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1 IntroductionGiven a set of events, a set of ordering constraints on the events, and a description of thecause-and-e�ect relationships involving the associated event types, it is often useful to de-termine whether a given set of propositions can all be true after an event sequence. This isthe essence of the temporal reasoning problem considered in this paper. In the correspond-ing planning problem, the planner is free to select an arbitrary set of event instances froma �xed set of event types with no restrictions on the ordering of event instances. In specialcases, temporal reasoning is harder than the corresponding planning problem [Nebel andB�ackstr�om, 1991]. This happens because in these special cases, the type, the number, andthe occurring order of events can be controlled by the planner. In most cases, as long as theintroduced events are not under control, however, both problems become computationallyequivalent. In particular, temporal reasoning with partially ordered event instances andcause-and-e�ect relationships described by STRIPS-like propositional operator schemas ishard [Dean and Boddy, 1988].Previous complexity results on temporal reasoning and planning primarily address prob-lems characterized in terms of rule-based cause-and-e�ect descriptions [B�ackstr�om andKlein, 1991] [Bylander, 1991] [Chapman, 1987] [Dean and Boddy, 1988] [Gupta and Nau,1991]. In this paper, we explore temporal reasoning from a di�erent perspective. Eventsare considered in terms of input symbols in �nite automata. The cause-and-e�ect relation-ships are considered in terms of state-transition relations in �nite automata. We discoverthat the ordering constraints on events, the size of the state space, and the structure of thestate transitions all contribute to the complexity of temporal reasoning. This new perspec-tive suggests a di�erent approach to solving temporal reasoning and planning problems byexploiting the temporal locality in event ordering and the spatial locality of state spaces.In AI, the cause-and-e�ect relationships governing the consequences of actions are typ-ically represented in terms of a set of rules. Each rule is associated with a set of antecedentconditions (or preconditions) and a set of consequent conditions (or postconditions). Alter-natively, we can view the cause-and-e�ect relationships involving events as state-transitionrelations of �nite automata. The conditions in rules de�ne a state space where each condi-tion corresponds to a binary state variable. Events are considered as input symbols. Rules1



determine how events trigger state transitions in the state space. In general, we wish toallow arbitrary transition relations. From this perspective, the task in temporal reasoningis to determine whether a goal state can be reached, given a set of possible event sequences.The possible event sequences are determined by the ordering constraints on the events.In Section 2, we formally de�ne the temporal reasoning problem and contrast the twodi�erent perspectives. In Section 3, we show that the ordering constraints on events, thesize of the state space, and the structure of state transitions all contribute to the complexityof temporal reasoning. Temporal reasoning turns out to be hard even if events are totallyunordered and the involved state space is polynomial in the size of the problem instance.This result shows that it is necessary to exploit the structure of event ordering and statespaces. In Section 4, we explore the opportunities for using temporal locality and spatiallocality to solve the temporal reasoning problem. We study temporal locality introducedby two types of ordering constraints. Event subsets are hierarchically encapsulated, orinterleaved by these ordering constraints. A temporal reasoning algorithm is developedto hierarchically exploit the temporal locality introduced by these ordering constraints.We show that spatial locality may reduce the sizes of the state spaces involved in thehierarchical problem solving. Our techniques provide a possible way to reduce temporalreasoning to graph reachability. Our results do not depend on any severe restrictions onthe causal rules. Finally, in Section 5, we discuss the possibility of applying the conceptof planning by hierarchical abstraction spaces [Knoblock, 1991] to temporal reasoning, andpoint out that we cannot characterize abstraction hierarchies for temporal reasoning in thesame way in planning, since we need to consider the ordering constraints on events and thelimited number of available events.2 Representations and Perspectives2.1 Temporal Projection and Temporal ReachabilityThe temporal projection problem was studied by Dean and Boddy [Dean and Boddy, 1988].The problem instance is de�ned by 2



� a set of event types, T = ftype1; type2; . . . ; typeng;� a set of conditions, P = fp1; p2; . . . ; pmg;� a set of causal rules, R = fr1; r2; . . . ; rog, of the form ht; '; �; �i composed of:{ a triggering event type, t 2 T ,{ a set of antecedent conditions, ' � P,{ a set of added conditions, � � P,{ a set of deleted conditions, � � P;� a set of actual events, E, where 8e 2 E; type(e) 2 T ;� a set of initial conditions, I � P;� a partial order � on E.The task in temporal projection is to determine whether a speci�ed condition p 2 P istrue immediately following a speci�ed event e 2 E in some total order consistent with thepartial order �. When an instance of a given event type occurs, the status, true or false,of a condition immediately following an instance is determined as follows. A condition istrue immediately following an instance if and only if either(i) the condition appears in the added conditions of a rule (associated with the event type)all of whose antecedent conditions are true immediately prior to the instance, or(ii) the condition is true immediately prior to the instance and it is not the case that thecondition appears in the deleted conditions of a rule (associated with the event type)all of whose antecedent conditions are true immediately prior to the instance.Events in E occur as a sequence. A partial order provides an example of a set of orderingconstraints. For example, given ei � ej, ei must appear before ej in any possible eventsequence. Ordering constraints � on E determine a set of possible event sequences. Inthis paper, we exploit the temporal locality introduced by ordering constraints on events.Other ordering constraints are investigated in Section 4. We de�ne the following termsregarding event sequences and ordering constraints.3



� An event sequence q (of length h) over a set of events E is a sequence he1; e2; . . . ; ehiwhere ei 2 E, 1 � i � h � jEj, and ei 6= ej if i 6= j. q0 = he1; e2; . . . ; eh0i is asubsequence of q = he1; e2; . . . ; eh0 ; . . . ; ehi.� Given a set of ordering constraints O on E, QEO is composed of the event sequencesover E which are (i) of length jEj and (ii) consistent with the ordering constraints inO.� QEO = fq0 j 9q 2 QEO where q0 is a subsequence of qg.The partial order � on E de�nes a set of possible event sequences QE�.In this paper, we focus on the following temporal reachability problem, which is closelyrelated to the temporal projection problem. The problem instance is de�ned byhT ;P;R;I;G; E;Oi where� T is a set of event types,� P is a set of conditions,� R is a set of causal rules,� I is a set of initial conditions where I � P,� G is a set of goal conditions where G � P,� E is a set of actual events,� O is a set of ordering constraints on E.The set of ordering constraintsO on E de�nes a set of event sequencesQEO. The task in tem-poral reachability is to determine whether the conditions in G can all be true immediatelyfollowing an event sequence q0 2 QEO.Lemma 1 shows that complexity results for the temporal reachability problem regardingpartial orders on events can be applied to the temporal projection problem.4



Lemma 1 Temporal reachability regarding a partial order on events can be reduced to tem-poral projection in polynomial time.Proof. We �rst transform an instance of temporal reachability in the following way. Anew condition p0 and an event instance e0 of a new event type t0 are added. Event typet0 is associated with a unique causal rule r0 = ht0;G; fp0g;Gi. Event e0 is allowed to occurafter any event in E. Temporal projection is then applied to determine whether p0 can betrue immediately following event e0. 22.2 A Perspective based on Finite AutomataAn alternative perspective on cause-and-e�ect relationships involves representing themin terms of state transitions in a �nite state space. Given an instance of the temporalreachability problem, T , P, R, I, and G determine a nondeterministic �nite automatonM = (S;T ;�; s0; F ) in the following way.� The set of conditions P = fp1; p2; . . . ; pmg determines a state space S. A state isrepresented as a vector u = (x1; x2; . . . ; xm) in f0; 1gm. If condition pi is true at stateu, xi = 1; otherwise xi = 0.� F denotes the set of states where the conditions in G are all true.� The set of initial conditions I corresponds to an initial state s0 2 S where theconditions in I are true and the conditions in P � I are false.� We say that a rule r = ht; '; �; �i is e�ective at state u if all antecedent conditions in' are true at state u. Event instances of type t may trigger state transitions at stateu in the following ways:{ transitioning from state u to any state v if there exists an e�ective rule r = ht; '; �; �iat state u where (i) the conditions in � are true at state v, (ii) the conditions in� are false at state v, and (iii) the conditions in P � (�S �) are true at v if andonly if they are true at u; 5



{ transitioning from state u to state u itself if there is no e�ective rule at state uassociated with the event type t.This provides a state transition relation � on S � T � S.Since events in E are symbols from the alphabet T , event sequences in QEO correspondto input strings to the �nite automaton M . From this perspective, the following Lemmarestates the task in temporal reachability based on the �nite automata representation.Lemma 2 An instance of the temporal reachability problem determines a �nite automatonM = (S;T ;�; s0; F ). The task in temporal reachability is to determine whether a state inF can be reached after an event sequence q0 2 QEO.In other words, we want to determine whether there exists an input string q0 2 QEO acceptedby M .Similarly, the task in temporal projection can be restated based on the �nite automatarepresentation.Lemma 3 An instance of the temporal projection problem determines a �nite automatonM = (S;T ;�; s0; F ). The task in temporal projection is to determine whether a state inF can be reached after an event sequence q0 = he1; e2; . . . ; ehi 2 QEO, where eh = e is thespeci�ed event in the temporal projection problem.Proof. A �nite automaton M = (S;T ;�; s0; F ) can be derived in the same way as in thecase of the temporal reachability problem, except that in the latter F denotes the set ofstates where the speci�ed condition p is true. 2When events are totally unordered and the state space involved is of polynomial size,the following lemma together with Lemma 1 show that temporal reachability and temporalprojection are equivalent.Lemma 4 When there are no ordering constraints on events and the state space involved isof polynomial size, temporal projection can be reduced to temporal reachability in polynomialtime. 6
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5Figure 1: Highway tra�cProof. From the perspective based on �nite automata, we have the following reduction.We �rst specify the set of states as new �nal states where event e can trigger state transitionsto �nal states. We then apply temporal reachability to determine whether we can reachany of the new �nal states, using events in E � feg. 22.3 A Highway Tra�c ExampleSuppose we are driving a car on a three-lane highway at a constant speed. We can observea nearby area around our car in a coordinate system centered on our car. The relativepositions of vehicles in this area remain the same if all cars move at the same speed.Figure 1 depicts the current relative positions of cars v0; v1; v2; v3, where v0 is our carand the arrow indicates the moving direction of the cars. The observed area is divided into�ve rows and three columns where columns correspond to lanes. Our car v0 is located atthe third row of the second column, and its position remains �xed relative to the coordinatesystem. As soon as other cars speed up, slow down, or change lanes, the relative positionschange.The set of conditions P is composed of conditions in the form of (At vk i j) or (At vk i j)indicating that car vk is or is not currently at the ith row of the jth column, and conditionsin the form of (Occupied i j) or (Occupied i j) indicating that the ith row of the jth columnis or is not occupied. 7
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� four events occur as an atomic unit to model the interactions among the four cars,and� these four events can occur in arbitrary order to model the uncertain interactionsamong the cars.For example, if car v2 also wants to move to lane b, the relative positions of cars afterthe �rst time unit will depend on which car takes the action �rst. If we wish to exit thehighway soon, the situation depicted in Figure 3 is undesirable for we might be trappedand prevented from exiting the highway. We may infer the possibility of reaching thatsituation in the coming three time units. This corresponds to an instance of the temporalreachability problem where� the set of conditions P represent the relative positions of the cars,� the set of initial conditions I represents the initial relative positions of the cars,� (Occupied 2 2), (Occupied 3 2), (Occupied 3 3), (Occupied 3 4) compose the set ofgoal conditions G,� the set of event types T is composed of event types like type1, and the set of causalrules R is composed of causal rules like r1; r2,� E is composed of the twelve events to model the actions of the cars,
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if all the forbidden pairs are disjoint. An instance of the disjoint forbidden pairs of arcsproblem can be reduced to an instance of the temporal reachability problem where there isonly a �nal state. Given an instance of disjoint forbidden pairs, the nodes in the directedgraph are considered as states. Each directed edge (u; v) in the graph corresponds to statetransition from u to v triggered by some event. We map each forbidden pair of arcs to adistinct double event, and each of the remaining arcs to a simple event. The initial nodeand the goal node are mapped to the initial state s0 and the �nal state f respectively. Ifwe can �nd a coherent event sequence from the initial state s0 to the �nal state f , then theanswer to the forbidden pairs problem is yes. Since an event corresponds to a forbiddenpair of edges, it can only map one of its two possible state transitions. The trajectory ofthe coherent event sequence then corresponds to a feasible path from s0 to f . Similarly, apath from s0 to f without using both arcs in any forbidden pair corresponds to a coherentevent sequence from s0 to f . 2This result implies that we have very limited ability to deal with events that occur withouttemporal locality, even in a state space of polynomial size.Theorem 2 Temporal reachability regarding simple events, totally unordered, in a polynomial-size state space, or regarding general events, totally unordered, in a constant-size state spaceare both solvable in polynomial time.Proof. States are considered as nodes. State transitions triggered by events are consideredas directed edges. This describes a graph. A simple event then corresponds to a directededge in the graph. Temporal reachability in the former case can be directly reduced tograph reachability, since a coherent event sequence from the initial state s0 to a �nal statef corresponds to a path from s0 to f . In the second case, there is only a constant numberof directed paths from the initial state s0 to a �nal state f . For each directed path, wedetermine whether there is an event sequence which can trigger state transitions along sucha trajectory path. The answer is yes if we can match distinct events to the directed edgesin the trajectory path. Note that an event can match a directed edge (u; v) if the eventcan trigger a state transition from state u to state v. This problem is then reduced tothe bipartite matching problem. 2 This result implies that we can deal with smaller statespaces and simpler state transition rules better.12



Theorem 3 Temporal reachability regarding simple events with an arbitrary partial orderon events, in a polynomial-size state space is NP-Complete.Proof. The forbidden pairs of arcs problem on directed acyclic graphs is NP-Complete[Garey and Johnson, 1979]. By adapting the NP-Completeness proof for simple eventsystems in [Nebel and B�ackstr�om, 1991], an instance of the forbidden pairs of arcs problemon a directed acyclic graph can be reduced to an instance of the temporal reachabilityproblem where there is only a �nal state. The nodes in the given directed acyclic graph areconsidered as states. Each arc is mapped to a unique simple event. For each forbidden pairof arcs (e1; e2) assign precedence e1 � e2 if there is a directed path with arc e2 preceding arce1. Otherwise, assign precedence e2 � e1 if there is a directed path with arc e1 precedingarc e2. Since the graph is acyclic, the precedence relation among events is a partial order.The trajectory of a coherent event sequence from the initial state s0 to the �nal state fnever contains both arcs of a forbidden pair. Such a trajectory corresponds to a feasiblepath from s0 to f . Similarly, edges in a feasible path from s0 to f correspond to a coherentevent sequence from s0 to f . 2The temporal reachability problem regarding events partially ordered as chains can besolved using the following procedure. Temporal reachability is reduced to graph reachabilityin this case. This procedure is also used in Section 4 for hierarchically solving the temporalreachability problem.Procedure MultiChain(E ;O; I)input: (1) E , a set of events; (2) O, a set of ordering constraints on E where events are partiallyordered as chains; (3) I , a set of initial states.output: (1) the set of states reached after the event sequences in QEO; (2) the set of states reachedafter the event sequences in QEO ; (3) the sets of states that we may reach immediately before aspeci�c event e occur, 8e 2 E .� Suppose events are partially ordered as c chains with li events in the ith chain. Constructthe following directed graph G = (V;E).{ Each state s 2 S is expanded into Q1�i�c(1 + li) nodes of the form (s; x1; x2; . . . ; xc)where 0 � xi � li. These nodes comprise the vertex set V of G.{ Node (s; x1; x2; . . . ; xc) indicates that we are at state s when 8i the �rst xi events inthe ith chain have occurred. 13



{ Construct a directed edge from (s; x1; x2; . . . ; xk�1; . . . ; xc) to (t; x1; x2; . . . ; xk; . . . ; xc)if the xkth event in the kth chain can trigger a state transition from s to t. Theseedges comprise the edge set V of G.� We apply the standard graph reachability algorithms to derive the sets of states we want.{ State t is reachable from state s0 (s0 2 I) after an event sequence in QEO if and onlyif 9(t; x1; x2; . . . ; xc) is reachable from (s0; 0; 0; . . . ; 0) in G.{ State t is reachable from state s0 (s0 2 I) after an event sequence in QEO if and onlyif (t; l1; l2; . . . ; lc) is reachable from (s0; 0; 0; . . . ; 0) in G.{ Suppose e is the rth event in the kth chain. Immediately before event e occurs, wecan reach state t from state s0 (s0 2 I) if and only if 9(t; x1; x2; . . . ; xk = r�1; . . . ; xc)is reachable from (s0; 0; 0; . . . ; 0) in G.Theorem 4 Temporal reachability regarding general events, partially ordered as chains, ina polynomial-size state space is solvable in polynomial time if the product (over all chains)of 1 plus the chain length is of polynomial size.Proof. Suppose the events in E are partially ordered as multiple chains by the orderingconstraints in O. We apply MultiChain(E;O; fs0g) to determine the set of states reach-able after the event sequences in QEO. The number of nodes in the graph constructed byprocedureMultiChain is equal to jSjQ1�i�c(1+ li) where jSj is the size of the state spaceand li is the number of events in the ith chain. In this case, the graph G is of polynomialsize if the product (over all chains) of 1 plus the chain length (Q1�i�c(1 + li)) is of poly-nomial size. Graph reachability and thus temporal reachability is solvable in polynomialtime. 2Corollary 1 Temporal reachability regarding general events, partially ordered as chains,in a polynomial-size state space can be solved in polynomial time for a constant number ofchains of length O(n) or O(log n) number of chains of constant length, where n is the sizeof the problem instance. 14



4 Exploiting Locality4.1 Temporal Locality in Event OrderingAs shown in Section 3, temporal reachability regarding general events is hard if the eventsare totally unordered and the state space is polynomial in the size of the problem instance.When totally unordered, events can occur in arbitrary order. However, there is temporallocality in event ordering if the occurrences of events or subsets of events closely relate toone another. For example, a subset of events may always occur as an atomic unit; all theother events either occur before or after the subset of events. Similarly, several atomic unitsmay always occur as an atomic unit. In this way, temporal locality can be introduced atmany levels. Suppose we have a set of events E. The following Encapsulate type of order-ing constraints can introduce temporal locality in an event subset X = fe1; e2; . . . ; ekg in E.� Encapsulate(X): Events in X are required to occur as an atomic unit. All the otherevents either occur before or after the subset of events.We say that X is a local event subset in E if X is constrained by the Encapsulate typeof ordering constraints. The event set E and each event in E are local event subsets in E,since they are implicitly constrained by the Encapsulate type of ordering constraints. Forany two local event subsets X and Y in E, we require either that X and Y are disjoint orthat one is a proper subset of the other. Suppose X is a subset of Y . We say that X ismaximal in Y if X is not a proper subset of any other local event subset in Y . In this way,the local event subsets in E form a hierarchy.Given a local event subset Y , the following Interleave type of ordering constraints canintroduce a partial order on the maximal local event subsets in Y . These event subsets arepartially ordered as chains.� Interleave(hX11;X21 ; . . .i; hX12 ;X22 ; . . .i; . . . ; hX1c ;X2c ; . . .i): Xji 's are the maximal localevent subsets in Y . 8i, Xji � Xki if j < k. hX1i ;X2i ; . . .i forms a chain of local eventsubsets. The events in Xji must occur before the events in Xki if j < k.15
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4.2 Hierarchical Problem SolvingGiven a local event subset X and a set of ordering constraints O on X, X can be abstractedas an abstract event eX . Suppose that we can reach state v from state u after an eventsequence q 2 QXO . Then the abstract event eX may trigger a state transition from u to v.This describes a state-transition relation involving eX, since we may reach another statev0 from state u after another event sequence q0 2 QXO . In other words, eX summarizes thepossible state transitions caused by the events in X as a whole.When the ordering of events is governed by the Encapsulate, and Interleave types ofordering constraints, the temporal reachability problem can be solved hierarchically. Inthe hierarchical problem solving, local event subsets are abstracted as abstract events. Forexample, temporal reachability regarding events in Figure 6 can be solved in two levels.At the top level, we determine the possibility of reaching any goal state, given (abstract)events e1; e10; eX; eY . If the answer is negative, we �rst determine the possible states thatwe may reach immediately before the events in X (Y ) occur. Then at the second level, wedetermine the possibility of reaching any goal state, given the event subset X (Y ) and thepossible states that we may reach immediately before the events in X (Y ) occur.In the following, the procedure MultiChain in Section 3 is used as a subroutine inhierarchical problem solving. The following procedure recursively derives the abstractevents for the local event subsets in a set of events.Procedure Event-Abstraction(E ;O)input: (1) E , a set of events; (2) O, a set of ordering constraints on E .output: the abstract events for the local event subsets in E .� For each maximal local event subset X in E , we call Event-Abstraction(X;OX) to derivethe abstract events for the local event subsets in X where OX is composed of the orderingconstraints on X , OX � O.� Let A be composed of the abstract events for the maximal local event subsets in E . Let �be the partial order on A introduced by the Interleave ordering constraint on the maximallocal event subsets in E . We derive the abstract event eE for E as follows.{ For each state s, the abstract event eE can trigger a state transition from state s toany state reachable after the event sequences in QA� . We call MultiChain(A;�; fsg)17



to determine this state-transition relation.The following procedure recursively decomposes the temporal reachability problem andthen solves it level by level.Procedure Problem-Decomposition(E ;O; I; G)input: (1) E , a set of events; (2) O, a set of ordering constraints on E ;(3) I , a set of initial states; (4) G, a set of goal states.output: yes if 9s 2 I; 9t 2 G; 9q 2 QEO such that s is reachable from t after the event sequenceq; no, otherwise.� We call Event-Abstraction(E ;O) to derive the abstract events for all the local eventsubsets in E .� Let A be composed of the abstract events for the maximal local event subsets in E . Let �be the partial order on A introduced by the Interleave ordering constraint on the maximallocal event subsets in E . At the top level, we call MultiChain(A;�; I) to determine theset of states reachable after the event sequences in QA�.� If we can reach states in G at this level, the answer to the problem is yes. Otherwise, we callMultiChain(A;�; I) to determine IX , the set of states that we may reach immediatelybefore eX occurs (8eX 2 A). IX corresponds to the states that we may reach immediatelybefore any event in X occurs.� At the next level, we call Problem-Decomposition(X;OX; IX ; G) for each maximal localevent subset X in E where OX is composed of the ordering constraints on X , OX � O.4.3 State Space Reduction in Temporal ReachabilitySpatial locality in local event subsets: In the worst case, the procedure Problem-Decomposition deals with state spaces of size 2jPj. P is the set of conditions. However,spatial locality in local event subsets may reduce the sizes of the state spaces involved inhierarchical problem solving. We say that event e involves condition p if p appears in acausal rule associated with the event type of e. In Figure 7, eleven conditions are involved.Event e1 involves the conditions a; b; c; j. The events in X = fe2; e3; e4; e5g involve theconditions a; b; d; e; f . The events in Y = fe6; e7; e8; e9g involve the conditions a; b; g; h; i.18
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Figure 7: Spatial locality in local event subsetsEvent e10 involves the conditions b; c; j; k. We want to determine whether we can reach anystate where the conditions a; b; c are all true. Note that the conditions d; e; f (g; h; i) areonly involved locally in event subset X (Y ). It turns out that we only need to deal withstate spaces involving no more than �ve conditions instead of all the eleven conditions inthis problem instance.� A state space involving the conditions a; b; d; e; f (a; b; g; h; i) is considered for derivingthe abstract event eX (eY ) for the local event subset X (Y ).� At the top level, we deal with the events e1; e10; eX; eY . The conditions d; e; f (g; h; i)are only locally involved in X (Y ). So we only need to consider the possible statustransitions of the conditions a; b triggered by eX (eY ). Since the events e1; e10 involvethe conditions a; b; c; j; k, a state space involving the conditions a; b; c; j; k is consideredat the top level.� At the top level, if we can reach a state where the conditions a; b; c are all true, theanswer to the problem is yes. Otherwise the condition c must be made true at thetop level, and the conditions a; b must be made true at the second level involving theevent subsets X, Y . This is because the status of condition c cannot be changed bythe events in X, Y . 19



� At the second level, a state space involving the conditions a; b; d; e; f (a; b; g; h; i) isconsidered for the event subset X (Y ). The task is to determine whether we canreach a state where the conditions a; b are true, given events in X (Y ).� The possible statuses of the conditions a; b; d; e; f (a; b; g; h; i) immediately before theevents in X (Y ) occur can be determined as follows. We derive the set of states thatwe may reach at the top level immediately before eX (eY ) occurs. We then �nd outthe possible statuses of the conditions a; b at these states, given that the conditionc must be true at these states. The statuses of the conditions d; e; f (g; h; i) are thesame as their initial statuses, since they are only locally involved in event subset X(Y ).Estimating the reachable state subspace: In some applications, there are bounds onthe number of conditions being true at a time. For example, suppose the number of theadded conditions is always less than or equal to the number of the deleted conditions inany causal rule. If there are m conditions initially true, then no more than m conditionscan be true at a time. In this case, the size of the reachable state subspace is no more thanP1�i�m �jPji � where P is the set of conditions.Minimizing the �nite automaton: The size of the state space can be reduced byreplacing the �nite automaton determined by the problem instance with an equivalent�nite automaton involving fewer states. The algorithms for minimizing �nite automatacan be used to reduce the size of the state space.5 Temporal Reasoning by AbstractionKnoblock [Knoblock, 1991] discusses planning using abstraction hierarchies to reduce thesize of the search space. Given an abstraction hierarchy for planning, variables are parti-tioned into levels. An abstract plan is searched at the highest level, and then re�ned levelby level to incrementally achieve the goal conditions. In solving the temporal reachabilityproblem, we determine whether or not there exists a possible event sequence to reach the20
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We try to incrementally re�ne a possible event sequence at a level to that at a lowerlevel to reach the abstraction of the goal state subspace. If none of the abstraction of thegoal state subspace can be reached by any possible event sequence at an abstraction level,obviously the goal subspace can never be reached at all. Otherwise, we can look at a lowerabstraction level with a larger set of base variables and repeat this process again. However,backtracking between levels is needed to deal with all of the possibilities of reaching thegoal state subspace.To eliminate backtracking, there must be additional properties among abstraction levels.A re�nable abstraction hierarchy is an abstraction hierarchy with the following property.De�nition 1 For any abstract state t at level k, suppose t0 is the abstraction of t at levelk0, k0 < k. If there does exist a possible event sequence reaching t at level k, then everypossible event sequence reaching t0 at level k0 can be re�ned to a possible event sequencereaching t at level k.Given a re�nable abstraction hierarchy, there is no backtracking between abstraction levelswhen we are �nding an event sequence to reach the goal state subspace. As soon as wefail to re�ne an event sequence at an abstraction level, we know that there exists no eventsequence reaching the abstraction of the goal state subspace at this level. We do not needto backtrack to a higher level to explore other possibilities.Our framework of temporal reasoning by abstraction is analogous to Knoblock's abstrac-tion hierarchies for planning. However, Knoblock's results [Knoblock, 1991], characterizingabstraction hierarchies for planning, cannot be directly applied to temporal reasoning, sincethe ordering constraints on events and the limitation on the number of available events arenot considered in abstraction hierarchies for planning. Characterizing re�nable abstractionhierarchies or other kinds of useful abstraction hierarchies for temporal reasoning remainsan interesting future research topic.6 ConclusionIn this paper, we describe an alternative perspective on temporal reasoning, representingthe cause-and-e�ect relationships as �nite state automata. This perspective suggests and22



we demonstrate theoretically that the ordering constraints on events, the size of the statespace, and the state-transition rules all contribute to the problem complexity. It is shownthat we have very limited ability to deal with general events if there is no temporal or spatiallocality at all. We characterize the temporal locality induced by interleaving, encapsulating,and preempting subsets of events, and provide an algorithm that takes advantage of thelocality in events in performing temporal reasoning. We also discuss temporal reasoningby abstraction, and point out the di�culty of directly applying the results of planning byabstraction to temporal reasoning.References[B�ackstr�om and Klein, 1991] B�ackstr�om, C. and Klein, I. 1991. Parallel non-binary plan-ning in polynomial time. In Proceedings IJCAI 12. IJCAII. 268{273.[Bylander, 1991] Bylander, Tom 1991. Complexity results for planning. In ProceedingsIJCAI 12. IJCAII. 274{279.[Chapman, 1987] Chapman, David 1987. Planning for conjunctive goals. Arti�cial Intelli-gence 32:333{377.[Dean and Boddy, 1988] Dean, Thomas and Boddy, Mark 1988. Reasoning about partiallyordered events. Arti�cial Intelligence 36(3):375{399.[Garey and Johnson, 1979] Garey, Michael R. and Johnson, David S. 1979. Computersand Intractibility: A Guide to the Theory of NP-Completeness. W. H. Freeman andCompany, New York.[Gupta and Nau, 1991] Gupta, Naresh and Nau, Dana S. 1991. Complexity results forblocks-world planning. In Proceedings AAAI-91. AAAI. 629{633.[Knoblock, 1991] Knoblock, Craig A. 1991. Search reduction in hierarchical problem solv-ing. In Proceedings AAAI-91. AAAI. 686{691.23
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