
PHI|A Logic-Based Toolfor Intelligent Help Systems �M. Bauer and S. Biundo and D. Dengler and J. Koehler and G. PaulGerman Research Center for Arti�cial Intelligence (DFKI)Stuhlsatzenhausweg 3, 66123 Saarbr�uckene-mail: flastnameg@dfki.uni-sb.deAbstractWe introduce a logic-based system which im-proves the performance of intelligent help sys-tems by supplying them with plan genera-tion and plan recognition components. Bothcomponents work in close mutual cooperation.There are two modes of cross-talk betweenthem, one where plan recognition is done on thebasis of abstract plans provided by the plannerand the other where optimal plans are generat-ed based on recognition results. The exampleswhich are presented are taken from an operat-ing system domain, namely from the unix maildomain.1 IntroductionIntelligent help systems aimat providing advanced activehelp to the users of complex software systems (cf. [Breuk-er, 1990; Thies and Berger, 1992; Norvig et al., 1993]).The performance of these help systems can be consider-ably improved if they are supplied with plan recognitionand plan generation capabilities. Observing a user andrecognizing his goals enables the system to help by takinginto account the current state of the system as well as theuser's level of education and current behavior. Moreover,if a planning capability is available user-speci�c supportcan be given by proposing appropriate plans which ex-actly is what the PHI system aims to achieve.PHI (cf. the �gure below) is a tool for intelligent helpsystems. It provides both a plan recognizer and a plan-ning component and one of its main characteristics con-sists in the close mutual cooperation between the twocomponents.There are several cross-talk modes. The �rst one isdevoted to realizing plan recognition on the basis of ab-stract plans produced by the planner. Abstract plansare those which represent a variety of \concrete" ob-servable action sequences by admitting several degrees offreedom like variables (abstracting from the objects in-volved), abstract commands (abstracting from the names�This paper has been published in the Proceedings of the13th International Joint Conference on Arti�cial Intelligence,ed. by R. Bajcsi, pages 460-466, Morgan Kaufmann, SanFrancisco 1993.

of actions which have the same e�ects), or temporal ab-straction (abstracting from the point in time at whichan action occurs).The generation of plans is based on standard assump-tions concerning goals that typically occur or are specif-ic to a certain user. Abstract plans are generated fromthese formal plan speci�cations. In doing so, the plannernot only performs planning from �rst principles but isable to reuse already existing plans which are stored in alibrary (planning from second principles). The plans pro-vided serve as plan hypotheses in the recognition process.Taking abstract plans instead of concrete ones keepsthe hypothesis space of manageable size. The plan hy-potheses are passed to the recognition component wherethey are provided with numerical values which re
ectthe probabilities of their being con�rmed by the subse-quent observations. These a priori probabilities mirrora speci�c user's behavior, and are taken from the us-er model. Having observed the user's actions step bystep the plan recognizer consequently tries to con�rmthe plan hypotheses by proving that the action sequenceobserved up to now is an admissible \instance". Hy-potheses which are not con�rmed are rejected and withthat the probability distribution of the hypothesis spacechanges dynamically.In the �rst cross-talk mode the plan recognizer is ableto determine the most likely plan a user follows by car-rying out appropriate \instantiations" on valid plan hy-potheses. Thus, services like semantic plan completioncan be o�ered at any time during the observation pro-cess.The second cross-talk mode is devoted to providing theuser with optimal plans whenever suboptimal behaviorhas been recognized or aid has explicitly been sought.The system is completely logic-based. It requires aproper axiomatization of the basic commands of the ap-plication system and certain domain constraints. Thelogic LLP which we have developed for that purposecombines features of both traditional programming andtemporal logics. The plan generation and recognitioncomponents are special purpose inference procedures.Plan generation is done deductively using a sequent cal-culus for LLP, whereas plan recognition follows an ab-ductive principle.The application domain, from which we present exam-ples, is a subset of the operating system unix, namely its
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mail system, where commands like type, delete, or savemanipulate objects like messages or mailboxes.The paper is organized as follows: After a short intro-duction to the formal framework in section 2 we describethe plan generation and recognition components in sec-tions 3 and 4, respectively. We demonstrate by meansof an example how the system works in the �rst cross-talk mode. Finally, we conclude with some remarks insection 5.2 The Formal FrameworkPlan generation and plan recognition are carried out ona common logical basis. The logical language for plan-ning (LLP) [Biundo and Dengler, 1993], which we havedeveloped for this purpose, combines features of ChoppyLogic [Rosner and Pnueli, 1986] with the Temporal Logicfor Programs [Kr�oger, 1987]. This entails the considera-tion of plans as programs as has also been proposed byother authors (cf. [Green, 1969], [Bibel, 1986], [Mannaand Waldinger, 1987]). LLP is an interval-based modaltemporal logic. It provides the modal operators �(next),} (sometimes), ut (always), and the binary modal opera-tor ; (chop), which expresses the sequential compositionof formulas. Besides these operators control structures(e.g., conditionals) are also available, as in programminglogics. Basic actions, which in our example domain arethe elementary mail commands, are axiomatized like as-signment statements in programming logics. The statechanges which they perform are re
ected in changingthe values of certain variables. The type command, forexample, is represented by the following axiom schema:8x [ [of(mb) = T ^ df(x;mb) = F ^P rf(x;mb)T ^EX(type(x;mb)) ] ! �P]where P is a metavariable for formulas. The schemastates: If the mailbox mb is open (i.e., the open-
agof(mb) equals true) and message x is not yet deleted(i.e., the delete-
ag df(x;mb) equals false) and we exe-cute the type command then formulaP holds in the nextstate, provided the formula we obtain by replacing eachocurrence of the term rf(x;mb) in P by T (i.e., the weak-est precondition of P w.r.t. type(x;mb)) has held before.

The substitution instructions correspond to the e�ect ofthe type command. Replacing P by rf(x;mb) = T weobtain the following action axiom:8x [ [ of(mb) = T ^ df(x;mb) = F ^EX(type(x;mb)) ] ! �rf(x;mb) = T ]It states that if a certain message x in a current mailboxmb has not yet been deleted and we execute the typecommand then the message is read in the next state (i.e.,the read-
ag rf(x;mb) is set to true).Plans are represented by a certain class of LLP for-mulas. Besides basic actions (denoted using the executepredicate EX) they contain the chop operator, controlstructures, and also temporal abstractions.Plan speci�cations are LLP formulas of the form asfollows: [preconditions ^ Plan] ! goals i.e., if the pre-conditions hold in a situation where we carry out Plan,then the goals will be reached. For example the followingformulaof(M ) = T ^ Plan ! }[displ = headers(M ) ^} [rf(x;M ) = T ] ] (1)speci�es the plan \Display the content of mailboxM onthe screen and then read message x". Plan is a metavari-able for a plan formula.Plan generation (cf. section 3) is carried out by con-structively proving the speci�cation formula. Whileproving the speci�cation formula the plan metavariablePlan is replaced by a plan (formula) which satis�es thespeci�cation. Proving (1), for example, results in thefollowing plan:EX(header(M )) ;if df(x;M ) = T then EX(undelete(x;M )) ;EX(type(x;M )) (2)As the unix mail language does not of course provideany control structures, this plan has to be considered asabstract, apart from the fact that the variable x occursin it.In section 3 we will see how the conditional plan aboveis generated from �rst principles. We can then demon-strate planning from second principles by reusing and



modifying this plan so that it meets a new speci�cation:of(M ) = T ^ df(x;M ) = F ^ Plan !}[displ = headers(M ) ^} [rf(x;M ) = T ^}[df(x;M ) = T ] ] ] (3)EX(header(M ));EX(type(x;M )) ;EX(delete(x;M )) (4)is obtained as a result. In a plan recognition example(cf. section 4) this plan can then serve as one of the planhypotheses.3 Plan GenerationThe planning system (cf. [Biundo et al., 1992]) works byusing techniques of planning from both �rst and secondprinciples. Planning from �rst principles begins with aplan speci�cation. The plan is generated on the basisof the domain knowledge provided. Planning from sec-ond principles adds the ability to incorporate previouslygenerated plans and the problem solving knowledge ob-tained thereby. In the �rst cross-talk mode, abstractplans are generated in order to provide the plan recog-nizer with plan hypotheses. To generate these hypothe-ses, the planner works from second principles by reusingformerly generated plans.3.1 Planning from First PrinciplesBy using a sequent calculus for LLP (cf. [Biundo andDengler, 1993]) the plan generator tries to �nd a con-structive proof for the plan speci�cation formula so thatan instantiation for the plan metavariable can be ob-tained. We thus have a plan the execution of which issu�cient to reach the goals speci�ed, i.e., a plan whichmeets the speci�cation. Following the paradigm of tac-tical theorem proving (cf. [Constable, 1986], [Heisel etal., 1990], [Paulson, 1990]) the proof is guided by specialplanning tactics written in a metalogical tactic language.As for plan speci�cation (1), the proof is carried out bydividing the speci�cation formula into subformulas, i.e.,those representing single subgoals which the plan hasto reach. We can simultaneously introduce a structureinto the plan metavariable Plan, which states that Planshould consist of at least two subplans: Plan � P1 ;P2.Let us now consider the generation of a plan for P2.The corresponding subgoal reads:of(M ) = T ^ P2 !}rf(x;M ) = TUsually subgoals of this type are proven by using non-logical axioms which describe basic actions. Thereby,the plan metavariable is instantiated by a basic plan for-mula. The instance of the type axiom below is selectedbecause it can reach the desired goal of setting rf to T :of(M ) = T ^ df(x;M ) = F ^EX(type(x;M ))! �rf(x;M ) = TThe preconditions of this action however must hold inorder to make the axiomapplicable. One of these precon-ditions is missing from the subgoal above. Following adeductive version of the means-ends analysis (cf. [Fikes

and Nilsson, 1971], [Nilsson, 1980]) we therefore intro-duce an additional subplan which produces the missingprecondition. Thus, P2 becomes the composition of aone-armed conditional and a subplan P4, respectively:P2 � [if df(x;M ) = T then P3];P4The new subgoal obtained is:of(M ) = T ^ if df(x;M ) = T then P3 !�[of(M ) = T ^ df(x;M ) = F ]To properly instantiate P3 an instance of the undeleteaction axiom can be used; this tells us that the executionof undelete(x;M ) makes df(x;M ) = F true in the nextstate, should it not have held before. In a similar way P4can now be instantiated by using the type action axiom.The overall plan which results after the proof tree hasbeen completed and all plan metavariables have beeninstantiated, is the plan given by formula (2) above. Itclearly meets the speci�cation in (1).In addition to subgoals whose proof leads to instan-tiations of the plan metavariables, as in the above ex-amples, so-called plan assertions must also be proven.These represent certain properties which are requiredby the plan to be generated. A typical example in ourcase is the fact that the formula of(M ) = T|whichacts as a precondition to the whole plan|does survivethe execution of subplan P1. This fact is proven by re-gression where we generate the weakest preconditions ofof(M ) = T w.r.t. all basic actions occurring in P1. Inour system, planning from �rst principles is, like sev-eral other approaches to deductive planning (cf. [Green,1969], [Bibel, 1986], [Manna andWaldinger, 1987]) close-ly related to work done on deductive program synthesiswhere programs are generated by proofs (cf. [Manna andWaldinger, 1980],[Heisel et al., 1991], [Biundo, 1992]).3.2 Planning from Second PrinciplesThe ability of a planner to modify a plan is considered asa valuable tool for improving the e�ciency of planningby avoiding the repetition of the same planning e�ortbecause instead of generating a plan from scratch, planreuse tries to exploit knowledge stored in previously gen-erated plans.The reuser �rst takes the current speci�cation andsearches in a plan library for a plan which can be reusedas its solution. Since we concentrate on plan modi�ca-tion in this paper, we suppose that the search in theplan library terminates successfully with a plan speci�-cation and describe how the reuser veri�es whether theplan belonging to it provides a solution to the currentplanning problem. The veri�cation is carried out by aformal proof in which the prover veri�es that at least thepreconditions the plan requires hold in the current sit-uation and that at most the goals achieved by the planare required as current goals.If the proof succeeds, the plan provides a provablysound solution to the current planning problem; if it fails,the plan has to be modi�ed.The modi�cation tactics analyze the failed proof andmodify the plan using information from the generationprocess that lead to this plan.



Let us assume, for example, that speci�cation (3) isgiven to the planner in the �rst cross-talk mode. Plan-ning from second principle starts and tries to reuse plan(2).Comparing it with speci�cation (1) it is obvious thatmore preconditions are given, but even more goals arerequired in (3). In this case, the prover reports a fail-ure because more goals are required in speci�cation (3)than are achieved by the plan. The modi�cation tacticidenti�es the missing subgoal df(x;M ) = T for which asubplan has to be generated from �rst principles. Fur-thermore, it has to inspect the temporal structure of theplan to be reused in order to determine the point in timeat which this subplan has to be inserted. For this pur-pose, explicit representations of the temporal models ofboth speci�cations are constructed and compared duringthe proof.A plan is a solution if it achieves at least all the goalsthat are required in the current speci�cation, i.e., if theplan achieves some additional subgoals it is still con-sidered to be a solution. In some applications however,plans have to be minimal in the sense of achieving exact-ly the goals required. The plan reuse component is ableto perform the necessary optimizations in these cases.In the example, the reuser detects that the case analy-sis in the reused plan is super
uous because the conditionon which it depends is explicitly given in the speci�ca-tion. Therefore, the conditional can be deleted from theplan. The result of the modi�cation process is a planskeleton for a sequential planEX(header(Mbox));EX(type(x;Mbox));Plan1containing the reusable subplan identi�ed during theproof and a meta variable Plan1 as a \placeholder" forthe completing subplan which has to be generated inorder to reach the additional goal.The generator uses the plan skeleton as a partial in-stantiation of the plan metavariable Plan in speci�ca-tion (3). This simpli�es the constructive proof of thespeci�cation: The partial proof tree for which an in-stantiation of the metavariable is already known can beeasily expanded without further search e�ort. To re-place the metavariable Plan1 occurring in the skeleton,the generator has to plan from �rst principles leadingto the instantiation EX(delete(x;M )). The interleavingof proof tree reconstruction and generation ensures thatthe modi�ed plan provides a provably sound solution tothe current plan speci�cation that can be sent to theplan recognizer as a plan hypothesis.The approach we follow investigates plan reuse in thegeneral context of deductive planning and has been de-scribed in more detail in [Biundo et al., 1992; Koehler,1992]. Other current approaches investigate plan reuseand modi�cation in the framework of classical strips-like planners, e.g., the hierarchical planner and modi�-cation system priar [Kambhampati and Hendler, 1992],or in the framework of case-based reasoning, e.g., the sys-tems spa [Hanks and Weld, 1992] or chef [Hammond,1990]. The experiments reported by some of the authorsgive evidence that plan reuse might indeed be more e�-cient than planning from scratch. How far these results

generalize is studied in a complexity-theoretic analysisof plan modi�cation vs. plan generation by Nebel andKoehler (cf. these proceedings). In contrast to practicalexperiences it turned out that plan modi�cation is notuniformly as easy as planning from scratch.3.3 Generating Optimal PlansThe second cross-talk mode is concerned with the gener-ation of optimal and user-satisfactory plans. The gener-ator receives a plan speci�cation which either belongs toa plan recognized as suboptimal by the plan recognitioncomponent or is derived from a request for passive help.Planning in this mode is based on a dynamicallychanging adjustment of the generation process triggeredby plan quality criteria derived from the user model.The generator considers, e.g., the user's preferences, hisknowledge about the domain, and his typical behavior inorder to generate satisfactory plans for him. It producesa user-adapted concrete plan that meets the speci�ca-tion and is as short as possible according to the numberof basic actions used. Since planning is done deductive-ly the adjustment essentially places a restriction on thesets of nonlogical axioms and rules.If, on the basis of the current plan quality criteria, noplan can be found, then the criteria must be minimallychanged in order to generate a plan. The necessary devi-ations are recorded and can be used by a tutorial systemto teach the user accordingly. In the case of a recognizedsuboptimal plan, the generated optimal plan is, e.g., thebasis for an active user support of the help system. Gen-eration of optimal plans is only carried out from �rstprinciples because the reuse of concrete plans requiresconsideration of dynamically changing plan quality cri-teria which can contradict the aim of making planningmore e�cient.4 Plan RecognitionThe recognition of plans in this logic-based context isrealized by a generalized abductive process with a proba-bilistic valuation of hypotheses. Starting from plan hy-potheses synthesized by the plan generation componentand observations of user actions, an attempt is made toidentify a hypothesis describing the user's pursued plan.The use of probabilistic reasoning allows us to determineone \best" hypothesis to o�er user-speci�c help, e.g., bydoing semantic plan completion.4.1 The Abductive RecognizerPlan recognition, which is the identi�cation of a us-er's behavior given an observed goal or action, can beviewed as an inherently abductive problem, if a planhypothesis P is interpreted as an assumption explain-ing the observed action a, i.e., T [ fPg j= a, whereT describes the domain knowledge (e.g., [Appelt andPollack, 1990], [Shanahan, 1989], [Helft and Konolige,1990],[W�rn, 1992]). P is required to be a ground in-stance of an element of a set of prede�ned candidateexplanations called abducibles.11For an introduction to abduction see, for example,[Peirce, 1931 1958] or [Fann, 1970]. An overview can be found



However, this \classical" abduction principle is insuf-�cient for temporal hypotheses incorporating an implicitrepresentation of time, because the correctness criterionis no longer satis�ed (cf. [Paul, 1993b]). To overcomethis de�ciency the abductive process is divided into twophases: 1. A guessing phase where modal hypotheses areadopted|these abducibles are the abstract plans provid-ed by the plan generation component|and 2. a valida-tion phase where the hypotheses are veri�ed with respectto the sequence of observed actions. This is the task ofplan recognition.In addition, the ground instance requirement has tobe adapted to our modal logic context. It is generalizedin such a way that hypotheses are made more precise notonly by instantiating variables but in a temporal senseas well. We concretize the hypotheses according to theobservations made in each recognition step.This process of concretizing will be explained using ashort example with two observation steps. It is assumedwe are given the following plan hypothesis synthesizedby the generation component as described in section 3.P1 = EX(header(M ));EX(type(x;M ));EX(delete(x;M ))Suppose we have the additional hypothesesP2 = }EX(header(P ));EX(type(x; P ));EX(delete(x; P ))P3 = }EX(header(P ));EX(next(x; P ));EX(delete(x; P ))i.e., contrary to the �rst hypothesis the header commandis not expected to be the �rst action but may also occurat some later stage. In addition, a mailbox named P issupposed to be the current one here.Observing the user execute the action EX(fol-der(P;M )), i.e., he moves from the mailbox M to themailbox P, leads to the rejection of P1 and the followingconcretized hypotheses:P21 = EX(folder(P;M )) ^�}EX(header(P ));EX(type(x; P ));EX(delete(x; P ))P31 = EX(folder(P;M )) ^�}(EX(header(P ));EX(next(x; P ));EX(delete(x; P ))Concerning P1 we de�nitely anticipated EX(hea-der(M )). This cannot be concretized with the �rst ob-servation and thus the hypothesis has to be rejected.In P2 and P3 the initially expected user action is notspeci�ed, we only know that the given action sequenceis executed at some time. So, after observing an actionnot matching the �rst expectation, we know that this se-quence cannot start before the next observation, i.e., weget as parts of the new hypotheses P21 and P31 the for-mula �}EX(header(P )), stating that the action headeris anticipated at some future time and not before thenext state.If the second observation is EX(header(P )), the con-cretization of both P2 and P3 is a disjunction of twohypotheses. Either we recognize the header commandin the \sometimes" sequence, or we make a decision toexpect it later. Thus, we havein [Kakas et al., 1992] and [Paul, 1993a].

P221 = EX(folder(P;M )) ^ �EX(header(P ));EX(type(x; P ));EX(delete(x; P ))P222 = EX(folder(P;M )) ^ �EX(header(P ))^��}EX(header(P ));EX(type(x; P ));EX(delete(x; P ))As the hypotheses for P3 are similar we will omit themhere.A hypothesis is said to be recognized if the sequenceof observations implies its concretization. Consideringthe example, this is the case for P2 if, e.g., the nextobservations are EX(type(2; P )) and EX(delete(2; P )).Besides the theoretical foundations, a method was de-veloped for computing concretized explanations. An al-gorithm solving this problem must be able to identify ateach state of time the part of the considered hypothe-ses being a�ected at that moment. To do this in ane�cient way, we use a transformation of LLP formu-las into graphs that contain solely �rst-order formulas.2This transformation is carried out once before startingrecognition. The plan recognition process is realized bymoving through the graph according to the observationsmade. A theorem prover is used to deduce relationsbetween abstract commands in the hypothesis and ob-served actions. Several properties of this generalized ab-duction principle have been proven. For details see [Paul,1993b].The method described above allows us to recognizetemporal abstractions as well as abstract plans. We areable to retransform the graph in each iteration step, thusobtaining a history of the actions observed and a descrip-tion of the expected continuation of the plan. By thatwe are able to o�er semantic plan completion at anytime as long as valid hypotheses are available. Proba-bilistic selection (cf. section 4.2) is the method used indetermining the \best" hypothesis for that purpose.4.2 Probabilistic SelectionThe plan recognizer described so far manipulates setsof plan hypotheses each of which is considered equallyplausible. If, however, a decision for one alternative isrequired (e.g., to o�er semantic plan completion to theuser at an early stage), we must be able to determinethe \best" choice among them. To do so, we can exploitknowledge about user preferences stored in a kind of usermodel and encoded in a probabilistic mechanism.Probabilistic reasoners (e.g., [Kruse et al., 1991]) usea knowledge base as a back-up, which contains the setof all possible hypotheses together with numerical valuesassigned to them representing their speci�c probability.These numbers usually stem from long-term observationsof the domain and from statistics. The situation in the�rst cross-talk mode, however, is somewhat di�erent be-cause the search space of the plan recognizer|the setof all plan hypotheses|is generated dynamically. So,we cannot expect to have any statistical information athand that directly applies to it. Yet, we can evaluate the2Graph- or so-called tableau-based methods are used fora variety of modal logics. See, for example, [Pratt, 1979],[Ben-Ari et al., 1982], and [Wolper, 1985].



user behavior observed according to criteria like typicalaction sequences, frequently pursued goals, etc.If we know, for example, that the user tends to deletea message immediately after reading it, and that he usu-ally prefers the type command to next, we might come upwith a set C of LLP formulas similar to abstract plansor plan speci�cations (cf. section 2) describing the user'sdefault behavior. Each formula is assigned a numeri-cal value representing the statistical information aboutit. In the example above, C might include the followingentriesC1 : h 9x;mb:}(EX(type(x;mb));EX(delete(x;mb)));0:4 iC2 : h 9x;mb:}(EX(next(x;mb));EX(delete(x;mb)));0:2 iC3 : h 9x;mb:}(EX(read mail(x;mb));EX(delete(x;mb))); 0:1 i : : :The entry C3 here means that for a small part of allobserved cases, we know only that the user executed atype or a next command to read his messages, expressedby using the abstract command read mail. The formulain C3 is more general than those of C1 and C2. Suchrelations induce a hierarchical structure on C that isexploited during the numerical computations.The numerical values distributed among the mem-bers of C sum up to 1 and form a mass distributionfrom Dempster-Shafer theory (DST) (cf. [Shafer, 1976],[Shafer and Pearl, 1990]). While interpreting the value1 as perfect certainty, smaller numbers represent the de-gree of partial con�dence we might have in the validityof the various propositions.From a mass distribution m, we can derive the so-called belief and plausibility functions Belm and P lm,respectively. These two values make up a probability in-terval stating that the \true" probability of some propo-sition A lies somewhere between Belm(A) and P lm(A),but cannot be determined on the basis of the knowledgeat hand. Thus, we are able to express partial ignorance.3Classifying the plan hypotheses obtained from theplan generator according to the formulas Ci in C, a setof valuated hypotheses sets PHCi is obtained each ofwhich inherits the numerical value originally attributedto its classi�cation criterion in C. In our example, P1and P2 become members of the class PHC1, P3 becomesan element of PHC2. In addition, they are all placed inclass PHC3. Thus the original hierarchy of classi�cationcriteria according to generality mentioned above mirrorsitself in the subset/superset relation of the associatedhypotheses sets that make up the plan hierarchy PH.After this preprocessing, the probabilistic selectionmodule in every recognition step obtains the most re-cent observation together with information about thosehypotheses which are no longer valid. On the basis of thisknowledge, we can compute an updated mass distribu-tion on PH re
ecting the impact of the new observationon the a-priori valuation of the hypotheses. Dempster'srule is the basis for this computation which is explainedin more detail in [Bauer, 1993].3For an examination of the relations between mass distri-butions, probabilities, and DST see [Kruse et al., 1991].

Let us assume we are given the information thatP1 is no longer valid. Then, the observationEX(header(Priv)), for example, may lead to a newmass distribution where PHC1 = fP2g and PHC2 = fP3gare attributed the values 0:5 and 0:35, respectively, andPHC3 = fP2; P3g is valuated with 0:15. If we recall fromDST that the belief in a set A of hypotheses is comput-ed by summing up the respective mass values attributedto all of its subsets and the plausibility is the result ofadding the mass values of all sets having a non-emptyintersection with A, we can interpret these numbers asfollows: Currently, hypothesis P2 appears to be the mostlikely because its probability lies somewhere in the in-terval [0:5; 1]. If semantic plan completion is required,P2 is the current o�er of the system to the user. If weare forced to additionally provide a hypothesis de�nitelycontaining the plan pursued by the user, we can choosethe disjunction of P2 and P3 because the set PHC3 whichcontains these only is the smallest set with attributed be-lief 1, i.e., it represents the most speci�c hypothesis wecertainly believe in. This property uniquely determinesthe disjunction of P2 and P3 because all other plan hy-potheses that might be contained in PH are attributedmass 0 and thus are considered impossible according tothe evidences obtained so far.5 ConclusionA new approach in implementing intelligent help systemshas been introduced. It is based on a logic developedespecially for the command language environments inwhich help systems are embedded. Plan recognition andplan generation components are special purpose infer-ence processes. They work in close mutual cooperation(cross-talks). One cross-talk mode is devoted to planrecognition on the basis of abstract plans provided bythe planner; another mode works on generating optimalplans on the basis of recognition results. Planning from�rst as well as from second principles is done deductive-ly combining ideas borrowed from the logic-based treat-ment of programs with those of tactical theorem proving.The resulting plans are provably sound w.r.t. their spec-i�cations. Plan recognition is based on a new abductiveprinciple for modal logics. The recognizer is addition-ally supplied with a probabilistic reasoner, a means toimprove the help provided by taking into account user-speci�c characteristics as well as general heuristics.Realizing plan generation and recognition in such astrictly logic-based way nevertheless does not cause anyconsiderable ine�ciencies, even for \real"mail plans thatare much more complex than the examples shown in thispaper. This suggests evaluating the PHI approach evenfor richer application domains. A prototype of the PHIsystem has been implemented in sicstus PROLOG ona sun sparc computer.References[Appelt and Pollack, 1990] D.E. Appelt and M. Pollack.Weighted abduction for plan ascription. Technical re-port, AI Center, SRI International, Menlo Park, 1990.
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