EXPECT: Explicit Representations for Flexible AcquisitionBill SwartoutYolanda GilUSC/Information Sciences Institute4676 Admiralty WayMarina del Rey, CA 90292tel: (310) 822-1511email: swartout@isi.edu, gil@isi.eduAbstract: To create more powerful knowledge acquisition systems, we not only needbetter acquisition tools, but we need to change the architecture of the knowledgebased systems we create so that their structure will provide better support foracquisition. Current acquisition tools permit users to modify factual knowledge butthey provide limited support for modifying problem solving knowledge. In thispaper, we argue that this limitation (and others) stem from the use of incompletemodels of problem solving knowledge and inflexible specification of theinterdependencies between problem solving and factual knowledge. We describe theEXPECT architecture which addresses these problems by providing an explicitrepresentation for problem solving knowledge and intent. Using this more explicitrepresentation, EXPECT can automatically derive the interdependencies betweenproblem solving and factual knowledge. By deriving these interdependencies fromthe structure of the knowledge-based system itself EXPECT supports more flexible andpowerful knowledge acquisition.1. INTRODUCTIONEXPECT is a framework for knowledge based systems that we are developing to support knowledgeacquisition and explanation. A central idea behind EXPECT has been the notion that more powerfulacquisition and explanation tools can be constructed if acquisition and explanation concerns arereflected in the structure of the knowledge based systems we create. That is, rather than developingtools that operate on conventional knowledge based systems, we first modify the architecture of thetarget knowledge based systems so that they will be structured in a way that provides better supportfor knowledge acquisition and explanation. It is then possible to build tools that exploit thisadditional information to provide enhanced capabilities.In prior work on the EES framework [Neches et al, 1985; Swartout et al., 1991] we explored thearchitectural modifications that are needed to support explanation. EXPECT extends the EESframework to support knowledge acquisition. In this paper, we discuss the architectural features thatsupport knowledge acquisition. It is interesting to note that some of the features that are importantfor explanation also provide leverage for knowledge acquisition.There are several knowledge acquisition capabilities that we seek to support with the EXPECTarchitecture:1. Users should be able to modify both factual knowledge and problem solving knowledge.Although many acquisition systems provide good support for modifying factual knowledge,From the Proceedings of the Ninth Knowledge Acquisition forKnowledge-Based Systems Workshop (KAW�95) Banff, Canada, February 26-March 3, 1995

2support for modifying problem solving knowledge is more limited. In early acquisition systems(such as MORE [Eshelman 1988], SALT [Marcus and McDermott 1989], and ROGET [Bennett1985]), a single problem solving strategy (e.g. heuristic classification) was built into the tool. Asa result, when one selected a tool, one also determined the problem-solving strategy. However,many realistically-sized knowledge-based systems use several problem solving strategies, so atool that only supports a single strategy won�t be much help. Additionally, if the user changeshis mind about which problem-solving strategy is appropriate, he may also have to change tools,potentially losing a lot of work in re-configuring the domain knowledge. Recent knowledgeacquisition work [Klinker et al. 1991; Musen and Tu 1993] has partially addressed theseproblems by creating tools that can use multiple problem-solving methods. In PROT�G� II[Musen and Tu, 1993], problem solving methods are composed of pre-encoded building blocks.PROT�G� II permits modifications to problem solving by substituting one building block foranother, however, users cannot modify the building blocks themselves. By constraining theuser�s options to just those that have been pre-encoded, he may not be able to make themodification he wants.2. Internal models (based on the knowledge based system being modified) should guide knowledgeacquisition rather than external ones (based on the acquisition tool). Current acquisitionsystems cannot allow much modification to problem solving knowledge because they useexternal models of problem solving that are built into the acquisition tool. By understandingwhat factual knowledge is needed to support problem solving the acquisition tool can formexpectations about what additional knowledge is required when the user adds or modifies thesystem�s knowledge base. In early acquisition tools, these expectations were built, by hand, intothe tool itself. In more recent work, such as PROT�G� II, the interdependencies between factualknowledge and problem solving building blocks are represented, but they are still entered byhand and interdependencies between factual knowledge and what happens inside a buildingblock are not modeled. These limitations could be overcome and a wider range of modifications and problem solvingmethods could be supported if we could use an internal model for acquisition, that is, if theexpectations for acquisition could be derived from the system itself. Furthermore, because theinterdependencies would be derived from the system rather than entered by hand, they wouldchange as the system changed, and would be more likely to be correct and consistent. Thus, weneed architectures that allow us to derive the interdependencies between problem solving andfactual knowledge from the knowledge structures themselves Such architectures will allow us tobuild knowledge acquisition tools that permit direct modification of problem solving methodsand use their understanding of the program to guide the user.3. KA tools should support modifications at a semantic (or knowledge) level rather than just at asyntactic level. KA tools should help ensure that the knowledge a user adds makes sense, that is,that it is coherent and consistent with the rest of the knowledge base�not just that it issyntactically correct. In addition, we want to facilitate the addition of new knowledge byreducing the distance between what the user understands and way the system represents them.The system must be able to represent and manipulate conceptual entities that are meaningful tousers and that are used to describe the domain. To further facilitate acquisition, KA tool shouldallow users to make modifications that are local to these meaningful conceptual entities, andguide them in resolving the global implications of these changes. In addition, if the user entersknowledge using somewhat different terminology, the acquisition tools should be able to weavethe new knowledge into the existing system based on the meaning of the terms. Providingassistance at the conceptual level and allowing greater flexibility in the use of terminology willfree users to focus on what matters: getting the knowledge right.We have introduced several features into the architecture of EXPECT that directly support theacquisition goals we outlined above. We have used the EXPECT framework to construct knowledge

3based systems in several domains. Our main application is for evaluating alternative militarytransportation plans for moving personnel and materiel from bases to crisis situations. The systemwe have been developing takes a high-level description of a possible plan, or course-of-action(COA), and produces an evaluation of the plan from a logistics perspective. The evaluationindicates, for example, how many logistic personnel will be required to execute it, and how long theplan will take (the closure date). Most of the examples in this paper are based on this domain, someare from another domain concerned with the diagnosis of faults with local area networks.The next section presents a high level overview of the EXPECT architecture, and is followed bydetailed discussions of its features. Section 3 is concerned with how we represent various kinds ofknowledge in EXPECT. Section 3.1 deals with the need to separate different kinds of knowledge tomake it easier to understand and modify. Section 3.2 describes how we represent the intent behind aproblem solving method using a structured representation for goals and method capabilities. Section4 then describes how we bring knowledge back together again to actually solve problems. Section4.1 details how �loose coupling� between knowledge resources can facilitate knowledge acquisitionand knowledge re-use, and describes how we achieve loose coupling through the use of semanticmatch and reformulation. Section 4.2 describes how we use partial evaluation to capture theinterdependencies between problem solving and factual knowledge that are needed to guideknowledge acquisition.2. EXPECT ARCHITECTURE OVERVIEWA diagram of the overall EXPECT architecture appears in Figure 1. As we describe in the nextsection, EXPECT provides explicit and separate representations for different kinds of knowledge thatgo into a knowledge based system. EXPECT distinguishes domain facts, domain terminology andproblem solving knowledge. These different sources of knowledge are integrated together by aprogram instantiator to produce a domain-specific knowledge based system. While the domain-specific system is being created, the program instantiator also creates a design history. The designhistory records the interdependencies among the different kinds of knowledge, such as what factualinformation is used by the problem solving methods. This information is used by the knowledgeacquisition routines to form the expectations that guide the knowledge acquisition process (see [Gil,1994; Gil and Paris, 1994] for a description of the knowledge acquisition tools). An interpreterexecutes the knowledge based system, and the user interacts with it through a user interactionmanager.3. REPRESENTING KNOWLEDGE IN EXPECTIn order to provide the capabilities that we discussed in the introduction, EXPECT represents differenttypes of knowledge separately and explicitly. After describing the kinds of knowledge that arerepresented in EXPECT we present in detail our approach to representing goals. This explicitrepresentation of goals provides EXPECT with a better understanding of the problem solving process.3.1 Separation of KnowledgeIt is well established that a major source of difficulties in understanding, modifying and augmentingfirst generation knowledge based systems stemmed from the use of low-level knowledgerepresentations that failed to distinguish different kinds of knowledge (see [Chandrasekaran andMittal, 1982; Clancey, 1983b; Swartout, 1981; Swartout, 1983]). In a first generation system,domain facts, problem solving knowledge, and terminological definitions were all expressed in rules.A single rule might mix together clauses concerned with the user interface, the system�s problemsolving strategy and internal record-keeping. Because none of these different concerns weredistinguished, it was often difficult to understand exactly what the rule was supposed to do, and

4when modifying a rule, it was difficult to see what the effect of the modification might be. Althoughearly critiques of these representations focused on their failure to provide good explanations,explanation and knowledge acquisition can be viewed as inverse processes, and these architecturalflaws create problems for both.A number of second generation expert system frameworks that support better explanations haveemerged in recent years (see [Chandrasekaran, 1986; Clancey, 1983a; Hasling et al., 1984; Neches etal, 1985; Swartout, 1983; Swartout et al., 1991; Wielinga and Breuker, 1986]). A common themeamong these frameworks is that they encourage a more abstract representation of domain knowledgeand problem solving knowledge that makes distinctions between different kinds of knowledgeexplicit.By moving toward architectures that allow a system builder to distinguish different kinds ofknowledge and represent them separately and more abstractly, second generation frameworksincreased the modularity of an expert system. It has been shown that the use of these higher-levelrepresentations helps make second generation systems easier to understand. These frameworks canalso make it easier to extend and maintain an expert system, and enhance the possibilities forknowledge re-use across systems [Bachant and Soloway, 1989].The XPLAIN [Swartout, 1983] and EES [Neches et al, 1985; Swartout et al., 1991] frameworks,which were precursors to EXPECT, were among the first to explicitly distinguish the different kindsof knowledge in a knowledge based system. In EXPECT, we distinguish three different kinds ofknowledge: domain facts, domain terminology, and problem solving knowledge.Domain facts are the relevant facts about a system�s domain. For example, the domain facts in asystem for transportation planning might include the fact that the naval port of Los Angeles is LongBeach and the fact that the maximum depth of Long Beach berths is 50 feet.Domain-SpecificKBSDesign

History

Expectation-based Tools for Knowledge Acquisition

agendamanager

KBmodifiersUserInteractionManager/

TerminologyProblemSolving

Knowledge

(strategies)

ProgramInstantiator

TraceUser/Domain Expert

DomainFactsFigure 1. EXPECT Architecture

5The domain terminology (or ontology) provides the conceptual structures that are used to describe adomain. In a transportation planning domain, the domain terminology would include concepts forvarious kinds of ports, such as airports and seaports, and concepts for describing the various kinds ofmovements1 and materiel to be moved, among other things. Concepts can be defined in terms ofother concepts. For example, an airlift-movement is a kind of movement whose destination is anairport. Domain terminology and domain facts may seem to be quite similar, but they are different.Domain terminology provides a set of terms, or concepts, that can be used to describe somesituation. The existence of a concept does not imply that the situation it describes actually exists�concepts are just descriptions that may or may not apply in any given situation. Domain facts, on theother hand, use domain terminology to describe the state of the world at some point in time.To represent both domain facts and terminology, EXPECT uses Loom [MacGregor 1988, 1990], aknowledge representation system in the KL-ONE family. Loom provides a descriptive logicrepresentation language, and provides a classifier for inference. Facts are represented as Loominstances, while terminology is represented using Loom concepts. Both instances and concepts arestructured, frame-based representations with slots that indicate relations in which the object isinvolved. Instances denote objects that actually exist in the domain, while concepts are descriptions.Like other description logic representations, Loom provides a tool, called the classifier, that hasunique advantages for knowledge acquisition. Given a set of defined concepts, the classifier canautomatically organize them into an AKO (or subsumption) hierarchy by analyzing their definitions.For example, if we defined an express-movement as a movement whose duration is less than a dayand whose destination is an airport, the classifier would figure out that an express-movement is alsoa kind of airlift-movement, given the definition of airlift movement above (see Figure 2). Theclassifier helps support the acquisition of new concepts, because it ensures that the concept hierarchyis maintained consistently and it can find subsumption relations that a user might overlook.Furthermore, if a new concept is added to the knowledge base and the classifier places it in a bizarreplace, that usually indicates a modeling error of some sort. For knowledge acquisition these

1In transportation planning, a �movement� specifies what is to be moved from an origin to a destination at a particulartime using some set of vehicles.

Airlift Movement

Movement airport

destinationExpress Movement

destination< 1 day

durationAirlift Movement duration

Before ClassificationAfter ClassificationFigure 2. Loom Classifier Organizes Concept Hierarchy

6capabilities are important, because they mean that a user can add knowledge to a knowledge baseand maintain its consistency without needing to be aware of all the other concepts in the system.Concepts from the domain terminology are used as the building blocks for EXPECT�s two other kindsof knowledge: domain facts and problem solving knowledge.As Doyle and Patil [Doyle and Patil, 1991] have pointed out, the advantages of automaticclassification are vitiated somewhat if primitive concepts are used. Primitive concepts lack adefinition, and the knowledge base builder explicitly indicates where they should be placed in theconcept hierarchy, instead of having the concept�s place inferred by the classifier reasoning about itsdefinition. Primitive concepts are used when the model builder either cannot or chooses not toprovide an explicit concept definition. Doyle and Patil�s critique of NIKL (an early description logicrepresentation) stated that in realistically sized applications, most of the concepts are primitive. Wehave not found this to be the case in our work, perhaps because Loom provides a more expressivelanguage for defining concepts, making it easier to define concepts. Regardless, it is important topoint out that the most important capabilities of our architecture, such as capturing theinterdependencies between domain and problem solving knowledge, can be provided whether or notprimitive concepts are used. The use of primitive concepts reduces our framework�s ability to verifythe consistency of a knowledge base, and to automatically find new uses for knowledge.Loom benefits us by providing a declarative foundation for representing concepts, relations andfacts. However, to be able to analyze the interdependencies between the conceptual structure of asystem and its problem solving methods we need a highly declarative representation for problemsolving knowledge as well. In the next section, we describe how we have built on Loom to create adeclarative representation for goals and methods that captures their intent and promotes theiranalysis.3.2 Capturing Intent with Structured Goal RepresentationIn the introduction, two of our goals were to allow users to be able to make modifications to problemsolving as well as factual knowledge, and to make modifications locally, so that a problem solvingmethod could be modified without having to understand how other methods in the system areimplemented. Problem solving knowledge in EXPECT is represented as strategies (called methods)for achieving particular goals. Each method has a capability description associated with it, whichstates what the method can do (e.g. �diagnose a component�), and a method body which is asequence of steps that attempt to achieve the advertised capability of the method. The steps can postfurther subgoals for the system to achieve. The language used in the method bodies allowsconditional expressions and iteration.One of EXPECT�s architectural features that helps users make modifications to problem solvingknowledge is a rich representation for goals and method capabilities that provides a more explicitrepresentation of intent than is available in most systems. This representation both makes it easierfor people to understand what a method is supposed to be doing, and it makes it easier for EXPECT toanalyze a system�s structure and hence provide guidance to a user in making modifications.In most programming languages, function names have no real semantics associated with them. Agood programmer may indicate what a function is supposed to do by giving it an appropriate name(e.g. clear-screen) but as far as the system is concerned, the name is just a string of characters.Furthermore, the relationship between the function name (what is to be done) and the functionalparameters (the things that will be involved in doing it) is completely implicit. This is one reasonwhy conventional programs are so difficult to modify: before one can make a modification to afunction, one needs to understand not only the function itself, but also how the function is called and,in turn, how the functions it calls work. Only then will the information that is needed formodification but not represented be available. AI systems such as planners provide a more explicitrepresentation of what is to be done. Usually the goal is represented as some sort of state expressed

7in some form of predicate logic. A problem with this representation that affects both acquisition andexplanation is that it seems to be a bit removed from the way people think and talk about what theyare doing, since protocols of people solving problems show that they use verb clauses to describewhat they are doing rather than state descriptions (see for example, [Anzai and Simon 1979]).Thus, to address these difficulties and decrease the distance between EXPECT�S internalrepresentation and how people talk about what they do, EXPECT�s representation is based on avocabulary of verbs. In EXPECT, we represent both goals (what is to be done) and method capabilitydescriptions (what a method can do) using a verb clause representation based on case grammar.Each verb clause consists of a verb and a set of slots (or �cases�) that are the parameters. Forexample, the goal of evaluating a particular COA is represented as a verb clause where the main verbis �evaluate� and its (direct) object slot is filled by the COA instance (e.g., �coa-3�) as follows:(evaluate (obj (instance coa-3)))The capability descriptions associated with methods are represented similarly, except that they maycontain variables. For example, the following capability description would be associated with amethod that has the capability to evaluate a course of action for force deployment:(evaluate (obj (?c is (instance-of deployment-coa))))where:deployment-coa is a coathat has force-movements For matching, the goals and capability descriptions are translated into corresponding Loomconcepts. The goal above would match this capability description if coa-3 had movements offorces, since coa-3 would then be a kind of deployment-coa.This approach gives us a rich representation for what is intended by a goal and what the capabilitiesof a method are. Unlike the state-based representation, goals and capabilities can be easilyparaphrased into natural language. Furthermore, goals can be expressed at an abstract level withoutforcing over-commitment.Figure 3 shows a simple method from our system for evaluating transportation plans. It finds theunloading time of a movement by calculating the unloading time of the set of available vehicles ofthe COA movement. There are two things to notice about this method. First, it is relativelystraightforward to paraphrase the representations of the capability description and the method bodyinto understandable natural language, because their structure2 mirrors natural language. Second, thismethod illustrates the use of two general kinds of parameters that can be passed in EXPECT. Theydistinguish between the kind of data that will be provided to the method and the kind of task to beaccomplished by the method. They are indicated by instance-of or specialization-of inthe capability description. These keywords indicate how the matcher should match these slotsagainst the corresponding slots in goals.

2One weakness of our current representation for goals and capabilities is that some slots that are attached directly to themain verb should really be embedded within other parameters. Figure 3 illustrates that problem, since the �of� slot in thecapability description of the method should be attached to unloading-time rather than directly to the verb. We arecurrently developing a more structured representation to support this embedding.

8Instance-of indicates that the slot is a data parameter and will match an instance of theindicated type. Thus, (instance-of movement) will match a movement instance or aninstance that is more specialized. (Recall that in Loom, instances are representations of objects thatactually exist, whereas concepts are just descriptions.) Instance-of slots work much like functionparameters in conventional programming languages: they supply the data that the functionmanipulates. However, in EXPECT, slots on goals do more than just provide data; they can alsofurther specify the task to be done. Task parameters are indicated by specialization-of slotsand match against concepts that appear in corresponding slots in the goal. For example,(specialization-of unloading-time) will match unloading-time or any of itsspecializations. The capability description of the method in Figure 3 will match a goal such as:(find (obj (specialization-of unloading-time)) (of (instance movement-23)))or it will match the goal:(find (obj (specialization-of emergency-unloading-time)) (of (instance movement-23)))Notice the �obj� slot in both cases does not supply data but instead it specifies the sort of informationthat is supposed to be found by the method. Specialization-of slots allow us to re-use thesame method in several different contexts, and they are one of the ways we achieve �loose-coupling�in EXPECT, which we will discuss in detail in Section 4.2. In the example in Figure 3, ?t is boundto the concept in the goal that matches (specialization-of unloading-time). Thevariable ?t is then used in the method body to pass the goal context on to subgoals so that themethod body will compute for example the emergency-unloading-time rather than theunloading-time if emergency time was specified in the original goal. Like other variables ?tcan be used in conditional expressions so that methods can be written that branch depending on thenature of the task specified.In most systems, the only parameters passed are data objects that will be used during the executionof the method. Distinguishing task parameters adds an additional dimension for method abstraction,so that methods can be abstracted not only in terms of the data that they will operate on, but also interms of the classes of tasks they can address. This allows us to create a common method thatabstracts both the instances it operates on and the classes of tasks it can be used for and provide asingle, common skeletal representation that captures both. This helps both method re-use andknowledge acquisition by providing an additional way of abstracting methods. capability: (find (obj (?t is (specialization-of unloading-time))) (of (?m is (instance-of movement)))) result-type: (inst-of time-value) method: (calculate(obj ?t)(of (available-vehicles ?m)))Figure 3. A method to calculate the unloading time of a movement

9The key features of our goal representation are: 1) it is structured, 2) the structure is based on a verbclause representation, and 3) in addition to data parameters, task parameters are explicitlydistinguished. Our representation captures more of the intent behind a goal than conventionalrepresentations. Thus it provides more of the information that acquisition tools need to analyze theknowledge base and capture interdependencies. Our representation also structures goals and methodcapabilities in a way that is quite close to the way people express them in natural language, making iteasier to build tools that explain methods and help users modify them.4. BRINGING KNOWLEDGE BACK TOGETHER: LOOSE COUPLING IN EXPECTWe have argued that by separating different kinds of knowledge and providing explicitrepresentations for them knowledge based systems created within the EXPECT framework can beeasier to understand, and because the separation provides increased modularity, they are easier toaugment and modify. In this section, we describe how the program instantiator works to match upand integrate different knowledge resources. We refer to the matching process we use as semanticmatch because resources are matched up based on their meaning as opposed to their syntax. Weargue that this loosens the coupling between resources, which can have distinct advantages forknowledge re-use and acquisition.4.1 Resolving Goals: Semantic Matching And Goal ReformulationIn many systems, matching of goals and methods is done on a fairly syntactic basis. Lexemes ingoals must match those in methods, and variables are matched by position. In EXPECT, we havetried to move toward a matching process that is based on the semantics of the goals rather than theirsyntax, and one in which reformulation can be used to achieve a match when a more direct match isnot possible. In EXPECT, the ability to provide looser coupling between goals and methodcapabilities depends on the way that they are represented. As we described in Section 3.2, bothgoals and method capabilities are represented as verb clauses. A main verb states what is to be done,using a number of slots that act as �cases� (as in case grammar). For matching, both goals andmethod capabilities are translated into Loom concepts that mirror their structure.Semantic Match One of the mechanisms EXPECT provides to achieve looser coupling is based onLoom�s classifier (one of the reasoners that Loom provides). Given an existing hierarchy of Loomconcepts (and their definitions) organized according to the subsumption relations (AKO) betweenthem, the classifier is capable of figuring out where in the hierarchy a new concept belongs, basedsolely on the definitions of the concepts. To find possible methods for accomplishing a goal, theLoom classifier is used to find those methods whose capability descriptions subsume the goal. Theclassifier provides a form of semantic match, because match is based on the meaning of concepts,not on their syntactic form. Section 3.2 described how goals are represented as Loom concepts andshowed some simple examples of how the semantic matcher works. The semantic matcher finds methods whose capabilities subsume the posted goal not only when it isgiven the class name but also when it is given a description of the type of object that needs to bematched. An example of this kind of matching occurs in our network diagnosis domain. EXPECT�sterminological knowledge contains the definition:lanbridge-23 is a COMPONENTthat is CONNECTED-TO 2 networksCONNECTED-COMPONENT is a COMPONENTthat is CONNECTED-TO some NETWORK

10When EXPECT is reasoning with its problem solving knowledge about how to achieve the goal:(diagnose (obj (instance lanbridge-23)))It will be able to match that goal with a method with the capability description:(diagnose (obj (?c is (instance-of CONNECTED-COMPONENT))))because the classifier can figure out that lanbridge-23 is a kind of component which isconnected to a network, based on the definitions of lanbridge-23 and CONNECTED-COMPONENT above. This kind of subsumption matching allows EXPECT to reason about thesemantics of a goal in terms of the meaning of its parameters.Reformulations The second mechanism that EXPECT provides for looser coupling of goals andmethods is reformulation. Usually if a method cannot be found to achieve a goal using semanticmatch, the system will attempt to reformulate the goal and then look for methods to achieve theresulting goal(s). Goal reformulation involves decomposing a goal and then assembling a new goal(or goals) by transforming pieces of the original goal based on their meaning. To be able to performgoal reformulation, one needs an explicit, decomposable representation for the goal, definitions forthe terms the goal is constructed from, and domain facts to drive the reformulation process.In EXPECT, we provide two general types of reformulations, conjunctive and disjunctive. Aconjunctive reformulation involves transforming some goal into a set of goals, where each of thegoals in the set must be performed to achieve the intent of the initial goal. Thus, a conjunctivereformulation is a form of divide-and-conquer: it splits a problem up into subpieces that togetherachieve the original goal. As in divide-and-conquer, the system must find a way of recombining theresults of each of the subproblems back into an appropriate result for the original goal for aconjunctive reformulation to be successful. A disjunctive reformulation may also reformulate aninitial goal into several goals, but at runtime, only one of the goals needs to be executed to achievethe intent of the original goal.EXPECT provides three types of conjunctive reformulations: covering, individualization, and setreformulations.A covering reformulation occurs when a goal can be transformed into several new goals thattogether �cover� the intent of the initial goal. Suppose that the following goal is posted to estimatehow many support personnel are required for a COA:(estimate (obj (specification-of support-personnel)(for (instance-of coa)))Using subsumption matching, the system would try to find methods for achieving this goal. Supposenone were found, because the system had no general method for estimating the support personnelneeded for a COA. Suppose, however, that the system did have methods for estimating particulartypes of support personnel needed for a COA. How could these methods be found? When thesystem failed initially to find a method, it would then try to reformulate the goal into new goals. Ifthe domain model contained the fact:support-personnel is partitioned byairport-support-personnel and seaport-support-personnel

11the system could reformulate the original goal into two new goals:(estimate (obj (specification-of airport-support-personnel)(for (instance-of coa)))and(estimate (obj (specification-of seaport-support-personnel)(for (instance-of coa)))The system would then be able to find the two methods for estimating particular types of supportpersonnel needed for a COA. For conjunctive reformulations, part of the reformulation processinvolves finding a function for re-combining the results of each of the reformulations to form theresult for the original goal. The appropriate function for combining results is determined by the typeof the goal. In this example, the system adds the estimates together.This sort of reformulation process reduces the need for different parts of the knowledge base tomatch up exactly, which enhances the possibilities for knowledge re-use across systems. Also,because the system explicitly reasons through the reformulation process, more of the design can becaptured to support knowledge acquisition. In this case, if the user added a new type of supportpersonnel to the knowledge base, for example unloading-support-personnel, then thesystem would use its record of this reformulation to determine that it would be necessary to performthe reformulation over again to capture the new type of support personnel. EXPECT could detect thatthe user needs to provide a method for estimating the law enforcement personnel needed for a COA.Individualization reformulations are similar to covering reformulations, except that they decomposea goal over a set of objects into a set of goals over individual objects (i.e., instances). For example,given the goal of calculating the employment personnel of the force modules in a COA:(calculate (obj (specification-of employment-personnel)) (of (force-modules coa-2)))and the domain fact that:force-modules of coa-2 are the instances:�3rd-ACR 57th-IMF CVN71-ACN the system could transform the original goal into three goals:(calculate (obj (specification-of employment-personnel)) (of (instance 3rd-ACR)))(calculate (obj (specification-of employment-personnel)) (of (instance 57th-IMF)))(calculate (obj (specification-of employment-personnel)) (of (instance CVN71-ACN)))where each of these goals corresponds to one of the instances force modules of coa-2.Individualization reformulations are used when the set of objects denoted by a concept is known atprogram instantiation time. Sometimes, however, it may be known that a set of objects will bepassed to a method, but the elements of that set may not be known at program instantiation time, that

12is, they may only be known later, at runtime. To deal with that situation, EXPECT provides a thirdkind of conjunctive reformulation, the set reformulation. When no method is found to achieve a goalthat has a set of objects in its parameters, EXPECT tries to solve the goal, at runtime, for each elementof the set in turn. For example, suppose that the following goal is posted to calculate the closuredate3 for several movements:(calculate (obj (specification-of closure-date)) (of (set-of (instance-of movement))))and there are no methods that operate on a set of movements. EXPECT reformulates this goal over aset into a goal over an individual movement:(calculate (obj (specification-of closure-date)) (of (instance-of movement)))The matcher will return the method for calculating the closure date of a movement. At executiontime, the system will loop over each of the movements in the set and calculate one by one the closuredate of the movements that are included in the set.Finally, EXPECT provides the input reformulation, which is a form of disjunctive reformulation. Itoccurs when no method can be found to handle one of the inputs to a goal, but several methods canbe found that together will cover the range of possible inputs that will occur at runtime. Forexample, given the goal:(calculate (obj (specification-of closure-date)) (of (instance-of movement)))suppose that the method library contained no method for calculating the closure date of a movementin general, but there were methods for calculating the closure date of particular types of movementsand there was a domain fact that told the system that:movement is partitioned by airlift-movement and sealift-movementthen the system could create the goals:(calculate (obj (specification-of closure-date)) (of (instance-of airlift-movement)))(calculate (obj (specification-of closure-date)) (of (instance-of sealift-movement)))the system would expand methods for each of these goals, and then create dispatching code thatwould select which method to use at runtime, based on the type of the instance of movement thatwas actually passed in. Note that unlike a covering reformulation, only one of the branches of adisjunctive reformulation needs to be executed.In summary, the loose coupling that EXPECT provides through semantic match and reformulations iscrucial to our approach to knowledge acquisition. First, by moving away from syntactic matching,users can add knowledge to a system without being as concerned with issues of form. This opens up

3The closure date is the date when all the material to be shipped has arrived at the destination.

13the possibility for greater knowledge re-use and eases collaborative work on knowledge bases. Thesecond benefit is that by having the program instantiator reason extensively about the process ofmatching up goals and methods, more of the design of the knowledge based system and theinterdependencies between parts of the system can be captured (and hence, used to formexpectations for knowledge acquisition). In reformulating goals, the program instantiator developsa rationale for how a high-level goal can be achieved in terms of lower level goals. This sort ofprocessing is often exactly the sort of reasoning that one wants to explain and use as a basis forknowledge acquisition.4.2 The Program Instantiator: Capturing InterdependenciesThe EXPECT program instantiator works in a refinement driven fashion. Initially, the programinstantiator starts with a high level goal that specifies what the expert system is supposed to do. Forexample, to create an expert system for evaluating a particular COA, the system would be given thefollowing goal:(evaluate (obj (instance-of deployment-coa)))This high level goal determines the scope of the knowledge based system that EXPECT will create.The goal above would create a knowledge based system that could evaluate a deployment-COA�but nothing else. On the other hand, a goal such as:(evaluate (obj (instance-of coa)))would create a knowledge based system that could evaluate any COA that was in EXPECT�sknowledge base (assuming appropriate problem solving knowledge was also available). Thus, asingle EXPECT knowledge base can be used to create a variety of knowledge based systems, eachscoped to cover a different (or possibly overlapping) set of problems.References to instances that appear in goals during the program instantiation phase act as �placeholders� for the actual data object that will appear when the program is executed. The use of a moregeneral or abstract instance results in the creation of a system that can handle a wide range of inputs,i.e., all the instances of that type.When a goal is posted, the program instantiator searches its problem solving knowledge to find amethod whose capability description matches the goal. This matching of goals and methods is acritical step in the program instantiator�s reasoning and was the main topic of the previous section.How it is done, and the representations that are used, have a direct effect on how maintainable andreusable the knowledge base will be and EXPECT�s ability to acquire new knowledge.Once a method is selected to achieve the posted goal, the variables in the method�s capabilitydescription are bound to corresponding instances and concepts in the goal. The body of the methodis expanded by plugging in the bindings for the variables in the body and then posting its subgoals.During this process, if any of the slots of an instance are accessed by the method, those accesses arerecorded in the design history. This record of the interdependencies between factual knowledge(instances) and problem solving knowledge is later used to form the expectations that guideknowledge acquisition. For example, if the program instantiator notes that it uses a method thatrequires information about the berths of a port, then when a new port is entered, the knowledgeacquisition routines will know that information about the berths of that new port needs to be added.

14goal: (calculate (obj (spec-of employment-personnel)) (of (inst-of deployment-coa)))achieved-by: (calculate (obj (?p is (spec-of employment-personnel)) (of (?c is (inst-of coa)))bindings: ((?p (spec-of employment personnel)) (?c (inst-of deployment-coa)))

?c)))

...goal: (evaluate (obj (inst-of deployment-coa)))achieved-by: (evaluate (obj (?c is (inst-of coa))))bindings: ((?c (inst-of deployment-coa)))method: (evaluate (obj transportation-factors) (of ?c))goal: (estimate (obj (spec-of support-personnel))

goal: (estimate (obj (spec-of seaport-support-personnel))

(for (inst-of deployment-coa)))

achieved-by: (estimate (obj ?ssp is (...

goal: (estimate (obj (spec-of airport-support-personnel)) (for (inst-of deployment-coa)))achieved-by: (estimate (obj ?asp is (...coadeployment-coa

capability: (calculate (obj (?d is (spec-of closure-date))) (of (?c is (inst-of coa))))result-type: (inst-of time-value)method: (calculate (obj ?d) (of (movements ?c)))

TERMINOLOGICAL KBPROBLEM SOLVING METHODS

jscpDOMAIN-SPECIFIC KBS +DESIGN HISTORYFigure 4. During problem solving, the program instantiator integrates the different types of knowledge that the diffferent knowledge bases contain and keeps track of how they are used (use of problem solving methods is in dark grey, use of aspects of domain entities is in light grey). These interdependencies, dynamically generated by EXPECT based on the current available knowledge, are the basis for guiding knowledge acquisition. n4 n6 n3 n5 ... ...capab: (calculate (obj (?d is (spec-of employment-personnel))) (of (?c is (inst-of coa))))

goal: (calculate (obj (spec-of closure-date)) (of (inst-of deployment-coa)))achieved-by: (calculate (obj (?d is (spec-of closure-date))) (of (?c is (inst-of coa))))bindings: ((?d is (spec-of closure-date)) (?c (inst-of deployment-coa)))method: (calculate (obj ?d) (of (

15A key advantage for knowledge acquisition of EXPECT�s approach is that the program instantiatorexplores all the possible execution paths through the knowledge based systems it creates. It thuscaptures all the interdependencies between factual and problem solving knowledge, somethingwhich is not possible to do by analyzing execution traces, for example, since each analysis will onlycover one execution path through the system.Figure 4 shows a partial view of how the program instantiator expands goals. The top-level goalgiven to the system is to evaluate an instance of a deployment course of action. This is the goalposted in node n1. The matcher finds a method whose capability can achieve this goal, and themethod’s capability, the bindings, and the method’s body are recorded in the node. After thebindings are substituted in the method body, the subgoal of evaluating the transportation factors ofthe COA would arise, and successive goal expansions would produce the goals in nodes n2 and n6.Notice that even though the method used to achieve the goal in n1 can be used for any kind of COA,the bindings specify that is used for deployment COAs and the system propagates this more specifictype as it expands the subgoals. When no method is found to match a goal, EXPECT tries toreformulate the goal and try matching again. For example, the goal in node n2 is achieved by acovering reformulation of the object parameter of the goal.During the process of expanding the goals, the program instantiator also keeps track of theinterdependencies between the different components of the knowledge bases. Let us look moreclosely at node n6 in Figure 4. The goal of calculating the closure date of a deployment COA isachieved with a method whose body indicates that the system must calculate the closure date of allthe movements of the COA. Since movements is a slot (or role in Loom terminology) of theconcept COA, the system annotates that COA movements are used by the method in this node. Thefactual domain knowledge is effectively being linked to the problem-solving knowledge that uses it.This is shown with thick gray lines in the figure. Furthermore, the bindings in the node indicate thatmovements are used (and thus needed) for deployment COAs, but not for other types of COAs.5. FLEXIBLE KNOWLEDGE ACQUISITIONBy representing separately and explicitly knowledge of different types, EXPECT allows users tomake changes to the knowledge bases in terms that are meaningful in the domain. By deriving theinterdependencies between the different types of knowledge as they are used for problem solving,EXPECT can provide guidance for knowledge acquisition that is dynamically generated from thecurrent content of the knowledge bases. By representing explicitly problem-solving methods,EXPECT can reason about their components and support users in modifying any component of themethods. This section describes very briefly how EXPECT’s knowledge acquisition tool takesadvantage of the architectural features described in this paper, see [Gil, 1994; Gil and Paris, 1994]for a more detailed description of the knowledge acquisition tools.Using Problem-Solving Knowledge to Guide the Acquisition of Factual Domain KnowledgeEXPECT’s knowledge acquisition tool supports users in entering factual domain knowledge byautomatically generating a dialogue that requires the information needed for problem-solving asindicated by the interdependencies captured by the program instantiator. Let us go back to theexample in Figure 4. For example, when a user wants to define an instance of a new COA EXPECTwill examine the interdependencies derived by the Program Instantiator. EXPECT realizes that onlydeployment COAs are evaluated (according to the top-level goal in node n1), and that other kinds ofCOAs (such as employment COAs) are not evaluated. Based on that information, EXPECT will firstrequest the user to be more specific about the COA. To provide maximum support to the user inproviding this information, EXPECT generates a menu of options that correspond to the different

16kinds of COAs that are known to the system. The system continues to request the user to be morespecific for as long as the subtypes of the currently specified type are used differently by the system.Next, EXPECT examines the interdependencies to request the data needed about a deployment forproblem solving. It notices that the roles used in the methods are force-modules and movements.According to the knowledge that is currently available to the system, the JSCP (Joint StrategicCapabilities Plan) information is not used for COA evaluation. (JSCP information specifies highlevel directives that are irrelevant for COA evaluation.) Thus, EXPECT requests the user to enter theforce modules and movements of the COA and makes the JSCP information optional. Again, tosupport the user as much as possible, EXPECT generates a menu with the force modules and themovements that are currently defined in the system as suggestions for possible fillers.If the user adds a step to a problem-solving method that uses the JSCP of a COA, EXPECT willautomatically detect this new interdependency and ask the user to provide this information for anyCOAs.Using Factual Domain Knowledge to Guide the Acquisition of Problem-Solving KnowledgeSuppose now that the domain knowledge changed and a new subclass of support personnel wasadded, e.g., unloading-support-personnel. EXPECT would then detect that to estimate thesupport personnel for a COA in node n2 it now generates three subgoals in the coveringreformulation instead of two, and as a result it needs to have a problem-solving method forestimating the unloading-support-personnel needed for a COA. EXPECT guides the userin specifying the new method by reusing one of the other two as a rough initial version for the newmethod that the user can correct by changing any of its components.In addition to adding new problem-solving methods, EXPECT’s knowledge acquisition tool supportsusers in modifying existing methods. For example, a user may add a new step in a method to use thepriority of a movement in a COA to decide whether or not to use more resources for transportation.Suppose that the priority of a movement is not defined, and that priorities are defined as relationsthat only apply to mission objectives. Based on this domain knowledge, EXPECT notifies the userthat the priority of a movement is not defined and thus cannot be used by a method. EXPECT alsopresents to the user with a menu of all the roles that are defined for movements as options to be usedin the method.As always, the knowledge acquisition dialogue is updated if the underlying interdependencieschange. In this case, if the definition of the role "priority" is changed so that it is defined for a COAthen the system would allow the user to use the priority of a COA.Discussion EXPECT’s knowledge acquisition tool can:1) derive the interdependencies between domain and problem-solving knowledge2) use these interdependencies to guide knowledge acquisition3) provide suggestions to the user about how to resolve an acquisition problem based on the nature of the interdependencies4) justify, when asked to do so, the reasons for requesting the user’s intervention based on the derivation of the interdependencies5) support users in adding new problem solving methods and in changing the internal steps of existing ones because they are explicitly represented and their relation with domain knowledge is automatically derived.

17All these features are important for the flexibility of EXPECT’s knowledge acquisition tool, and arepossible because of its architectural features as they are described in this paper.Other knowledge acquisition systems, such as BLIP [Morik, 1989] and KREME [Abrett andBurstein, 1987] have used description logics. However, their goals have been complementary toours. BLIP has shown how concept definitions can be inferred from domain facts using machinelearning technology, and KREME provides a variety of tools that primarily support a user inbuilding a domain model and domain facts. Our concern, on the other hand, has been to capture howa domain model is constrained by the way it is used in solving problems, and to use those constraintsto guide knowledge acquisition.KSSn [Gaines, 1994] is very close in spirit to EXPECT. Like EXPECT, KSSn uses a description logicrepresentation to capture domain concepts, facts and relations. In our view, a major differencebetween the two frameworks is the way in which the description logic inference mechanisms (suchas the classifier) are used. In KSSn, the inference mechanisms are used at runtime to help derive asolution. EXPECT uses the inference mechanisms at a meta level. That is, the inference mechanismsare used to put together a set of program modules that will solve the problem, but the inferencemechanisms are not used in the problem solving effort itself. One of the reasons we chose thisapproach is that we wanted the option of supporting kinds of reasoning (such as reasoning withuncertainty) that are not yet supported by Loom.6. SUMMARYSecond generation expert system frameworks have advanced over first generation frameworks byproviding ways of representing knowledge that separates different kinds of knowledge and makesexplicit the distinctions among them. This has resulted in better tools for knowledge acquisition. Inthis paper, we have argued that additional advances in acquisition can be made by structuringproblem solving knowledge so that intent is more explicitly represented and by the use of automatedtools for recombining the different kinds of knowledge. We argued that the process of combiningknowledge together to solve problems should be done by the machine so that the interdependenciesbetween problem solving and factual knowledge that guide knowledge acquisition can be derivedautomatically. We presented a verb clause based representation for goals and method capabilitiesthat captures the interrelationships between the action to be performed and the parameters involved.We argued that the architecture should support loose-coupling of different knowledge sources so thatusers adding knowledge to a system can focus on the meaning of what they are adding, rather thanparticular terms or syntax. Finally, we described the major mechanisms that EXPECT uses forcombining knowledge together, semantic match and reformulation. These architectural featuresmake explicit the knowledge needed to support more flexible and powerful knowledge acquisitiontools.ACKNOWLEDGMENTSThe authors would like to thank the current and former members of the EXPECT and EES projects,especially Pedro Gonzalez, Bing Leng, Vibhu Mittal, Johanna Moore, Robert Neches, Cecile Paris,Ramesh Patil, and Marcelo Tallis for their hard work and thoughtful insights that contributed greatlyto this research.

18The work described here has been supported by Rome Laboratory and the Advanced ResearchProjects Agency under contract DABT63-91-C-0025, and under NASA Ames cooperativeagreement number NCC 2-520.REFERENCES[Abbrett and Burstein, 1987] G. Abbrett and Mark Burstein. The KREME knowledge editingenvironment. In International Journal of Man-Machine Studies (1987) 27, pp. 103-126.[Anzai and Simon 1979] Y. Anzai and H. A. Simon. The Theory of Learning by Doing. InPsychological Review, 86(2) 124-140, 1979. [Bachant and Soloway, 1989] J. Bachant and E. Soloway. The Engineering of XCON inCommunications of the ACM, 32(3) 311-317, March 1989.[Chandrasekaran and Mittal, 1982] B. Chandrasekaran and S. Mittal. Deep versus compiledknowledge approaches to diagnostic problem solving. In Proceedings of the National Conferenceon Artificial Intelligence. AAAI, 1992.[Chandrasekaran, 1986] B. Chandrasekaran. Generic tasks in knowledge-based reasoning. IEEEExpert , 1(3):23-30, 1986.[Clancey, 1983a] W.J. Clancey. The advantages of abstract control knowledge in expert systemdesign. In Proceedings of the National Conference on Artificial Intelligence, pages 74-78,Washington, DC, 1983. AAAI.[Doyle and Patil, 1991] J. Doyle and R.S. Patil. Two theses of knowledge representation: languagerestrictions, taxonomic classification, and the utility of representation services. ArtificialIntelligence 48(3) 261-297.[Clancey, 1983b] W.J. Clancey. The epistemology of a rule-based expert system: A framework forexplanation. Artificial Intelligence, 20(3):215-251, 1983.[Gaines 1994] Gaines, B.R. A situated classification solution of a resource allocation taskrepresented in a visual language. International Journal of Human-Computer Studies 40(2) 243—271.[Gil 1994] Gil, Y. Knowledge Refinement in a Reflective Architecture. In Proceedings of theNational Conference on Artificial Intelligence (AAAI-94), 1994.[Gil and Paris 1994] Gil, Y., and Paris, C.L. Towards Method-Independent KnowledgeAcquisition. In Knowledge Acquisition, 6 (2), pp. 163-178, 1994.[Hasling et al., 1984] D.W. Hasling, W.J. Clancey, and G. Rennels. Strategic explanations for adiagnostic consultation system. International Journal of Man-Machine Studies, 20(1), 1984.[Neches et al., 1985] Robert Neches, William Swartout, and Johanna D. Moore. EnhancedMaintenance and Explanation of Expert Systems Through Explicit Models of TheirDevelopment. IEEE Transactions on Software Engineering, SE-11(11):1337-1351 November1985.[MacGregor 1988] MacGregor, R. A Deductive Pattern Matcher. In Proceedings of the SeventhNational Conference on Artificial Intelligence. St. Paul, MN, August 1988.[MacGregor 1990] MacGregor, R. The Evolving Technology of Classification-Based KnowledgeRepresentation Systems. In John Sowa (ed.), Principles of Semantic Networks: Explorations inthe Representation of Knowledge. Morgan Kaufmann, 1990.[Morik, 1989] K. Morik. Sloppy Modeling. In Knowledge Representation and Organization inMachine Learning. Morik, K. (ed), Springer-Verlag, 1989.

19[Musen and Tu 1993] Musen, M. A., and Tu, S. W. Problem-solving models for generation of task-specific knowledge acquisition tools. In J. Cuena (Ed.), Knowledge-Oriented Software Design,Elsevier, Amsterdam, 1993. [Swartout et al., 1991] William R. Swartout, Cecile L. Paris, and Johanna D. Moore. Design forexplainable expert systems. IEEE Expert, 6(3):58-64, June 1991[Swartout, 1981] W. Swartout. Explaining and justifying expert consulting programs. I n Proceedings of the Seventh International Joint Conference on Artificial Intelligence. 1981.[Swartout, 1983] W.R. Swartout, Xplain : A system for creating and explaining expert consultingsystems. Artificial Intelligence, 21(3):285-325, September 1983. Also available as ISI/RS-83-4.[Swartout and Moore 1993] Swartout, W. R., and Moore, J. D. Explanation in second-generationexpert systems. In J.-M. David, J.-P. Krivine, and R. Simmons (Eds.), Second GenerationExpert Systems, Springer-Verlag, 1993.[Wielinga and Breuker, 1986] B.J.Wielinga and J.A. Breuker, Models of Expertise, ECAI 1986,497-509.