
Avoiding Pitfalls in Case-based Planning�Jana KoehlerGerman Research Center for Arti�cial Intelligence (DFKI)Stuhlsatzenhausweg 3,D-66123 Saarbr�ucken, Germanye-mail: koehler@dfki.uni-sb.deAbstractCase-based planning is considered as a valuabletool for improving e�ciency in planning by reuseand modi�cation of existing plans. In this paper,the results of an empirical study are discussed inwhich several factors in
uencing case-based plan-ning are investigated. The results demonstraterelative e�ciency gains or losses caused by di�er-ent re�tting strategies, di�erent types of plans ortypical properties of the application domain andidentify possible pitfalls for case-based planning.IntroductionRecently, several complexity theoretic studies havebeen performed investigating worst and average cas-es. The comparative worst-case complexity analysisof generation and reuse under di�erent assumptionsreveals that it is not possible to prove an e�ciencygain of reuse over generation (Nebel & Koehler 1993a;1993b). The average case analysis shows that planmodi�cation can be more e�cient than plan generationunder very restrictive assumptions (Bylander 1993).Nevertheless, the two results raise the need for fur-ther investigations both theoretically and empirical-ly. While �rst attempts for an empirical evaluationhave already been made in the literature (Kambham-pati & Hendler 1992; Hanks & Weld 1992; Veloso 1992;Bhansali & Harandi 1991), a systematic investigationof factors in
uencing case-based planners has not yetbeen performed.In this paper, we propose to test case-based plannerson the following in
uence factors and discuss some se-lected results that are obtained from an empirical anal-ysis of the case-based planner mrl:� Underlying generative planning system: E�-ciency gains of plan reuse are measured relative tothe e�ort spent on solving the same problem by plan-ning from scratch, i.e., the e�ciency of the underly-ing planning system in
uences the savings we canexpect to obtain by case-based planning.�This paper has been published in the Proceedings ofthe 2nd International Conference on Arti�cial IntelligencePlanning Systems, Ed. by K. Hammond, pages 104-109,AAAI Press, Menlo Park, 1994.

� Similarity of planning problems: The e�ort thathas to be spent on plan re�tting/adaptation is ex-pected to depend on the structural similarity be-tween the reuse candidate and the required solution.The more similar the reuse candidate is already tothe desired plan, the less re�tting e�ort is requiredand the better e�ciency gains seem to be achievable.� Application domain: Properties of the applica-tion domain can probably render reuse and modi�-cation more or less di�cult leading to a di�erent be-havior of the same system in di�erent domains. Thederivation of general criteria that support the char-acterization of domains is a necessary prerequisiteto determine the range of applicability for variouscase-based reasoning techniques.� Flexibility of re�tting strategies: Several strate-gies to correctly re�t/adapt a reuse candidate to thedesired plan have been presented in the literature.Usually, these strategies are composed of variousatomic operations like instantiation, deletion, inser-tion or reordering of operators, but it is not knownto which extent the 
exibility of re�tting operationsin
uences the e�ciency of case-based planning.� Complexity of plans: Plan modi�cation is sup-posed to become more di�cult when the complexityof plans increases. One measure of complexity weanalyze is the di�erent control structures that areallowed to occur in plans, as for example sequentialcomposition (plan1 ; plan2), case analysis (if condthen plan1 else plan2) and iteration (while conddo plan).� Size and structure of the plan library: Theretrieval of a good plan from a plan library is iden-ti�ed as a serious bottleneck for case-based plannersin (Nebel & Koehler 1993b). Consequently, empiri-cal factors in
uencing the e�ciency of retrieval andupdate procedures have to be identi�ed in order todraw conclusions for an e�cient and theoreticallywell-founded implementation of the plan library.� Interaction of phases during plan reuse: Thereuse process proceeds in several phases. First, areuse candidate has to be retrieved from the planlibrary, then the candidate is matched against the



current planning problem and �nally the candidateis re�tted. Plan reuse leads to e�ciency gains ift(retrieval) + t(matching) + t(re�tting)� t(planning from scratch)holds. Therefore, the total e�ort for plan reuse in-cluding the interaction of the various phases has tobe contrasted with planning from scratch.In the following, we can only discuss some of theresults and concentrate therefore on the factors� underlying planner,� complexity of plans,� re�tting strategy,� application domain.In the empirical study, we are interested in relativee�ciency gains or losses that are caused by the in
u-ence factors. The System MRLmrl extends the deductive planning system phi (Biun-do, Dengler, & Koehler 1992; Bauer et al. 1993) withthe ability to reuse and modify plans. Plan generationin phi is based on constructive proofs of plan speci�-cations in the temporal logic LLP (Biundo & Dengler1994). LLP provides among others the modal operator} (sometimes) and the binary modal operator ; (chop)which expresses the sequential composition of formu-lae. In using the logic LLP in a planning system it be-comes possible to specify temporary goals with the helpof nested sometimes operators, i.e., goals that have tobe achieved at some point and not necessarily in the�nal state. Furthermore, universally quanti�ed, con-junctive, and disjunctive goals and preconditions canbe speci�ed in LLP.The example application domain of phi is the UNIXmail domain where objects likemessages andmailboxesare manipulated by actions like read, delete, and save.Furthermore, a simple blocks world taken from the spasystem (Hanks &Weld 1992) has been implemented fortest purposes.Planwhile 1 ^ open flag(mbox) = T ^8x [sender(msg(x;mbox)) = joe! delete flag(msg(x;mbox)) = F ]!}[screen display = msgs sender(joe;mbox) ^}[screen display = all folders(mbox) ^}[8x [sender(msg(x;mbox)) = joe! read flag(msg(x;mbox)) = T ^save file(msg(x;mbox)) = y ^delete flag(msg(x;mbox)) = T ] ^}open flag(mbox) = F ] ] ]Figure 1: Speci�cation of the iterative Plan while 1Plans are generated by constructively proving planspeci�cation formulae

Plan ^ pre ! goalswhich describe the properties of the desired plan: ifPlan is carried out in a situation where the precondi-tions pre hold then the goals will be achieved. Dur-ing the proof, the planvariable Plan is replaced by aplan(formula) satisfying the formal plan speci�cation.Figure 1 shows the speci�cation of an iterative planthat reads, saves and deletes all messages from a senderJoe in the mailbox mbox.Plans are represented by a certain class of LLP for-mulae. They may contain, e.g., basic actions whichare expressed by the execute predicate ex, and controlstructures like case analysis and iteration. A plan thatis generated by phi and that satis�es the speci�cationfrom Figure 1 is shown in Figure 2.ex(from(joe;mbox)) ; ex(folders(mbox)) ;n := 1 ;while n < length(mbox) doif sender(msg(n;mbox)) = joethen ex(type(n;mbox)) ; ex(save(n; y;mbox)) ;ex(delete(n;mbox))else ex(empty action) ;n := n+ 1 od ;ex(quit(system mbox))Figure 2: The iterative Plan while 1The empirical results in this paper are obtained bytesting a population of problems that is representa-tive of the example application domain. They are il-lustrated with the help of the selected example planswhile 1, while 2, and if 1. The plan while 2 is a sub-plan of while 1 only reading all messages from senderJoe, while the plan if 1 is the conditional plan shownin Figure 3.if open flag(mbox) = T ^delete flag(msg(m;mbox)) = Fthen ex(type(m;mbox)) ; ex(folders(mbox)) ;ex(delete(m;mbox))else if open flag(mbox) = T ^delete flag(msg(m;mbox)) = Tthen ex(undelete(m;mbox)) ; ex(type(m;mbox)) ;ex(folders(mbox)) ; ex(delete(m;mbox))else ex(mail(mbox)) ; ex(type(m;mbox)) ;ex(folders(mbox)) ; ex(delete(m;mbox))Figure 3: The plan if 1Figure 4 displays the performance of the underlyinggenerative planner phi1 for the generation of sequentialplans containing one up to eight actions in the maildomain and the simple blocks world.1phi and mrl are implemented in SICSTUS Prolog andrun on a Solbourne Sparc Station.



The e�ciency of phi results from the use of prooftactics, which implement a very e�cient search strate-gy. The tactics prune the search space by guiding theplanning process in a strictly goal-oriented way (Biun-do & Dengler 1994).
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71 3 5 6 84Figure 4: The underlying generative Planner PHICase-based planning by the mrl system is based ona logical formalization of the reuse process includingthe modi�cation, representation and retrieval of plans.Plan modi�cation in mrl proceeds in two phases:The matching of the reuse candidate against the cur-rent planning problem is done deductively by provingrelations between initial states and goal states. There�tting of the plan starts by constructing a plan skele-ton from the reused plan depending on the result of thematching process. The plan skeleton is extended to acorrect plan by a constructive proof of the plan speci�-cation formula which is instantiated with this skeleton(Koehler 1994c; 1994b).The plan library is represented in a hybrid formalismlinking the planning logic with a terminological logic.Information about plans is stored in so-called plan en-tries using the logic LLP. Each plan entry possesses anindex which determines its position in the hierarchi-cally structured plan library. Indices are constructedfrom formal plan speci�cations by mapping these LLPformulae to concept descriptions in a terminologicallogic. Thus, retrieval of reuse candidates from the planlibrary is grounded on concept classi�cation (Koehler1994a). Complexity of PlansThe �rst experiment studies the in
uence of the com-plexity of a plan, i.e., the amount of control structuresoccurring in it. While existing case-based plannershave been restricted to deal with sequential plans, mrlis also able to automatically reuse and modify condi-tional and iterative plans that are generated by the phiplanner:� Conditional plans are generated by performing caseanalyses.� Iterative plans are generated by performing induc-tive proofs.

mrl ensures that modi�ed plans are correct by per-forming plan re�tting deductively as an interleavedprocess of plan veri�cation and plan generation. Planveri�cation is grounded on a replay of the proof pro-cess.The e�ort necessary for plan re�tting can be dividedinto two parts. First, the e�ort spent on the re�ttingof control structures and second, the e�ort spent onthe re�tting of the basic actions occurring in the plan.re�tting = control structures + basic actionsTable 1 shows how di�erent control structures in
u-ence the division of the re�tting e�ort.Relative Re�tting E�ortPlan Type Control Structure Basic Actionsequential low highconditional medium mediumiterative high lowTable 1: Division of Re�tting E�ort for Plan TypesIf plans with control structures are re�tted, e.g., weinsert operators into a plan inside a while-loop, theinductive proof that has led to this while-loop mustbe replayed in order to verify the correctness of there�tted plan. The replay of a proof does only lead tomarginal e�ciency gains because all steps of the proofare repeated. Thus, e�ciency gains during re�ttingcome mainly from the reuse of basic actions.Note that the time for plan modi�cation comprisesthe e�ort spent on plan matching, skeleton plan con-struction as well as on plan re�tting. This means, thesavings obtained during plan re�tting must at leastcompensate the e�ort spent on plan matching andskeleton plan construction in order to make plan mod-i�cation more e�cient than plan generation.The modi�cation of sequential plans in mrl is usu-ally more e�cient than the generation from scratch.Only minimal e�ort has to be spent on the veri�ca-tion of sequential control structures and the savingsfrom the reuse of basic actions compensate the e�ortfor plan matching and skeleton plan construction. Thisresult also holds for the whole reuse process includingthe retrieval e�ort.As for plans with control structures di�erent re-sults are obtained: The costs for the replay of proofsthat verify conditional and iterative control structuresmainly determine the re�tting costs. The savings thatare obtained by a reuse of basic actions are marginalwhen compared to these costs. This makes plan re-�tting in many cases nearly as expensive as planningfrom scratch. If we now consider the additional costsfor matching and skeleton plan construction it becomesobvious that the e�ort for the modi�cation of complexplans can be higher than the e�ort for planning fromscratch.In the empirical study we obtained marginal e�cien-cy gains for the modi�cation of conditional plans in



the mail domain when the reuse candidate is \su�-ciently close" to the desired plan, i.e., for each of thecases a reusable subplan exists that achieves most ofthe currently required goals. The modi�cation of itera-tive plans is always more expensive than planning fromscratch because plan re�tting is nearly as expensive asplanning from scratch and furthermore, plan matchingand skeleton plan construction require costly inferenceprocesses dealing with universally quanti�ed goals anditerative control structures.Table 2 shows typical results for the examples, wherethe example plan is obtained by the deletion and in-sertion of actions at arbitrary positions in the reusecandidate. All times in the tables are given in millisec-onds. Modi�cation versus GenerationExample Generation Modi�cation Relativeif 1 1590 1439 90.5 %while 1 5810 6040 103.9 %while 2 3690 3820 103.5 %Table 2: Modi�cation of Plans with Control StructuresOne possibility to ensure e�ciency gains for themodi�cation of complex plans is the restriction of ad-missible re�tting operations in such a way, that onlysome parts of the proofs have to be replayed in orderto guarantee the correctness of the modi�ed plan. Inparticular, an empirical comparison of di�erent re�t-ting strategies and an analysis of the trade-o� between
exibility and e�ciency during re�tting are avenues forfurther research. An e�cient special case of plan re�t-ting restricted to instantiation operations is discussedin the next section.Di�erent Re�tting Strategiesmrl implements two di�erent re�tting strategies� plan instantiation� 
exible plan re�ttingthat are selected in accordance with the result ofthe matching process. In contrast to other case-basedplanners, the matching of the reused plan speci�cationagainst the current plan speci�cation is implementedas a deductive proof. The system attempts to provethat� the reused plan is applicable in the current initialstate by proving prenew ! preold ,� the reused plan achieves at least all of the currentgoals by proving goalold ! goalnew.If the proofs succeed, the current plan speci�ca-tion Plannew ^ prenew ! goalnew has been shownto be an instance of the reused plan speci�cationPlanold ^ preold ! goalold . Therefore, an instance ofPlanold will solve the current plan speci�cation. Theinstance of the reused plan is computed by extracting

substitution information from the proof and applyingit to the reused plan (Koehler 1994c). The instantiatedplan is guaranteed to solve the current plan speci�ca-tion by the proof attempt. No additional veri�cationof it must be carried out. This means, the modi�cationcosts only comprise the e�ort spent on plan matchingand no costs for the construction of a plan skeleton andits re�tting occur.If the proof fails, re�tting information is extractedfrom it. MRL tries to re�t the reused plan by 
ex-ibly removing and adding operators, but it performsno reordering operations in order to avoid expensivecomputations of all possible permutations of a givenoperator sequence. If a operator occurs in a wrongposition, it is deleted from the plan and subsequentlyre-introduced during the re�tting process.In contrast to the results described in the previoussection where complex plans are obtained by 
exibleplan re�tting, the results for plan instantiation show adi�erent picture. Plan instantiation based on the proofattempt leads to remarkable e�ciency gains when com-pared to plan generation. We show some selected re-sults for the examples in Table 3.Instantiation versus GenerationExample Generation Instantiationtime rules time rulesif 1 2160 205 570 97while 1 6320 316 399 63while 2 3800 174 200 29Table 3: Plan Instantiation versus Plan GenerationIn the experiments, a reuse candidate is suppliedthat can be instantiated such that it solves the cur-rent plan speci�cation. Table 3 gives the runtime andnumber of deduction rules that are necessary to provesuccessfully the relations between preconditions andgoals and contrasts it with the runtime and numberof deduction rules that are necessary to generate thesame example plan from scratch.Relative E�ortExample time rulesif 1 26.4 % 47.3 %while 1 6.3 % 19.9 %while 2 5.2 % 16.7 %Table 4: Relative E�ort for Plan InstantiationTable 4 shows the relative e�ort spent on plan in-stantiation when the e�ort spent on plan generationequals 100%.The e�ciency gains of plan instantiation comparedto plan generation increase when plans become morecomplex. This means, it is much easier to prove thata given complex plan can be instantiated to satisfythe current plan speci�cation than to generate this



plan from scratch. This holds in particular for iter-ative plans. The generation of such a plan requires toperform costly inductive proofs, while the proof per-formed during matching is guided by a tactic runningin polynomial time on the length of the formula to beproved. Thus, we obtain savings of rule applications of80 - 85 % and runtime savings up to 95 % for iterativeplans in the mail domain.Runtime savings are usually higher than savingsof deduction rules because rules applied during planmatching di�er from rules applied during plan genera-tion. The planner has to perform a constructive proofin order to \construct" the desired plan. It appliesspecial-purpose generation rules that compute, e.g.,appropriate instantiations of axiom schemata, which isa very costly operation. The rules applied during planmatching are less costly because they simply split aplan speci�cation formula into its atomic subformulaeand perform uni�cation operations (Koehler 1994c).The empirical results show that the reuse of complexplans containing control structures leads to e�ciencygains when re�tting operations are restricted, e.g., toinstantiation. Furthermore, the advantages of a deduc-tive approach to plan matching become apparent. Theproof performed during plan matching is su�cient forthe reuse of a plan and no additional e�ort has to bespent on the veri�cation of the instantiated plan.Di�erent Application DomainsWith the last experiment, we want to highlight thein
uence of the application domain on the performanceof the system mrl by testing it on two domains:The UNIX mail domain is an example of a het-erogeneous application domain. This domain com-prises 15 operators achieving di�erent e�ects, likeopen 
ag(mailbox)=T, delete 
ag(msg(x,mailbox))=F,and save �le(msg(x,mailbox))= �le. The objects of thedomain are of various sorts like messages, mailboxesand �les.The simple blocks world taken from spa (Han-ks & Weld 1992) is an example of a homogeneousapplication domain. It comprises two operatorsput block on block(x,y) and put block on table(x,table).Both operators achieve similar e�ects, namely on(x,y)and on(x,table). As domain objects, the table and var-ious blocks occur.In the experiments, the same polynomial proof tac-tic and order-sorted uni�cation algorithm are used forboth example sets, only the domain axiomatization isexchanged. The current planning problem requires togenerate a sequential plan of 8 actions by modifyinga manually provided candidate plan. The candidatesare chosen such that they provide an increasing start-ing sequence of the desired plan.Figure 5 demonstrates that the e�ort for plan re�t-ting is almost the same for both problems, but theydi�er signi�cantly in the e�ort which has to be spenton matching. In the blocks world, matching is muchmore expensive because the state descriptions are ho-
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uence of the Application Domainmogeneous, i.e., all objects are of the same sort. Thisleads to many di�erent matching possibilities. In themail domain we have fewer objects and they are of dif-ferent sorts, which makes matching less expensive sincethe uni�cation algorithm can bene�t from the sort in-formation.As a consequence, we can conclude thatmatching al-gorithms require to incorporate domain speci�c heuris-tics to a larger extend than is expected. In particularfor homogeneous domains, domain dependent match-ing algorithms have to be developed in order to obtainan e�cient runtime behavior of the case-based plan-ning system.Summary and ConclusionThe empirical results identify various in
uences oncase-based planning.One of the main results is the high in
uence of theunderlying application domain that has not been wide-



ly discussed in the literature. In the empirical study wetested the same case-based planning system on two do-mains with di�erent characteristics and distinguishedheterogeneous and homogeneous domains. The resultindicates that empirical studies in the blocks world areprobably of a restricted value, because this domainpossesses characteristics that are di�erent from real-world applications.A second in
uence factor that was studied for the�rst time is the complexity of plans measured on thebasis of control structures occurring in plans. Thetreatment of control structures introduces new qual-itative problems that have to be further studied. Theexperiments show that the results obtained for sequen-tial plans cannot be generalized with respect to arbi-trary types of plans.Summarizing, we can conclude that case-based plan-ners are faced with the following possible pitfalls� The application of case-based planning techniques toapplication domains for which very e�cient genera-tive planning systems exist will not always lead to ane�ciency gain. More research is necessary to identi-fy the range of applicability for case-based planningin contrast to generative planning.� Very complex planning tasks may require the gener-ation of plans containing control structures like loopsor recursion. The re�tting of these plans is extremelydi�cult and has to be further explored. In general,the reuse of complex plans is very useful when theplan can be instantiated to the desired solution andno costly re�tting operations have to be carried out.� Homogeneous application domains make the match-ing process very expensive. For these domains spe-cialized application-oriented matching algorithmshave to be developed.Being aware of these possible pitfalls helps to avoidthem during the design of a case-based planning sys-tem. Design decisions taking into account propertiesof the application domain as well as re�tting strate-gies and planning tasks will lead to e�cient case-basedplanners. The generalization of the results requiresfurther studies investigating more complex real-worlddomains. AcknowledgementsI would like to thank the members of the PHI researchgroup, Mathias Bauer, Susanne Biundo, Dietmar Den-gler, Gaby Paul, and Wolfgang Wahlster. BernhardNebel and the anonymous referees provided helpfulcomments and suggestions on the draft paper.ReferencesBauer, M.; Biundo, S.; Dengler, D.; Koehler, J.; andPaul, G. 1993. PHI - a logic-based tool for intelli-gent help systems. In IJCAI-93, 460{466. MorganKaufmann.
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