
Planning as Heuristic SearchBlai Bonet and H�ector Ge�nerDepto. de Computaci�onUniversidad Sim�on Bol��varAptdo. 89000, Caracas 1080-A, Venezuelafbonet,hectorg@usb.veAbstractIn the AIPS98 Planning Contest, the hsp planner showed that heuristic search planners can becompetitive with state-of-the-art Graphplan and sat planners. Heuristic search planners like hsptransform planning problems into problems of heuristic search by automatically extracting heuristicsfrom Strips encodings. They di�er from specialized problem solvers such as those developed for the24-Puzzle and Rubik's cube in that they use a general declarative language for stating problems anda general mechanism for extracting heuristics from these representations.In this paper, we study a family of heuristic search planners that are based on a simple andgeneral heuristic that assumes that action preconditions are independent. The heuristic is thenused in the context of best-�rst and hill-climbing search algorithms, and is tested over a largecollection of domains. We then consider variations and extensions such as reversing the direction ofthe search for speeding node evaluation, and extracting information about propositional invariantsfor avoiding dead-ends. We analyze the resulting planners, evaluate their performance, and explainwhen they do best. We also compare the performance of these planners with two state-of-the-artplanners, and show that the simplest planner based on a pure best-�rst search yields the most solidperformance over a large set of problems. We also discuss the strengths and limitations of thisapproach, establish a correspondence between heuristic search planning and Graphplan, and brie
ysurvey recent ideas that can reduce the current gap in performance between general heuristic-searchplanners and specialized solvers.1 IntroductionThe last few years have seen a number of promising new approaches in Planning. Most prominentamong these are Graphplan [BF97] and Satplan [KS96]. Both work in stages by building suitablestructures and then searching them for solutions. In Graphplan, the structure is a graph, while inSatplan, it is a set of clauses. Both planners have shown impressive performance and have attracteda good deal of attention. Recent implementations and signi�cant extensions have been reported in[KNHD97, LF99, KS99, ASW98].In the recent AIPS98 Planning Competition [McD00], three out of the four planners in the Stripstrack, ipp [KNHD97], stan [LF99], and blackbox [KS99], were based on these ideas. The fourth plan-ner, hsp [BG99], was based on the ideas of heuristic search [Nil80, Pea83]. In hsp, the search is assumedto be similar to the search in problems like the 8-Puzzle, the main di�erence being in the heuristic: whilein problems like the 8-Puzzle the heuristic is normally given (e.g., as the sum of Manhattan distances),in planning it has to be extracted automatically from the declarative representation of the problem. hsp1



thus appeals to a simple scheme for computing the heuristic from Strips encodings and uses the heuristicto guide the search for the goal.The idea of extracting heuristics from declarative problem representations for guiding the search inplanning has been advanced recently by Drew McDermott [McD96, McD99], and by Bonet, Loerincsand Ge�ner [BLG97].1 In this paper, we extend these ideas, test them over a large number of problemsand domains, and introduce a family of planners that are competitive with some of the best currentplanners.Planners based on the ideas of heuristic search are related to specialized solvers such as those de-veloped for domains like the 24-puzzle [KT96], Rubik's cube [Kor98], and Sokoban [JS99] but di�erfrom them mainly in the use of a general language for stating problems and a general mechanism forextracting heuristics. Heuristic search planners, like all planners, are general problem solvers in whichthe same code must be able to process problems from di�erent domains [NS63]. This generality comesnormally at a price: as noted in [JS99], the performance of the best current planners is still well behindthe performance of specialized solvers. Closing this gap, however, is the main challenge in planningresearch where the ultimate goal is to have systems that combine 
exibility and e�ciency: 
exibilityfor modeling a wide range of problems, and e�ciency for obtaining good solutions fast.2 In heuristicsearch planning, this challenge can only be met by the formulation, analysis, and evaluation of suitabledomain-independent heuristics and optimizations. In this paper we aim to present the basic ideas andresults we have obtained, and discuss more recent ideas that we �nd promising.3More precisely, we will present a family of heuristic search planners based on a simple and generalheuristic that assumes that action preconditions are independent. This heuristic is then used in thecontext of best-�rst and hill-climbing search algorithms, and is tested over a large class of domains.We also consider variations and extensions, such as reversing the direction of the search for speedingnode evaluation, and extracting information about propositional invariants for avoiding dead-ends. Wecompare the resulting planners with some of the best current planners and show that the simplest plannerbased on a pure best-�rst search, yields the most solid performance over a large set of problems. Wealso discuss the strengths and limitations of this approach, establish a correspondence between heuristicsearch planning and Graphplan, and brie
y survey recent ideas that can help reduce the performancegap between general heuristic-search planners and specialized solvers.Our focus is on non-optimal sequential planning. This is contrast with the recent emphasis on optimalparallel planning following Graphplan and sat-based planners [KS96]. Algorithms are evaluated interms of the problems that they solve (given limited time and memory resources), and the quality of thesolutions found (measured by the solution time and length). The use of heuristics for optimal sequentialand parallel planning is considered in [HG00] and is brie
y discussed in Sect. 8.In this paper we review and extend the ideas and results reported in [BG99]. However, ratherthan focusing on the two speci�c planners hsp and hspr, we consider and analyze a broader space ofalternatives and perform a more exhaustive empirical evaluation. This more systematic study led us torevise some of the conjectures in [BG99] and to understand better the strengths and limitations involvedin the choice of the heuristics, the search algorithms, and the direction of the search.The rest of the paper is organized as follows. We cover �rst general state models (Sect. 2) and thestate models underlying problems expressed in Strips (Sect. 3). We then present a domain-independentheuristic that can be obtained from Strips encodings (Sect. 4), and use this heuristic in the context of1This idea also appears, in a di�erent form, in the planner IxTex; see [LG95].2Interestingly, the area of constraint programming has similar goals although it is focused on a di�erent class of problems[HSD92]. Yet, see [VC99] for a recent attempt to apply the ideas of constraint programming in planning.3Another way to reduce the gap between planners and specialized solvers is by making room in planning languagesfor expressing domain-dependent control knowledge (e.g., [BK00]). In this paper, however, we don't consider this optionwhich is perfectly compatible and complementary with the ideas that we discuss.2



forward and backward state planners (Sect. 5 and 6). We then consider related work (Sect. 7), summarizethe main ideas and results, and discuss current open problems (Sect. 8).2 State ModelsState spaces provide the basic action model for problems involving deterministic actions and completeinformation. A state space consists of a �nite set of states S, a �nite set of actions A, a state transitionfunction f that describes how actions map one state into another, and a cost function c(a; s) > 0 thatmeasures the cost of doing action a in state s [NS72, Nil80]. A state space extended with a given initialstate s0 and a set SG of goal states will be called a state model. State models are thus the modelsunderlying most of the problems considered in heuristic search [Pea83] as well as the problems that fallinto the scope of classical planning [Nil80]. Formally, a state model is a tuple S = hS; s0; SG; A; f; ciwhere � S is a �nite and non-empty set of states s� s0 2 S is the initial state� SG � S is a non-empty set of goal states� A(s) � A denotes the actions applicable in each state s 2 S� f(a; s) denotes a state transition function for all s 2 S and a 2 A(s), and� c(a; s) stands for the cost of doing action a in state s.A solution of a state model is a sequence of actions a0, a1, . . . , an that generates a state trajectory s0,s1 = f(s0), . . . , sn+1 = f(an; sn) such that each action ai is applicable in si and sn+1 is a goal state,i.e., ai 2 A(si) and sn+1 2 G. The solution is optimal when the total cost Pni=0 c(ai; si) is minimized.In problem solving, it is common to build state models adapted to the target domain by explicitlyde�ning the state space and explicitly coding the state transition function f(a; s) and the action ap-plicability conditions A(s) in a suitable programming language. In planning, state models are de�nedimplicitly in a general declarative language that can easily accommodate representations of di�erentproblems. We consider next the state models underlying problems expressed in the Strips language[FN71].43 The Strips State ModelA planning problem in Strips is represented by a tuple P = hA;O; I;Gi where A is a set of atoms, O is aset of operators, and I � A and G � A encode the initial and goal situations. The operators op 2 O areall assumed grounded (i.e., with the variables replaced by constants). Each operator has a precondition,add, and delete lists denoted as Prec(op), Add(op), and Del(op) respectively. They are all given by setsof atoms from A. A Strips problem P = hA;O; I;Gi de�nes a state-space SP = hS; s0; SG; A(�); f; ciwhere S1. the states s 2 S are collections of atoms from AS2. the initial state s0 is IS3. the goal states s 2 SG are such that G � sS4. the actions a 2 A(s) are the operators op 2 O such that Prec(op) � s4As it is common, we use the current version of the Strips language as de�ned by the Strips subset of pddl [McD98]rather than original version in [FN71]. 3



S5. the transition function f maps states s into states s0 = s�Del(a)+Add(a) for a 2 A(s)S6. all action costs c(a; s) are 1The (optimal) solutions of the problem P are the (optimal) solutions of the state model SP . A possibleway to �nd such solutions is by performing a search in such space. This approach, however, has notbeen popular in planning where approaches based on divide-and-conquer ideas and search in the spaceof plans have been more common [Nil80, Wel94]. This situation however has changed in the last fewyears, after Graphplan [BF97] and sat approaches [KS96] achieved orders of magnitude speed ups overprevious approaches. More recently, the idea of planning as state-space search has been advanced in[McD96] and [BLG97]. In both cases, the key ingredient is the heuristic used to guide the search that isextracted automatically from the problem representation. Here we follow the formulation in [BLG97].4 HeuristicsThe heuristic function h for solving a problem P in [BLG97] is obtained by considering a `relaxed'problem P 0 in which all delete lists are ignored. From any state s, the optimal cost h0(s) for solvingthe relaxed problem P 0 can be shown to be a lower bound on the optimal cost h�(s) for solving theoriginal problem P . As a result, the function h0(s) could be used as an admissible heuristic for solvingthe original problem P . However, solving the `relaxed' problem P 0 and obtaining the function h0 areNP-hard problems.5 We thus use an approximation and set h(s) to an estimate of the optimal valuefunction h0(s) of the relaxed problem. In this approximation, we estimate the cost of achieving the goalatoms from s and then set h0(s) to a suitable combination of those estimates. The cost of individualatoms is computed by a procedure which is similar to the ones used for computing shortest paths ingraphs [AMO93]. Indeed, the initial state and the actions can be understood as de�ning a graph in atomspace in which for every action op there is a directed link from the preconditions of op to its positivee�ects. The cost of achieving an atom p is then re
ected in the length of the paths that lead to p fromthe initial state. This intuition is formalized below.We will denote the cost of achieving an atom p from the state s as gs(p). These estimates can bede�ned recursively as6 gs(p) = � 0 if p 2 sminop2O(p)[1 + gs(Prec(op))] otherwise (1)where O(p) stands for the actions op that add p, i.e., with p 2 Add(op), and gs(Prec(op)), to be de�nedbelow, stands for the estimated cost of achieving the preconditions of action op from s.While there are many algorithms for obtaining the function gs de�ned by (1), we use a simple forwardchaining procedure in which the measures gs(p) are initialized to 0 if p 2 s and to 1 otherwise. Then,every time an operator op is applicable in s, each atom p 2 Add(op) is added to s and gs(p) is updatedto gs(p) := min [ gs(p) ; 1 + gs(Prec(op)) ] (2)These updates continue until the measures gs(p) do not change. It's simple to show that the resultingmeasures satisfy Equation 1. The procedure is polynomial in the number of atoms and actions, andcorresponds essentially to a version of the Bellman-Ford algorithm for �nding shortest paths in graphs[AMO93].5This can be shown by reducing set-covering to Strips with no deletes.6Where the min of an empty set is de�ned to be in�nite.4



The expression gs(Prec(op)) in both (1) and (2) stands for the estimated cost of the set of atomsgiven by the preconditions of action op. In planners such as hsp, the cost gs(C) of a set of atoms C isde�ned in terms of the cost of the atoms in the set. As we will see below, this can be done in di�erentways. In any case, the resulting heuristic h(s) that estimates the cost of achieving the goal G from astate s is de�ned as h(s) def= gs(G) (3)The cost gs(C) of sets of atoms can be de�ned as the weighted sum of costs of individual atoms, theminimum of the costs, the maximum of the costs, etc. We consider two ways. The �rst is as the sum ofthe costs of the individual atoms in C:g+s (C) =Xr2C gs(r) (additive costs) (4)We call the heuristic that results from setting the costs gs(C) to g+s (C), the additive heuristic and denoteit by hadd. The heuristic hadd assumes that subgoals are independent. This is not true in general as theachievement of some subgoals can make the achievement of the other subgoals more or less di�cult. Forthis reason, the additive heuristic is not admissible (i.e., it may overestimate the true costs). Still, wewill see that it is quite useful in planning.Second, an admissible heuristic can be de�ned by combining the cost of atoms by the max operationas: gmaxs (C) = maxr2C gs(r) (max costs) (5)We call the heuristic that results from setting the costs gs(C) to gmaxs (C), the max heuristic and denoteit by hmax. The max heuristic unlike the additive heuristic is admissible as the cost of achieving a setof atoms cannot be lower than the cost of achieving each of the atoms in the set. On the other hand,the max heuristic is often less informative. In fact, while the additive heuristic combines the costs of allsubgoals, the max heuristic focuses only on the most di�cult subgoals ignoring all others. In Sect. 7,however, we will see that a re�ned version of the max heuristic is used in Graphplan.5 Forward State Planning5.1 HSP: A Hill Climbing PlannerThe planner hsp [BG99] that was entered into the AIPS98 Planning Contest, uses the additive heuristichadd to guide a hill-climbing search from the initial state to the goal. The hill-climbing search is verysimple: at every step, one of the best children is selected for expansion and the same process is repeateduntil the goal is reached. Ties are broken randomly. The best children of a node are the ones thatminimize the heuristic hadd. Thus, in every step, the estimated atom costs gs(p) and the heuristic h(s)are computed for the states s that are generated. In hsp, the hill climbing search is extended in severalways; in particular, the number of consecutive plateau moves in which the value of the heuristic haddis not decremented is counted and the search is terminated and restarted when this number exceeds agiven threshold. In addition, all states that have been generated are stored in a fast memory (a hashtable) so that states that have been already visited are avoided in the search and their heuristic valuesdo not have to be recomputed. Also, a simple scheme for restarting the search from di�erent states isused for avoiding getting trapped into the same plateaus.Many of the design choices in hsp are ad-hoc. They were motivated by the goal of getting a betterperformance for the Planning Contest and by our earlier work on a real-time planner based on the same5



Round Planner Avg. Time Solved Fastest ShortestRound 1 blackbox 1.49 63 16 55hsp 35.48 82 19 61ipp 7.40 63 29 49stan 55.41 64 24 47Round 2 blackbox 2.46 8 3 6hsp 25.87 9 1 5ipp 17.37 11 3 8stan 1.33 7 5 4Table 1: Results of the AIPS98 Contest (Strips track). Columns show the number of problems solvedby each planner, the average time over the problems solved (in seconds) and the number of problems inwhich each planner was fastest or produced shortest plans (from [McD00]).heuristic [BLG97]. hsp did well in the Contest competing in the \Strips track" against three state-of-the-art Graphplan and sat planners: ipp [KNHD97], stan [LF99] and blackbox [KS99]. Table 1 from[McD00] shows a summary of the results. In the contest there were two rounds with 140 and 15 problemseach, in both cases drawn from several domains. The table shows for each planner in each round, thenumber of problems solved, the average time taken over the problems that were solved, and the numberof problems in which each planner was fastest or produced shortest solutions. ipp, stan and blackbox,are optimal parallel planners that minimize the number of time steps (in which several actions can beperformed concurrently) but not the number of actions.As it can be seen from the table, hsp solved more problems than the other planners but it often tookmore time or produced longer plans. More details about the setting and results of the competition canbe found in [McD00] and in an article to appear in the AI Magazine.5.2 HSP2: A Best-First Search PlannerThe results above and a number of additional experiments suggest that hsp is competitive with thebest current planners over many domains. However, hsp is not an optimal planner, and what's worse{ considering that optimality has not been a traditional concern in planning { the search algorithm inhsp is not complete. In this section, we show that this last problem can be overcome by switchingfrom hill-climbing to a best-�rst search (bfs) [Pea83]. Moreover, the resulting bfs planner is superiorin performance to hsp, and it appears to be superior to some of the best planners over a large class ofproblems. By performance we mean: the number of problems solved, the time to get those solutions,and the length of those solutions measured by the number of actions.We will refer to the planner that results from the use of the additive heuristic hadd in a best-�rstsearch from the initial state to the goal, as hsp2. This best-�rst search keeps an Open and a Closedlist of nodes as a� [Nil80, Pea83] but weights nodes by an evaluation function f(n) = g(n) +W � h(n),where g(n) is the accumulated cost, h(n) is the estimated cost to the goal, and W � 1 is a constant.For W = 1, the algorithm is a� and for W 6= 1 it corresponds to the so-called wa� algorithm [Pea83].Higher values of W usually lead to the goal faster but with solutions of lower quality [Kor93]. Indeed,if the heuristic is admissible, the solutions found by wa� are guaranteed not to exceed the optimal costsby more than a factor of W . hsp2 uses the wa� algorithm with the non-admissible heuristic hadd whichis evaluated from scratch in every new state generated. The value of the parameterW is �xed at 5, eventhough values in the range [2; 10] do not make a signi�cant di�erence.6



5.3 ExperimentsIn the experiments below, we assess the performance of the two heuristic search planners, hsp and hsp2,in comparison with two state-of-the-art planners, stan 3.0 [LF99], and blackbox 3.6 [KS99]. hspand hsp2 both perform a forward state-space search guided by the additive heuristic hadd. The �rstperforms an extended hill-climbing search and the later performs a best-�rst search with an evaluationfunction in which the heuristic is multiplied by the constant W = 5. stan and blackbox are bothbased on Graphplan [BF97], but the latter maps the plan graph into a set of clauses that are checkedfor satis�ability. The version of hsp used in the experiments, hsp 1.2, improves the version used in theAIPS98 Contest and the one used in [BG99].For each planner and each planning problem we evaluate whether the planner solves the problem,and if so, the time taken by the planner and the number of actions in the solution. stan and blackboxare optimal parallel planners that minimize the number of time steps but not necessarily the number ofactions. Both planners were run with their default options.The experiments were performed on an Ultra-5 with 128Mb RAM and 2Mb of Cache running Solaris7 at 333Mhz. The exception are the results for blackbox on the Logistics problems that were takenfrom the blackbox distribution as the default options produced much poorer results.7 The domainsconsidered are: Blocks, Logistics, Gripper, 8-Puzzle, Hanoi, and Tire-World. They constitute a rep-resentative sample of di�cult but solvable instances for current planners. Five of the 10 block-worldinstances are of our own [BG99], the rest of the problems are taken from others as noted. A planner issaid not to solve a problem when it either runs out of memory or runs out of time (10 mins). Failure to�nd solutions due either to memory or time constraints are displayed as plans with length �1.All the planners are implemented in C and accept problems in the pddl language (the standardlanguage used in the AIPS98 Contest; [McD98]). Moreover, the planners in the hsp family convertevery problem instance in pddl into a program in C. Generating, compiling, linking, and loading suchprogram takes in the order of 2 seconds. This time is roughly constant for all instances and domains,and is not included in the �gures below.Blocks-WorldThe �rst experiments deal with the blocks world. The blocks world is challenging for domain-independentplanners due to the interactions among subgoals and the size of the state space. The ten instancesconsidered involve from 7 to 19 blocks. Five of these instances are taken from the blackbox distributionand �ve are from [BG99]. The results for this domain are shown in Fig. 1 that displays for each plannerthe length of the solutions on the left, and the time to get those solutions on the right.The lengths produced by stan and blackbox are not necessarily optimal in this domain as thereis some parallelism (e.g., moving blocks among disjoint pairs of towers). This is the reason the lengthsthey report do not always coincide. In any case, the solutions reported by the four planners are roughlyequivalent over instances 1{5, with stan and hsp producing slightly longer solutions for instances 4 and5. Over the more di�cult instances 6{10, the situation changes and only hsp and hsp2 report solutions,with the plans found by hsp2 being shorter. Regarding solution times, the times for hsp and hsp2 areroughly even, and slightly shorter than those for stan and blackbox over the �rst �ve instances. Overthe last �ve instances stan and blackbox run out of memory.LogisticsThe second set of experiments deals with the logistics domain, a domain that involves the transportationof packages by either trucks or airplanes. Trucks can move among locations in the same city, and airplanes7Those results were obtained on a SPARC Ultra 2 with a 296MHz clock and 256M of RAM [BK00].7
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Figure 1: Solution length (left) and time (right) over 10 blocks-world instances.can move between airports in one city to airports in another city. Packages can be loaded and unloadedin trucks and airplanes, and the task is to transport them from their original locations to some targetlocations. This is a highly parallel domain, where many operations can be done in parallel. As a result,plans involve many actions but the number of time steps is usually much smaller. The domain is fromKautz and Selman from an earlier version due to Manuela Veloso. The 30 instances we consider arefrom the blackbox distribution.The results for this domain are shown in Fig. 2; instances 1{15 at the top and instances 16{30 atthe bottom. As before, the number of actions in the plans are reported on the left, times are reportedon the right, and failures to �nd a plan are reported with length �1. Both hsp2 and blackbox solveall 30 instances, hsp2 being roughly two orders of magnitude faster. stan and hsp, on the other, failon 13 and 10 instances respectively. Interestingly, the times reported by stan on the instances it solvestend to be close to those reported by hsp2. On the other instances stan runs out of memory (instances3,16,17,20,22,28) or time (instances 2,6,7,8,9,15,21).GripperThe third set of experiments deals with the Gripper domain used in the AIPS98 Planning Contest anddue to J. Koehler. This is a domain that concerns a robot with two grippers that must transport a setof balls from one room to another. It is very simple for humans to solve but in the Planning Contestproved di�cult to most of the planners. Indeed, the domain is not challenging for specialized solvers,but is challenging for certain types of domain-independent planners.The results over 10 Gripper instances from the AIPS98 Contest are shown in Fig. 3. The plannershsp and hsp2 have no di�culties and compute plans with similar lengths. On the other hand, blackboxsolves the �rst two instances only, and stan the �rst four instances. As shown on the left, the timerequired by both planners grows exponentially and they run out of time over the larger instances. Onthe other hand, hsp and hsp2 scale up smoothly with hsp2 being slightly faster than hsp.One of the reasons for the failure of both stan and blackbox in Gripper is that the heuristicimplicitly represented by the plan graph is a very poor estimator in this domain. As a result, Graphplan-based planners, such as stan and blackbox that perform a form of ida� search must do many iterationsbefore �nding a solution. Actually, the same exponential growth in Gripper occurs also in hsp plannerswhen the heuristic hmax is used in place of the additive heuristic. As before, the problem is that thehmax heuristic is almost useless in this domain where subgoals are mostly independent. The heuristic8
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Figure 2: Solution length (left) and time (right) over 30 Logistics instances from Kautz and Selman
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Figure 3: Solution length (left) and time (right) over 10 gripper instances from AIPS98 Contest9
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Figure 4: Solution length (left) and time (right) over four instances of the 8-Puzzle (1{4) and twoinstances of the 15-Puzzle (5{6)implicit in the plan graph is a re�nement of the hmax heuristic; the relation between Graphplan andheuristic search planning will be analyzed further in Sect. 7.PuzzleThe next problems are four instances of the familiar 8-Puzzle and two instances from the larger 15-Puzzle. Three of the four 8-Puzzle instances are hard as their optimal solutions involves 31 steps, themaximum plan length in such domain. The 15-Puzzle instances are of medium di�culty.As shown in Fig. 4, hsp and stan solve the �rst four instances, and hsp2 solves the �rst �ve. Thesolutions computed by stan are optimal in this domain which is purely serial. The solutions computedby hsp and hsp2, on the other hand, are poorer, and are often twice as long. On the other hand, asshown on the left part of the �gure, hsp2 is two orders of magnitude faster than stan over the di�cult8-Puzzle instances (2{4) and can also solve instance 5. The times for hsp are worse and does not solveinstance 5. blackbox does not solve any of the instances.HanoiFig. 5 shows the results for Hanoi. Instance i has i + 2 disks, thus problems range from 3 disks up to8 disks. Over all these problems hsp2 and stan generate plans of the same quality, hsp2 being slightlyfaster than stan. hsp also solves all instances but the solutions are longer. blackbox solves the �rsttwo instances.Tire-WorldThe Tire-World domain is due to S. Russell and involves operations for �xing 
at tires: opening andclosing the trunk of a car, fetching and putting away tools, loosening and tightening nuts, etc. Fig. 6shows the results. Here both stan and blackbox solve all three instances producing optimal plans.hsp and hsp2 also solve these instances but in some cases they produce inferior solutions. On the timescale, hsp2 is slightly faster than stan, and both are faster than blackbox in one case by two ordersof magnitude. As before, hsp is slower than hsp2 and produces longer solutions.10
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Figure 5: Solution length (left) and time (right) over six Hanoi instances. Instance i has i+ 2 disks.
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Figure 6: Solution length (left) and time (right) over three instances of Tire-World
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5.4 Summary: Forward State PlanningThe experiments above, based on a representative sample of problems, show that the two forwardheuristic search planners hsp and hsp2 are capable of solving the problems solved by two state-of-the-art planners. In addition, in some domains, hsp and in particular hsp2 solve problems that the otherplanners with their default settings do not currently solve. The planner hsp2, based on a standard best�rst search, tends to be faster and more robust than the hill-climbing hsp planner. Thus, the argumentsin [BG99] in support of a hill-climbing strategy based on the slow node generation rate that results fromthe computation of the heuristic in every state do not appear to hold in general. Indeed, the combinationof the additive heuristic hadd and the multiplying constantW > 1 often drive the best-�rst planner to thegoal with as few node evaluations as the hill-climbing planner, already providing the necessary `greedy'bias. An a� search with an admissible and consistent heuristic, on the other hand, is bound to expandall nodes n whose cost f(n) is below the optimal cost. This however does no apply to the wa� strategyused in hsp2.In the experiments the W parameter in hsp2 was set to the constant value 5. Yet hsp2 is notparticularly sensitive to the exact value of this constant. Indeed, in most of the domains, values inthe interval [2; 10] produce similar results. This is likely due to the fact that the heuristic hadd is notadmissible and by itself tends to overestimate the true costs without the need of a multiplying factor.On the other hand, in some domains like Logistics and Gripper, the value W = 1 does not lead tosolutions. This is precisely because in these domains that involve subgoals that are mostly independent,the additive heuristic is not `su�ciently' overestimating. Finally, in problems like the sliding tile puzzles,values ofW closer to 1 produce better solutions in more time, in correspondence with the normal patternobserved in cases in which the heuristic is admissible [Kor93].Fig. 7 shows the e�ects of three di�erent values of W on the quality and times of the solutions, andthe number of nodes generated. The values considered are W = 1, W = 2, and W = 5. The top threecurves that correspond to Hanoi, are typical for most of the other domains and show little e�ect. Thesecond set of curves corresponds to Gripper where hsp2 fails to solve the last six instances for W = 1.Indeed, the two right most curves show an exponential growth in time and the number of generatednodes. In Logistics, hsp2 with W = 1 also fails to solve most of the instances. As noted above, these aretwo domains where subgoals are mostly independent and where the additive heuristic is not su�cientlyoverestimating and hence fails to provide the `greedy bias' necessary to �nd the solutions. Indeed, thestate space in Logistics is very large, while in Gripper it's the branching factor that is large due to the(undetected) symmetries in the problem.The bottom set of curves in Fig. 7 correspond to the Puzzle domain. In this domain, hsp2 withW = 1andW = 2 produce better solutions and in some cases take more time. This probably happens in Puzzlebecause, as in Gripper and Logistics, there is a degree of decomposability in the domain (that's whythe sum of the Manhattan distance works), that makes the additive heuristic behave as an admissibleheuristic in wa�. Unlike Gripper and Logistic, however the branching factor of the problem and the sizeof the state space allow the resulting bfs algorithm to solve the instances even with W = 1. Actually,with W = 1 and W = 2, hsp2 solves the sixth instance of Puzzle which is not solved with W = 5.6 HSPr: Heuristic Regression PlanningA main bottleneck in both hsp and hsp2 is the computation of the heuristic from scratch in every newstate.8 This takes more than 80% of the total time in both planners and makes the node generation ratevery low. Indeed, in a problem like the 15-Puzzle, both planners generate less than a thousand nodes per8The same applies also to McDermott's unpop. 12
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Figure 7: In
uence of value of W in the hsp2 planner on the length of the solutions (left), the timerequired to �nd solutions (center), and number of nodes generated (right). The domains from top tobottom are Hanoi, Gripper, and Puzzle.
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second, while a specialized solver such as [KT96] generates several hundred thousand nodes per secondfor the more complex 24-puzzle. The reason for the low node generation rate is the computation of theheuristic in which the estimated costs gs(p) for all atoms p are computed from scratch in every new states. In [BG99], we noted that this problem could by solved by performing the search backward from thegoal rather than forward from the initial state. In that case, the estimated costs gs0(p) derived for allatoms from the initial state could be used without recomputation for de�ning the heuristic of any state sarising in the backward search. Indeed, the estimated distance from s to s0 is equal to the distance froms0 to s, and this distance can be estimated simply as the sum (or max) of the costs gs0(p) for the atomsp in s. This trick for simplifying the computation of the heuristic and speeding up node generationresults from computing the estimated atom costs from a state s0 which then becomes the target of thesearch. An alternative is to estimate the atom costs from the goal and then perform a forward searchtoward the goal. This is actually the idea in [RV99]. The problem with this latter scheme is that thegoal in planning is not a state but a set of states; namely, the states where the goal atoms hold. Andcomputing the heuristic from a set of states in a principled manner is bound to be more di�cult thancomputing the heuristic from a given state (thus the need to `complete' the goal description in [RV99]).We thus present below a scheme for performing planning as heuristic search that avoids the recom-putation of the atom costs in every new state by computing these costs once from the initial state s0.These costs are then used without recomputation to de�ne an heuristic that is used to guide a regressionsearch from the goal. The bene�t of the search scheme is that node generation will be 6-7 times faster.This will show in the solution of some of the problems considered above such as Logistics and Gripper.However, as we will also see, in many problems the new search scheme does not help, and in severalcases, it actually hurts. We discuss such issues below.6.1 Regression State SpaceWe refer to the planner that searches backward from the goal rather than forward from the initial stateas hspr. Backward search is an old idea in planning that is known as regression search [Nil80, Wel94].In regression search, the states can be thought as sets of subgoals; i.e., the `application' of an action ina goal yields a situation in which the execution of the action achieves the goal. Moreover, while a set ofatoms fp; q; rg in the forward search represents the unique state in which the atoms p, q, and r are trueand all other atoms are false, the same set of atoms in the regression search represents the collection ofstates in which the atoms p, q, and r are true. In particular, the set of goals atoms G, which determinesthe root node of the regression search, stands for the collection of goal states, that is, the states s suchthat G � s.For making precise the nature of the backward search, we will thus de�ne explicitly the state spacebeing searched. We will call it the regression space and de�ne it in analogy to the progression space SPde�ned by S1{S5 above. The regression space RP associated with a Strips problem P = hA;O; I;Gi isgiven by the tuple RP = hS; s0; SG;A(�); f; ci whereR1. the states s are sets of atoms from AR2. the initial state s0 is the goal GR3. the goal states s 2 SG are the states for which s � IR4. the set of actions A(s) applicable in s are the operators op 2 O that are relevant andconsistent; namely, for which Add(op) \ s 6= ; and Del(op) \ s = ;R5. the state s0 = f(a; s) that follows the application of a 2 A(s) is such that s0 = s�Add(a)+Prec(a)R6. the action costs c(a; s) are all 1 14



The solution of this state space is, like the solution of any state model hS; s0; SG;A(�); f; ci, a �nitesequence of actions a0, a1, . . . , an such that for a sequence of states s0, s1, . . . , sn+1, si+1 = f(ai; si),for i = 0; : : : ; n, ai 2 A(si), and sn+1 2 SG. The solution of the progression and regression spaces arerelated in the obvious way; one is the inverse of the other.We use di�erent fonts for referring to states s in the progression space SP and states s in the regressionspace RP . While they are both represented by sets of atoms, they have a di�erent meaning. As we saidabove, the state s = fp; q; rg in the regression space stands for the set of states s, fp; q; rg � s in theprogression space. For this reason, forward and backward search in planning are not symmetric, unlikeforward and backward search in problems like the 15-Puzzle or Rubik's Cube.6.2 HeuristicThe planner hspr searches the regression space R1{R5 using an heuristic based on the additive costestimates gs(p) described in Sect 4. These estimates are computed only once from the initial states0 2 S. The heuristic hadd(s) associated with any state s is then de�ned ashadd(s) =Xp2s gs0(p) (6)While in hsp, the heuristic hadd(s) combines the cost estimates gs(p) of a �xed set of goal atoms computedfrom each state s, in hspr, the heuristic hadd(s) combines the cost estimates of the set of subgoals p ins from a �xed state s0. The heuristic hmax(s) can be de�ned in an analogous way by replacing sums bymaximizations.6.3 MutexesThe regression search often leads to states s that are not reachable from the initial state s0. For example,in the blocks world, the regression of the states = fon(c; d); on(a; b)gthrough the action move(a; d; b) leads to the states0 = fon(c; d); on(a; d); clear(b); clear(a)gThis state represents a situation in which two blocks, c and a are on the same block d. It is simple to showthat such situations are unreachable in the block-worlds given a `normal' initial state. Such unreachablesituations are common in regression planning, and if undetected, cause a lot of useless search. A goodheuristic would assign an in�nite cost to such situations but our heuristics are not as good. Indeed, thebasic assumption underlying both the additive and the max heuristics | that the estimated cost of aset of atoms is a function of the estimated cost of the atoms in the set | is violated in such situations.Indeed, while the cost of each of the atoms on(c; d) and on(a; d) is �nite, the cost of the pair of atomsfon(c; d); on(a; d)g is in�nite. Better heuristics that do not make this assumption and correctly re
ectthe cost of such pairs of atoms have been recently described in [HG00]. Here we follow [BG99] anddevelop a simple mechanism for detecting some pairs of atoms fp; qg such that any state containingthose pairs can be proven to be unreachable from the initial state, and thus can be given an in�niteheuristic value and pruned. The idea is adapted from a similar idea used in Graphplan [BF97] and thuswe call such pairs of unreachable atoms mutually exclusive pairs or mutex pairs. As in Graphplan, thede�nition below is not guaranteed to identify all mutex pairs, and furthermore, it says nothing aboutlarger sets of atoms that are not achievable from s0 but whose proper subsets are.15



A tentative de�nition is to identify a pair of atoms R as a mutex when R is not true in the initialstate s0 and every action that asserts an atom in R deletes the other. This de�nition is sound (it onlyrecognizes pairs of atoms that are not achievable jointly) but is too weak. In particular, it does notrecognize a set of atoms like fon(a; b); on(a; c)g as a mutex, since actions like move(a; d; b) add the �rstatom but do not delete the second.We thus use a di�erent de�nition in which a pair of atoms R is recognized as mutex when theactions that add one of the atoms in R and do not delete the other atom, can guarantee through theirpreconditions that such atom will not be true after the action. To formalize this, we consider sets ofmutexes rather that individual pairs.De�nition 1 A set M of atom pairs is a mutex set given a set of operators O and an initialstate s0 i� for all atoms pairs R = fp; qg in M1. R is not true in s0,2. for every op 2 O that adds p, either op deletes q, or op does not add q and for someprecondition r of op, R0 = fr; qg is a pair in M .It is simple to verify that if a pair of atoms R belongs to a mutex set, then the atoms in R arereally mutually exclusive, i.e., not achievable from the initial state given the available operators. Alsoif M1 and M2 are two mutex sets, M1 [M2 will be a mutex set as well, and hence according to thisde�nition, there is a single largest mutex set. Rather than computing this set, however, that is di�cult,we compute an approximation as follows.We say that a pair R0 is a `bad pair' in M when R0 does not comply with one of the conditions 1{2above. The procedure for constructing a mutex set starts with a set of pairs M := M0 and iterativelyremoves all bad pairs from M until no bad pair remains. The initial set M0 of `potential' mutexes canbe chosen in a number of ways. In all cases, the result of this procedure is a mutex set M such thatM �M0. One possibility is to set M0 to the set of all pairs of atoms. In [BG99], to avoid the overheadinvolved in dealing with the N2=2 pairs of atoms and many useless mutexes, we chose a smaller set M0of potential mutexes that turns out to be adequate for many domains. Such set M0 was de�ned as theunion of the sets MA and MB where� MA is the set of pairs P = fp; qg such that some action adds p and deletes q,� MB is the set of pairs P = fr; qg such that for some pair P 0 = fp; qg in MA and someaction a, r 2 Prec(a) and p 2 Add(a)The structure of this de�nition mirrors the structure of the de�nition of mutex sets.A mutex in hspr refers to a pair in the set M� obtained from the set M0 =MA+MB by sequentiallyremoving all `bad' pairs. Like the analogous de�nition in Graphplan, the set M� does not capture allactual mutexes, yet it can be computed fast, and in many of the domains we have considered appearsto prune the obvious unreachable states. A di�erence with Graphplan is that this de�nition identi�esstructural mutexes while Graphplan identi�es time-dependent mutexes. These two sets overlap, but eachcontains pairs the other does not. They are used in di�erent ways in Graphplan and hspr. For example,in the complete TSP domain [LF99], pairs like hat(city1); at(city2)i would be recognized as a mutex bythis de�nition but not by Graphplan, as the actions of going to di�erent cities are not mutually exclusivefor Graphplan.99Yet see [LF00] for using Graphplan to identify some structural mutexes.
16



40

50

60

70

80

90

100

16 17 18 19 20 21 22 23 24 25 26 27 28 29 30

st
ep

s

Problem

Plan length for HSP2/HSPr in Logistics (16-30)

HSP2
HSPr

100

1000

10000

100000

16 17 18 19 20 21 22 23 24 25 26 27 28 29 30
m

ill
is

ec
on

ds
Problem

Time for HSP2/HSPr in Logistics (16-30)

100

1000

10000

100000

16 17 18 19 20 21 22 23 24 25 26 27 28 29 30

m
ill

is
ec

on
ds

Problem

Nodes generated for HSP2/HSPr in Logistics (16-30)

Figure 8: Comparison between hspr vs hsp2 over Logistics instances 16{30. Curves show solution length(left), time (center), and number of nodes generated (right).6.4 AlgorithmThe planner hspr uses the additive heuristic hadd and the mutex set M� to guide a regression searchfrom the goal. The additive heuristic is obtained from the estimated costs gs0(p) computed once for allatoms p from the initial state s0. The mutex set M� is used to `patch' the heuristic: states s arisingin the search that contain a pair in M� get an in�nite cost and are pruned. The algorithm used forsearching the regression space is the same as the ones used in hsp2: a wa� algorithm with the constantW set to 5. Here we depart from the description of hspr in [BG99] where the wa� algorithm was givena `greedy' bias. As above, we stick to a pure bfs algorithm. The set of experiments below cover moredomains than those in [BG99] and will help us to assess better the strengths and limitations of regressionheuristic planning in relation to forward heuristic planning.6.5 ExperimentsIn the experiments, we compare the regression planner hspr with the forward planner hsp2. Both arebased on a wa� search and both use the same additive heuristic (in the case of hspr, patched withthe mutex information). hspr avoids the recomputation of the atom costs in every state, and thuscomputes the heuristic faster and can explore more nodes in the same time. As we will see, this helps insome domains. However, in other domains, hspr is not more powerful than hsp2, and in some domainshspr is actually weaker. This is due to two reasons: �rst, the additional information obtained by therecomputation of the atom costs in every state sometimes pays o�, and second, the regression searchoften generates spurious states that are not recognized as such by the mutex mechanism and cause a lotof useless search. These problems are not signi�cant in the two domains considered in [BG99] but aresigni�cant in other domains.LogisticsFig. 8 shows the results of the two planners hspr and hsp2 over the Logistics instances 16{30. Thecurves show the length of the solutions (left), the time required to �nd the solutions (center), and thenumber of generated nodes (right). It is interesting to see that hspr generates more nodes than hsp2and yet it takes roughly four times less time than hsp2 to solve the problems. This follows from thefaster evaluation of the heuristic. On the other hand, the plans found by hspr are often longer thanthose found by hsp2. Similar results obtain for the logistics instances that are not shown in the �gure.17
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Figure 9: Comparison between hspr vs hsp2 over Gripper instances. Curves show solution length (left),solution (center), and number of nodes generated (right)GripperAs shown in Fig. 9, a similar pattern arises in Gripper. Here hspr generates slightly less nodes thanhsp2, but since it generates nodes faster, the time gap between the two planner gets larger as the sizeof the problems grows. In this case, the solutions found by hspr are uniformly better than the solutionsfound by hsp2, and this di�erence grows with the size of the problems.hspr is also stronger than hsp2 in Puzzle where, unlike hsp2 (with W = 5) solves the last instancein the set (a 15-Puzzle instance). However, for the other three domains hspr does not improve on hsp2,and indeed, in two of these domains (Hanoi and Tire-World) it does signi�catively worse.Hanoi and Tire-WorldThe results for Hanoi are shown in Fig. 10. hspr solves the �rst three instances (up to 5 disks), butit does not solve the other three. Indeed, as it can be seen, in the �rst three instances the time to�nd the solutions and the number of nodes generated grow much faster in hspr than in hsp2. Thesame situation arises in the Tire-World where hsp2 solves all three instances and hspr solves only the�rst one. The problems, as we mentioned above, are two: spurious states generated in the regressionsearch that are not detected by the mutex mechanisms, and the lack of the `feedback' provided by therecomputation of the atom costs in every state. Indeed, errors in the estimated costs of atoms in hsp2can be corrected when they are recomputed; in hspr, on the other hand, they are never recomputed. Sothe recomputation of these costs has two e�ects, one that is bad (time overhead) and one that is good(additional information). In domains where subgoals interact in complex ways, the idea of a forwardsearch in which atom costs are recomputed in every state as implemented in hsp2 will probably makesense; on the other hand, in domains where the additive heuristic is adequate, the backward search withno recomputations as implemented in hspr can be more e�cient.The results for the hspr and hsp2 planners in the Tire-World show the same pattern as Hanoi. Indeed,hspr solves just the �rst instance, while hsp2 solves the three instances. As we show below, however,part of the problem in this domain has to do with the spurious states generated in the regression search.6.6 Improved Mutex ComputationThe procedure used in hspr to identify mutexes starts with a set M0 of potential mutexes and thenremoves the `bad' pairs from M0 until no `bad' pair remains. A problem we have detected with thede�nition in [BG99], which we have used here, is that the set of potential mutexes M0 sometimes is not18
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Figure 10: Comparison between hspr vs hsp2 over Hanoi. Curves show solution length (left), solution(center), and number of nodes generated (right). Instance i has i+ 2 disks.large enough and hence useful mutexes are lost. Indeed, we performed experiments in which M0 is setto the collection of all atom pairs, and the same procedure is applied to this set until no `bad' pairsremains. In most of the domains, this change didn't yield a di�erent behavior. However, there weretwo exceptions. While hspr solved only the �rst instance of the Tire-World, hspr using the extendedset of potential mutexes solved the three instances. This shows that in this case hspr was a�ected bythe problem of spurious states. On the other hand, in problems like logistics, the new set M0 leads toa much larger set of mutexes M� that are not as useful and yet have to be checked in all the statesgenerated. This slows down node generation with no compensating gain thus making hspr several timesslower. The corresponding curves are shown in Fig. 11, where `mutex-1' and `mutex-2' correspond tothe original and extended de�nition of the set M0 of potential mutexes. Since, the bene�ts appear to bemore important than the loses, the extended de�nition seems worthwhile and we will make it the defaultoption in the next version of hspr. However, since for the reasons above, the new mechanism is notcomplete either, the problem caused by the presence of spurious states in regression planning remainsopen.106.7 Additional Issues in Heuristic Regression PlanningAdditive vs. Max Heuristic. While we de�ned two heuristics, the additive heuristic hadd and themax heuristic hmax, we have used only the additive heuristic. The intuition underlying this choice isthat the additive heuristic is more informed as it takes into account all subgoals, while the max heuristiconly focuses on the subgoals that are perceived as most costly. In order to test this intuition we ranhspr over all the domains with the additive heuristic and the max heuristic. In problems that involvemany independent subgoals such as Gripper and Logistics, the max heuristic is almost useless and veryfew instances are solved. On the other hand, in problem that involve more complex interactions amonggoals such as Hanoi and Tire-World, the heuristic hmax does slightly better than hadd, and indeed, inTire-World it solves the second instance that hadd does not solve (within hspr). Finally in Blocks Worldand Puzzle where there is a certain degree of decomposability, the hmax heuristic is worse than the haddheuristic but still manages to solve roughly the same set of instances taking more time.In summary, the additive heuristic yields a better behavior in hspr than the max heuristic, but thisdoes not mean that the max heuristic is useless. The heuristic used implicitly in Graphplan is as are�nement of the hmax heuristic, as is the family of higher-order heuristic formulated in [HG00]. We10As noted in [BF97], the problem of detecting all mutexes, and even only all mutex pairs, is as hard as the plan existenceproblem. For other work addressing the derivation of invariants from planning theories; see [GS98, Rin98].19
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Figure 11: Impact of original vs. extended de�nition of the set M0 of potential mutexes in Tire-Worldand Logisticswill say more about those heuristics below.Greedy Best-First Search. The algorithm used in the version of the hspr planner presented in [BG99]uses the same wa� algorithm but with the following variation: when some of the children of the lastexpanded node improve the heuristic value of the parent, the best such child is selected for expansioneven if such node is not a least cost node in the Open list. The idea is to provide an additional greedybias in the search. This modi�cation helps in some instances and in general does not appear to hurt,yet the boost in performance across a large set of domains is small. For this reason, we have droppedthis feature from hspr which is now a pure bfs regression planner.Branching Factor. A common argument for performing regression search rather than forward searchin planning has been based on considerations related to the branching factors of the two spaces [Nil80,Wel94]. We have measured the forward and backward branching factor in all the domains and foundthat they vary a lot from instance to instance. For example, the forward branching factor in the BlocksWorld instances ranges from 16:83 to 84:62, while the backward branching factor ranges from 4:73 to12:15. In Logistics, the forward branching factor ranges from 7:89 to 37:91, while the backward factorranges from 9:68 to 25:80. In problems like Puzzle and Hanoi, the average branching factors are roughlyconstant over the di�erent instances, and are similar in both directions.We have found, however, that the performance of the two planners, hsp2 and hspr, on the sameproblem is not in direct correspondence with the size of the forward and backward branching factors.For example, while for each blocks-world instance the average branching factor in hspr is less thanhalf the one in hsp2, and moreover the �rst planner generates nodes 6-7 times faster on average thanthe second, hspr is not better than hsp2 in blocks world. On the other hand, in logistics, where theaverage branching factor in hsp2 is often smaller than the one in hspr, hspr does better. Thus whileconsiderations related to the branching factor of the forward and backward spaces are relevant to the20



performance of planners, they are not the only or most important consideration. As we mentioned, twoconsiderations that are relevant for explaining the performance of hspr in relation to hsp2 are the qualityof the heuristic (which in hsp2 is recomputed in every state), and the presence of spurious states in theregression search (that do not arise in the forward search). This last problem, however, could be solvedby the formulation of better planning heuristics in which the cost of a set of atoms is not de�ned interms of the costs of the individual atoms in the set as in the hadd and hmax heuristics. Such heuristicsare considered in [HG00] and are brie
y discussed below.7 Related Work7.1 Heuristic Search PlanningThe idea of extracting heuristics from declarative problem representations in planning has been proposedrecently by McDermott [McD96] and by Bonet, Loerincs, and Ge�ner [BLG97]. In [BLG97], the heuristicis used to guide a real-time planner based on the lrta� algorithm [Kor90], while in [McD96], the heuristicis used to guide a limited discrepancy search [HG95]. The heuristics in both cases are similar, eventhough the formulation and the algorithms used for computing them are di�erent. The performance ofMcDermott's unpop, however, does not appear to be competitive with the type of planners discussed inthis paper. This may be due to the fact that it is written in Lisp and deals with variables and matchingoperations at run-time. Most current planners, including those reported in this paper, are written in Cand deal with grounded operators only. On the other hand, while most of these planners are restrictedto small variations of the Strips language, unpop deals with the more expressive adl [Ped89].The idea of performing a regression search from the goal for avoiding the recomputation of the atomcosts was presented in [BG99] where the hspr planner was introduced. The version of hspr consideredhere, unlike the version reported in [BG99], is based on a pure bfs algorithm. Likewise, the pure bfsforward planner that we have called hsp2, hasn't been discussed elsewhere. hsp2 is the simplest, and asthe experiments have illustrated, it is also the most solid planner in the hsp family.Two advantages of forward planners over regression planners is that the former do not generatespurious states and they often bene�t from the additional information obtained by the recomputation ofthe atom costs in every state. Mutex mechanisms such as those used by hspr and Graphplan can prunesome of spurious states in some problems, but they cannot be complete.The idea of combining a forward propagation from s0 to compute all atom costs and a backwardsearch from the goal for avoiding the recomputation of these costs appears in reverse form in [RV99].Refanidis and Vlahavas compute cost estimates by a backward propagation from the goal and then usethose estimates to perform a forward state-space search from the initial state. In addition, they computethe heuristic in a di�erent way so they get more accurate estimates.7.2 Derivation of HeuristicsThe non-admissible heuristic hadd used in hsp is derived as an approximation of the optimal cost functionof a relaxed problem where deletes lists are ignored. This formulation has two obvious problems. First,the approximation is not very good as it ignores the positive interactions among subgoals that can makeone goal simpler after a second one has been achieved (this results in the heuristic being non-admissible).Second, the relaxation is not good as it ignores the negative interactions among subgoals that are lostwhen delete lists are discarded. These two problems are addressed in the heuristic proposed by Refanidisand Vlahavas [RV99] but their heuristic is still non-admissible and does not have clear justi�cation.A di�erent approach for addressing these limitations has been reported recently in [HG00]. Whilethe idea of the hmax heuristic presented in Sect. 4 is to approximate the cost of a set of atoms by the cost21



of the most costly atom in the set, the idea in [HG00] is to approximate the cost of a set of atoms by thecost of the the most costly atom pair in the set. The resulting heuristic, called h2 is admissible and moreinformative than the hmax heuristic, and can be computed reasonably fast. Indeed, in [HG00] the h2heuristic is used in the context of an ida� search to compute optimal plans. Higher order heuristics hmin which the cost of sets of atoms is approximated by the most costly subset of size m are also discused.Such higher-order heuristics may prove useful in problems in which subgoals interact in complex ways.The derivation of admissible heuristics by the consideration of relaxed models has a long historyin AI. Indeed, the Manhattan distance heuristic in sliding tile puzzles is normally explained in termsof the solution of a relaxed problem in which tiles can move to any neighboring position [Pea83]. Asimilar relaxation is used to explain the Minimum Spanning Tree heuristic used for solving the TravelingSalesman Problem. Moreover, in [Pea83], these relaxations are shown to follow from simpli�cations insuitable Strips encodings, and in particular the Manhattan heuristic is derived by ignoring some actionpreconditions.The idea of deriving heuristics from suitable relaxations is a powerful idea. However, it is often toogeneral to provide practical guidance in the formulation of concrete heuristics for speci�c problems. In-deed, the idea of dropping action preconditions from Strips encodings is guaranteed to lead to admissibleheuristics but computing such heuristics can be as hard as solving the original problem. Indeed, unlesswe remove all preconditions the class of `relaxed' planning problems is still intractable. In this paper, wehave used a di�erent relaxation in which delete lists are removed. While, the resulting problem is stillintractable, its optimal cost can be approximated by the methods discussed in Sect. 4. It'd be interestingto see if useful heuristics for planning could be obtained by polynomial approximations that simplifythe preconditions rather than the action delete lists. The scheme for deriving admissible heuristics from[HG00] can actually be seen from this perspective.The automatic derivations of useful admissible heuristics has also been tackled by Prieditis [Pri93].Prieditis' scheme is based on a set of transformations that generate a large space of relaxations givenproblems expressed in a version of Strips. This space is then searched for relaxations that produceheuristics that speed up the search in the original problem. He shows that a number of interestingheuristics can be identi�ed in this way. Our work departs from this in that we stick to one particulartype of relaxation for all problems. However, an scheme like Prieditis' could be used as an o�-line learningcomponent of heuristic search planners that could tune the type of heuristic for the given domain.A more recent scheme for deriving heuristics is based on the notion of pattern databases developed byCulberson and Schae�er [CS98] and used by Korf for �nding optimal solutions to Rubik's Cube [Kor98].In a problem like the 15-Puzzle, a pattern database can be understood as a table that contains theoptimal costs associated with a relaxed (abstracted) state model in which the location of a certain setof tiles are ignored. Since the relaxed state model can have a much smaller size than the original statemodel, it can be solved optimally by blind search (e.g., breadth-�rst search). Then the heuristic h(s) ofa state s can be obtained by taking the distance from the projection of s to the projection of the goalG in the relaxed state model. If there are several pattern databases, the maximum of these distances istaken instead. The idea of pattern databases is powerful but is not completely general. Indeed, the sizeof the relaxed state model that arises in planning problems when the values of certain state-variablesare ignored, is not necessarily smaller than the size of the original problem ([HH99] mentions the caseof the blocks world). However, the idea applies very well to permutation problems such as sliding tilepuzzles and Rubik's cube, and may have application in many planning domains.Korf and Taylor [KT96] also sketch a theory of heuristics that may have application in domain-independent planning. In the sliding tile puzzles, their idea is to solve a number of `relaxed' problems inwhich we only care about disjoint subsets of tiles and in each case we only count the moves of the tilesselected. Then the addition of such counts provides an admissible heuristic for the original problem.As in the case of pattern databases, each of the relaxed problems involves a smaller state model that22



can be solved by brute force methods. Also as for pattern databases, the approach seems applicable topermutation problems but not to arbitrary planning problems. In particular, it's not clear how to applythese ideas to a problem like blocks world.7.3 Heuristic Regression Planning and GraphplanThe operation of the regression planner hspr consists of two phases. In the �rst, a forward propagationis used to estimate the costs of all atoms from the initial state s0, and in the second, a regression search isperformed using those measures. These two phases are in correspondence with the two operation phasesin Graphplan [BF97] where a plan graph is built forward in a �rst phase, and is searched backward forplans in the second. The two planners are also related in the use of mutexes, and idea that hspr borrowsfrom Graphplan. For the rest, hspr and Graphplan look quite di�erent. However, Graphplan can also beunderstood as an heuristic search planner with a precise heuristic function and search algorithm. Fromthis point of view, the main innovation in Graphplan is the implementation of the search that takesadvantage of the plan graph and is quite e�cient, and the derivation of the heuristic that makes useof the mutex information. More precisely, from the perspective of heuristic search planning, the mainfeatures of Graphplan can be understood as follows:1. Plan Graph: The plan graph encodes an admissible heuristic hG where hG(s) = j i� j is theindex of the �rst level in the graph that includes s without a mutex and in which s is not memoized(memoizations are updates on the heuristic function; see 4). The heuristic hG is a re�ned version ofthe hmax heuristic discussed in Sect. 4, and is closely related to the family of admissible heuristicsformulated in [HG00].112. Mutex: Mutexes are used to prune states in the regression search (as in hspr) and to re�ne theheuristic hmax. In particular, the cost of a set of atoms C is no longer given by the cost of themost costly atom in the set when in the �rst layer that contains C, C occurs with a mutex.3. Algorithm: The search algorithm is a version of Iterative Deepening a� (ida�) [Kor85], where thesum of the accumulated cost g(n) and the estimated cost hG(n) is used to prune nodes n whosecost exceed the current threshold. Actually Graphplan never generates such nodes. The algorithmtakes advantage of the information stored in the plan graph and converts the search in a `solutionextraction' procedure.4. Memoization: Memoizations are updates on the heuristic function hG (see 1). The resultingalgorithm is a memory-extended version of ida� that closely corresponds to the mrec algorithm[SB89]. In mrec, the heuristic of a node n is updated and stored in a hash-table after the searchbelow the children of n completes without a solution (given the current threshold).5. Parallelism: Graphplan, unlike hspr, searches a parallel regression space. While the branchingfactor in this search can be very high, Graphplan makes smart use of the information in thegraph to generate only the children that are `relevant' and whose cost does not exceed the currentthreshold. The branching rule used in Graphplan is made explicit in [HG00].In [HG00] Graphplan is compared with a pure ida� planner based on an admissible heuristic equiva-lent to Graphplan's hG. In sequential domains the planners have a similar performance, but on paralleldomains, Graphplan is more than an order-of-magnitude faster due to the more e�cient ida� searcha�orded by the plan graph. The plan graph, however, restricts Graphplan to ida� searches, and itcannot be easily adapted to best-�rst searches or wida� searches [Kor93] unless one abandons the ideaof search as solution extraction; see [KN00].11The hG heuristic is extracted from the plan graph and used to guide an explicit search in [NK00].23



8 ConclusionsWe have presented a formulation of planning as heuristic search and have shown that simple state-spacesearch algorithms guided by a general domain-independent heuristic produce a family of planners that arecompetitive with some of the best current planners. We have also explored a number of variations, suchas reversing the direction of the search for accelerating node evaluation, and extracting information aboutpropositional invariants for avoiding dead-ends. The planner that showed the most solid performance,however, was the simplest planner, hsp2, based on a best-�rst forward search, in which atom costs arerecomputed from scratch in every state.Heuristic search planners are related to specialized problem solvers but di�er from them in the use ofa general declarative language for stating problems and a general mechanism for extracting heuristics.Planners must o�er good modeling language for expressing problems in a convenient way, and generalsolvers for operating on those representations and producing e�cient solutions.A concrete challenge for the future is to reduce the gap in performance between heuristic searchplanners and specialized problem solvers in domains like the 24-puzzle [KT96], Rubik's cube [Kor98],and Sokoban [JS99]. In addition, for planners to be more applicable to real problems, it is necessarythat they handle aspects such as non-boolean variables, action durations, and parallel actions. Plannersshould be able to accommodate a rich class of scheduling problems, yet very few planners currentlyhave such capabilities, and even fewer if any can compete with specialized solvers. Three issues that webelieve must be addressed in order to make heuristic search planners more general and more powerfulare the ones discussed below.� Heuristics: the heuristics hadd and hmax considered in this paper are poor estimators, and cannotcompete with specialized heuristics. The heuristic hG used in Graphplan is better than hmax butit is not good enough for problems like Rubik's Cube or the 24-puzzle where subgoals interact incomplex ways. In [HG00], a class of admissible heuristics hm are formulated in which the cost ofa set of atoms C is approximated by the cost of the mostly costly subset of size m. For m = 1,hm reduces to the hmax heuristic, and for m = 2, hm reduces to the Graphplan heuristic. Higherorder heuristics for m > 2, may prove e�ective in complex problems such as the 24-puzzle andRubik's cube, and they may actually be competitive with the specialized heuristics used for thoseproblems [KT96, Kor98]. As mentioned in [HG00], the challenge is to compute such heuristicsreasonably fast, and to use them with little overhead at run time. Such higher-order heuristics arerelated to pattern databases [CS98], but they are applicable to all planning problems and not onlyto permutation problems.� Branching rules: in highly parallel domains like rockets and logistics, sat approaches appear toperform best among optimal parallel planners. This may be due to the branching scheme used. Insat formulations, the space is explored by setting the value of any variable at any time point, andthen considering each of the resulting state partitions separately. In Graphplan and in heuristicsearch approaches, the splitting is done by applying all possible actions. Yet alternative branchingschemes, are common in heuristic branch-and-bound search procedures [LRK85], in particular,in scheduling applications [CP89]. Work on parallel planning, in particular involving actions ofdi�erent durations, would most likely require such alternative branching schemes.� Modeling Languages: all the planners discussed in this paper are Strips planners. Yet few realproblems can actually be encoded e�ciently in Strips. This has motivated the development ofextensions such as adl [Ped89] and Functional Strips [Gef99]. From the point of view of heuristicsearch planning, the issue becomes the derivation of good heuristics from such richer languages.The ideas considered in this paper do not carry directly to such languages but it seems that itshould be possible to exploit the richer representations for extracting better heuristics.24
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