a sequence of sub-actionsthat includes a compound action of the same type as itself.A consequence of this is that the event calculus withcompound actions could be used to implement a universalTuring machine, and is therefore formally as powerful asany programming language. In this respect, it can be used inthe same way as GOLOG [Levesque, et al., 1997]. Note,however, that we can freely mix direct programming withplanning from first principles.6 Related WorkThe title of this paper, ÒReinventing ShakeyÓ, alludes to thefact that the logic-based approach to robotics was firstseriously attempted in the Shakey project in the late Sixties[Nillson, 1984]. One the successes for which the Shakeyproject is well-known was the STRIPS approach to planning[Fikes & Nilsson, 1971]. The STRIPS planner arose out ofdissatisfaction with GreenÕs earlier attempts to use

8resolution-based theorem proving for planning [Green,1969]. In many ways, GreenÕs work is more akin to moderncognitive robotics than STRIPS. WeÕll return to STRIPSshortly. But first, letÕs consider how contemporary work incognitive robotics is an advance on GreenÕs efforts. Why isit not subject to the same pitfalls?There are two main differences bewteen contemporarycognitive robotics and GreenÕs work. First, GreenÕsapproach to planning was beset by the frame problem. Butwe now have a number of satisfactory solutions to the frameproblem that can be deployed in cognitive robotics[Shanahan, 1997a]. Second, the Shakey project relied on fullsearch-based planning from first principles, which iscomputationally very expensive. Like other recent work incognitive robotics [Levesque, et al., 1997], the approachpresented here uses chiefly pre-compiled plans Ð programs,effectively. In the present approach, this also facilitatesreactivity, another feature notably lacking in Shakey.LetÕs return briefly to STRIPS. The STRIPS planningalgorithm is now of purely historical interest, as it has longbeen superseded by more efficient techniques. But theSTRIPS language Ñ the language in which planningproblems are described Ñ has had lasting influence on theplanning community. One aim of contemporary cognitiverobotics is to return to logic as a planning language. Thismove can be justified in many ways Ñ logic is a moreexpressive language, logic is a lingua franca used in otherareas of AI, logic has a clear semantics with well-understood mathematical properties, and so on.However, the logic-based approach to robotics faces anumber of challenges. First, with respect to the presentwork, a major question is how to scale up. The Kheperarobots have very poor sensors, and can only carry out wall-following, or similar basic navigational operations. Whenwe move up to richer sensors, such as sonar or vision, howwill the techniques of this paper be adapted? Likewise, theKheperas in the experiments reported here inhabit a simple,static, uniform environment, of just the sort that Brookscriticises [Brooks, 1991]. How will logic fare whenconfronted with a complex, dynamic, messy environment?One approach is to employ an architecture that cleanlyseparates low- and high-level issues, both on the controlfront and on the sensing front. This is the approach taken bythe Toronto group [Lesp�rance, et al., 1994]. Then, thequestion of how to deal with complex sensor data and motorcontrol can be pushed into the lower level, where off-the-shelf techniques can be employed. But ideally, the linebetween low-level and high-level, between the level ofperception and control and the logical level, should bedrawn as low as possible, to allow logical reasoning asmuch influence as possible. So more work is required ontopics such as how to move directly from raw sensor data tological representations of low-level detail of theenvironment, such as the shapes of obstacles.From a methodological point of view, the present work fallssomewhere between the robotics work carried out at theUniversity of Texas [Baral & Tran, 1998] and the earlywork carried out at the University of Toronto [Lesp�rance,et al., 1994]. In the Toronto work, there is no planning,except as a last resort. Instead, the robot directly executes aprogram written in Golog [Levesque, et al., 1997], alanguage based on the situation calculus. A planner isinvoked only if the plan monitor detects a failure, in whichcase planning is used to get the world into a state fromwhich execution of the program can resume [De Giacomo,et al., 1998]. Therefore, the course of actions the robot is totake is worked out almost entirely in advance, and is fixedin the program the robot executes.More recently, the Toronto group have developed a variantof Golog called ConGolog [De Giacomo, et al., 1997].ConGolog incorporates facilities for concurrent execution,interrupt handling, and dealing with exogenous actions.Using ConGolog, the precise course of actions taken by therobot depends on conditions and events at run-time,resulting in more reactivity. However, in neither Golog norConGolog is there any notion of a goal with respect towhich a program can be proved correct. In the Texas work[Baral & Tran, 1998], by contrast, the effects of actions arespecified using logic, and the resulting theory is used togenerate, off-line, a set of provably correct condition-actioncontrol rules which are then used to direct the robot. Thecourse of actions carried out by the robot is, therefore,largely determined at run-time, and the resulting behaviouris highly reactive.The present work differs from each of these approaches. Incontrast to both the Toronto and Texas approaches, the workreported here uses on-line planning, and there is a clearnotion of a goal, which must be entailed by the plan.However, the heavy use of hierarchical planning means thatmost of the time the robot is, in effect, executing a program.On the other hand, the constant checking of protected links(negated Clipped literals) during execution, which canprecipitate rapid replanning, means that the robot is reactiveto unexpected changes, like a ConGolog program or theTexas robot. The aim is to combine the advantages ofplanning, direct programming, and reactive control rules ina uniform, logic-based architecture.Concluding RemarksTo summarise, the aim of the ongoing work reported here isto design and build theoretically well-founded, generalpurpose systems for high-level robot control, in which eachcomputational step is also a step of logical inference, andeach computational state has declarative meaning. Needlessto say, the ideas presented merit a good deal of furtherstudy, and although preliminary results are promising, itremains to be seen whether they will scale up to robots withricher sensors in more realistic environments.AcknowledgmentsThanks to Jack Minker, Mark Witkowski, and twoanonymous referees. This work was carried out as part ofEPSRC project GR/L20023 ÒCognitive RoboticsÓ.

9References[Baral & Tran, 1998] C.Baral and S.C.Tran, RelatingTheories of Actions and Reactive Control, Link˚pingElectronic Articles in Computer and Information Science,vol. 3 (1998), no. 9.[Brooks, 1991] R.A.Brooks, Intelligence Without Reason,Proceedings 1991 International Joint Conference onArtificial Intelligence (IJCAI 91), Morgan Kaufmann,pages 569-595.[De Giacomo, et al., 1997] G. De Giacomo, Y.Lesp�rance,H.Levesque, Reasoning about Concurrent Execution,Prioritized Interrupts, and Exogenous Actions in theSituation Calculus, Proceedings 1997 International JointConference on Artificial Intelligence (IJCAI 97), MorganKaufmann, pp. 1221Ð1226.[De Giacomo, et al., 1998] G. De Giacomo, R.Reiter andM.Soutchanski, Execution Monitoring of High-LevelRobot Programs, Proceedings 1998 KnowledgeRepresentation Conference (KR 98), Morgan Kaufmann,pp. 453Ð464.[Fikes & Nilsson, 1971] R.E.Fikes and N.J.Nilsson,STRIPS: A New Approach to the Application of TheoremProving to Problem Solving, Artificial Intelligence, vol. 2(1971), pp. 189Ð208.[Green, 1969] C.Green, Applications of Theorem Proving toProblem Solving, Proceedings 1969 International JointConference on Artificial Intelligence (IJCAI 69), pp.219Ð240.[Kautz & Selman, 1996] H.Kautz and B.Selman, Pushingthe Envelope: Planning, Propositional Logic andStochastic Search, Proceedings 1996 AmericanAssociation for Artificial Intelligence Conference (AAAI96), MIT Press, pp. 1194Ð1201.[Lesp�rance, et al., 1994] Y.Lesp�rance, H.J.Levesque,F.Lin, D.Marcu, R.Reiter, and R.B.Scherl, A LogicalApproach to High-Level Robot Programming: A ProgressReport, in Control of the Physical World by IntelligentSystems: Papers from the 1994 American Association forArtificial Intelligence Fall Symposium, ed. B.Kuipers,New Orleans (1994), pp. 79Ð85.[Levesque, et al., 1997] H.Levesque, R.Reiter,Y.Lesp�rance, F.Lin and R.B.Scherl, GOLOG: A LogicProgramming Language for Dynamic Domains, Journal of Logic Programming, vol. 31 (1997), pp.59Ð83.[Nilsson, 1984] N.J.Nilsson, ed., Shakey the Robot, SRITechnical Note no. 323 (1984), SRI, Menlo Park,California.[Shanahan, 1997a] M.P.Shanahan, Solving the FrameProblem: A Mathematical Investigation of the CommonSense Law of Inertia, MIT Press (1997).[Shanahan, 1997b] M.P.Shanahan, Noise, Non-Determinismand Spatial Uncertainty, Proceedings 1997 AmericanAssociation for Artificial Intelligence Conference (AAAI97), MIT Press, pp. 153Ð158.[Shanahan, 1997c] M.P.Shanahan, Event Calculus PlanningRevisited, Proceedings 4th European Conference onPlanning (ECP 97), Springer Lecture Notes in ArtificialIntelligence no. 1348 (1997), pp. 390Ð402.[Shanahan, 1999] M.P.Shanahan, The Event CalculusExplained, in Artificial Intelligence Today, eds.M.J.Wooldridge & M.Veloso, Springer-Verlag LectureNotes in Artificial Intelligence no. 1600, Springer-Verlag(1999), pages 409-430.[Shanahan, 2000] M.P.Shanahan, An Abductive EventCalculus Planner, The Journal of Logic Programming, toappear.[Shanahan & Witkowski, 2000] M.P.Shanahan andM.Witkowski, Event Calculus Planning ThroughSatisfiability, submitted.