Knowledge Acquisition witha Knowledge-Intensive Machine Learning SystemClifford A. Brunk and Michael J. PazzaniDepartment of Information and Computer ScienceUniversity of CaliforniaIrvine, CA 92717(brunk@ics.uci.edu)(pazzani@ics.uci.edu)AbstractIn this paper, we investigate the integration of knowledge acquisition and machinelearning techniques. We argue that existing machine learning techniques can bemade more useful as knowledge acquisition tools by allowing the expert to havegreater control over and interaction with the learning process. We describe anumber of extensions to FOCL (a multistrategy Horn-clause learning program) thathave greatly enhanced its power as a knowledge acquisition tool, paying particularattention to the utility of maintaining a connection between a rule and the set ofexamples explained by the rule. The objective of this research is to make themodification of a domain theory analogous to the use of a spread sheet. Aprototype knowledge acquisition tool, FOCL-1-2-3, has been constructed in orderto evaluate the strengths and weaknesses of this approach.

11.0 IntroductionThe emphasis of our research has been on the integration of machine learning and knowledgeacquisition techniques to facilitate the refinement of rule-based expert systems. At one level,learning can be viewed as a process of translation from an input representation into a targetrepresentation. However, generally it is desirable that the learning program do more than faithfullyrecord all of the information presented to it. The purpose of a learning algorithm is to generalize,distill or abstract the input information into a more useful form. From the perspective ofknowledge acquisition, machine learning programs such as ID3 (Quinlan, 1986), EITHER(Ourston & Mooney, 1990)), KBANN (Shavlik & Towell, 1989), FOIL (Quinlan, 1990),GOLEM (Muggleton & Feng, 1990), FOCL (Pazzani & Kibler, 1992; Pazzani, Brunk &Silverstein, 1991), FORTE(Richards & Mooney, 1991), and AUDREY (Wogulis, 1991) are justblack box abstraction machines. Given a collection of examples (and possibly some backgroundknowledge) each algorithm outputs a description of these examples in an alternate representation- adecision tree, a set of rules, or a network of weights. Usually the only control one has over thesealgorithm comes in the form of example selection and parameter specification. This limited form ofcontrol requires that the user have a detailed understanding of the learning algorithm. Theinteractive learning system, CLINT (DeRaedt & Bruynooghe, 1989;1992), is an example of analgorithm that begins to open the learning process. Learning in CLINT is guided by the user’sanswers to system generated queries. The MOBAL (Morik, 1991) environment extends the levelof cooperation between the user and the learning algorithm even further offering a balancedcooperative approach in which the user is free to enter any information that the system might use.The interaction between the user and the learner is not rigidly dictated by the algorithm. BeyondMOBAL, FOCL-1-2-3 offers a balanced cooperative approach to knowledge acquisition andallows the user more control over the learning algorithm than previous systems.We do not advocate eliminating the knowledge engineer from the knowledge acquisition process; inthe near term we do not believe it is realistic for an unaided domain expert to interact directly with aknowledge acquisition tool to create a knowledge base. However, the creation of knowledgeacquisition tools that provide a medium for communication between the domain expert and theknowledge engineer will help the knowledge base creation process. The balanced cooperativeapproach to learning is a large step in the right direction in terms of integrating machine learning andknowledge acquisition techniques. However, we feel that it is equally important to open thelearning algorithm itself- making it more accessible and easier to understand. FOCL-1-2-3 is anextension of the multistrategy first order Horn-clause learning program FOCL that incorporates bothof these approaches. FOCL-1-2-3 extends FOCL in three significant ways. First, we have

2incorporated a graphic interface which allows dynamic visualization of the learning process.Second, we have integrated expert interaction into the low level learning algorithm by allowing theexpert to select from a set of hypothesis. Third, we have extended the derivation structure thatFOCL generates to include the examples that motivate each literal.In addition to opening the learning process, we have added a number of features to FOCL thatfacilitate the knowledge acquisition process. The current generation of knowledge acquisition tools(e.g., Davis, 1978; Marcus, McDermott, & Wang, 1985; Wilkins, 1988) are useful in helping theuser to discover why a single example is not classified correctly and in helping to identify a changeto the knowledge base to correct this single example. However, they do not provide tools toassess the impact of this change on other examples that are correctly or incorrectly classified by theknowledge base. As a consequence, modifying a knowledge-base can be a time consumingactivity in which changes in one rule produce unforeseen consequences that require changes inother rules. In contrast, the machine learning techniques we are employing use sets of examples tosuggest revisions to the knowledge base. From the user’s point of view, this technologysimplifies the maintenance of the rule base of a knowledge-based system, by eliminating theiterative process of making a change based on a single example, and then discovering the impact ofthis change on other examples. In order to allow the user to manipulate and inspect a largenumbers of examples in a coherent fashion, we have incorporated a spread sheet style interface.The objective of this research is to make the modification of a domain theory analogous to the useof a spread sheet. That is, a change in the knowledge base should automatically update summarystatistics describing which examples in a database are correctly classified by the knowledge base.Under user control, the specific examples that are affected by the change may be displayed.Furthermore, a change to the database should automatically update information on the accuracy andcoverage of rules in the knowledge base. In addition (and unlike a spread sheet), changes to thedatabase should result in the automatic creation of new rules (subject to expert inspection andconfirmation) that abstract regularities from the data. Towards this end FOCL-1-2-3 maintains aclose connection between examples and associated rules. Figure 1 illustrates how this informationis currently made available to the user. The display indicated that eligible_for_deferment is true ofeighteen people who are not required to pay back on their student loan and two people who are.The user has requested to see the examples which satisfy student_deferment, the rule responsible forcovering the two negative examples. From this information, one can determine that three of the sixstudents not required to pay back their loans are enrolled in 12 units, while the remaining studentsnot required to pay back their loans are either enlisted in the armed forces (and thus eligible for amilitary deferment) or disabled (and thus eligible for a disability deferment). Furthermore, none

3

military_deferment(?Person)

7+ 0-

6+ 2-

enrolled_in_more_than_n_units(?Person 10)

6+ 2-

enrolled(?Person ?School ?Units)

school(?School)

>(?Units 10)

�

disability_deferment(?Person)

6+ 0-

4of the students who are required to pay back their loans are enrolled in more than 11 units. Thisdisplay gives a knowledge engineer familiar with the domain the information needed to revise thedefinition, by increasing the number of units required for a student deferment to more than 11.In the remainder of this paper, we first describe the learning system, FOCL. Next, we discussFOCL-1-2-3 and the extensions that have increased its utility as a knowledge acquisition tool.Finally, we discuss limitations of the system, outline the direction of our future work and drawpreliminary conclusions about the approach we have taken.2.0 FOCLFOCL is a multistrategy relational learning program based on the inductive learning algorithmFOIL (Quinlan, 1990). In this section, we give a brief overview of FOCL for those unfamiliarwith the system. For a detailed description of the FOCL algorithm and a complexity analysis see(Pazzani & Kibler, 1992).FOCL uses a separate-and-conquer approach guided by an information-based heuristic to producea set of clauses such that all the positive examples are covered by at least one clause and nonegative example is covered by any clause. Even though FOCL employs a number of differentlearning strategies, it uses a single information-based evaluation function to guide learning withineach component and to control the interaction between components. FOCL was designed to learnHorn-clause descriptions by combining analytical and empirical learning. As a consequence of thiscombination of learning methods, FOCL can utilize incomplete and incorrect domain theories(Mitchell, Keller, & Kedar-Cabelli, 1986; Rajamoney, & DeJong, 1987). FOCL uses the rulebase of an expert system as the domain theory required by explanation-based learning andprocesses a collection of examples. FOCL extracts the portions of the domain theory that correctlyclassify examples, patches the portions of the domain theory that are useful but incorrect anddiscards the portions which have no information gain.FOCL can be viewed as having two operators: add-clause which starts a new clause with thebody true, and add-literals which adds literals to the end of the current clause body. FOCLperforms the add-literals operator until no negative examples are covered by the clause. When aclause is formed, the positive examples covered by that clause are removed and FOCL performsthe add-clause operator on the remaining examples, adding new clauses until all positiveexamples are covered by some clause. FOCL, like FOIL, uses an information-based metric toevaluate when to add a literal to a clause under construction. However, unlike FOIL, FOCL canuse either an empirical (i.e., inductive) component or an analytical (i.e., explanation-based)

5component to add literals to a clause. The result of this combination of methods is that the systemcan make use of domain knowledge when available to constrain the search for a concept definition.However, when the domain knowledge is incomplete or incorrect, the literals proposed by theanalytical component will have less information gain than the literals proposed by the empiricalcomponent and new literals will be added by empirical methods.2.1 Empirical Learning ComponentsThe empirical learning components make use of three kinds of semantic knowledge to constrainsearch: argument type information (whether a specific argument must be of a specific sort),argument mode information (whether a specific argument must be bound or unbound) andargument constraint information (e.g., whether the predicate is commutative). In addition tochecking all possible bindings of arguments to variables, it is possible for FOCL to considerargument bindings which contain constants.2.1.1 InductionWithin FOCL, inductive methods for adding literals compute the information gain of everyconsistent binding of every relation and select the relation and argument binding with the highestgain. There are three variants of the induction component. The extensional induction componentwhich is identical to FOIL performs induction over the relations defined as sets of positive andnegative instances. The built-in induction component performs induction over relations defined asprimitive lisp functions such as < and equal. The intensional induction component performsinduction over the relations defined as rules. If an intensional relation has the maximuminformation gain, it is operationalized in the same manner that the target concept is operationalizedby the analytical-component. This process is discussed in Section 2.2.2.1.2 Clich� InstantiationClich�s (Silverstein & Pazzani, 1991) are templates that specify relation and variablizationrestrictions on the generation of conjunctions of literals. Clich�s differ from the rule models ofMOBAL and the second-order schemata of CLINT in that they specify restrictions on both therelations which can be conjoined and on the arguments bindings of those relations. The clich�instantiation mechanism allows the empirical component a limited form of multiple step look aheadwhich aids FOCL’s normal hill-climbing approach. The restrictions imposed by the clich�constrain the exponential explosion which would result from trying all pairs or triples of literals.

62.1.3 Determinate AdditionMuggleton & Feng (1990) introduced the notion of using determinacy and Quinlan (1991)incorporated a similar idea into FOIL. FOCL’s implementation of determinacy is similar to FOIL’sexcept that FOCL uses determinacy templates to create determinate literals. A determinacy templatefor a relation specifies a mode restriction and an associated determinacy. For instance thedeterminacy templates for the relationfather(?father ?child) = { (mike karen) (mike lynn) (jim lisa) (jim cynthia) (jim mike) (bob brit) }would be (((:- :+) 1) ((:+ :-) 3)). This indicates that if ?child is specified then ?father can be determineduniquely, while if ?father is specified then in this data set there are at most three possible values for?child. When all other learning components fail to produce a literal or conjunction with positiveinformation gain, the determinate addition component adds all determinate literals of a specifieddeterminacy to the current clause, then learning continues from this new state. The assumption isthat the determinate literals will provide some bindings that further learning can take advantage of.2.1.4 Simplification (Clause Generalization)The simplification process can be invoked when FOCL has finished learning a clause, or when theanalytical component has found a useful conjunction of literals. The simplification process deletesliterals from the clause or conjunction that do not contribute to the definition. The deleted literalseither unnecessarily exclude positive examples or exclude no negative examples. Simplification ishelpful in generalizing overly specific domain knowledge, and in overcoming the effects of greedysearch (Quinlan, 1990).2.2 Analytical Learning Components Like all explanation-based learning systems, FOCL’s analytical component requires a targetconcept, (i.e., a non-operational definition of the concept to be acquired), a domain theory (i.e., aset of rules, such as the rule base of the expert system, that relates the non-operational definition tooperational predicates), a set of operational predicates (i.e., features that the examples areexpressed in terms of), and a set of classified training examples. FOCL computes the informationgain of the target concept. If the target concept has positive information gain, then FOCL extractsthe portion of the target concept that gives correct classification by an operationalization process.Otherwise, FOCL employs an empirical component. This strategy insures that FOCL uses asmuch of the user provided domain theory as possible, but disregards those parts of the domaintheory that misclassify large numbers of examples.

7In FOCL, the operationalization process differs from that of EBL in that it attempts to find a proofthat is true of many positive examples and few negative examples rather than a proof of a singleexample. The operationalization process descends the path of maximum information gain from thetarget concept through the domain theory until it finds a conjunction of extensionally definedliterals. These literals are then added to the clause under construction where they may bespecialized by the empirical component (if the proof explains some negative examples.) Thisprocess is illustrated graphically in Figure 2.3.0 FOCL-1-2-3FOCL-1-2-3 is a knowledge acquisition environment based on FOCL that incorporates a graphicuser interface that allows: dynamic visualization of the learning process, selection of alternatehypothesis to direct low level learning, and manipulation of both facts and rules. In additionFOCL-1-2-3 includes mechanisms to define examples in terms of relations and analyzing rulecoverage. In keeping with the balanced cooperative approach it is possible to invoke the learningalgorithm on any sub-problem in the knowledge base. The user specifies a learning task byselecting a set of examples and possibly a target concept. Alternatively, the user can enterdefinitions for new relations or modify existing relations at any time.3.1 Visualizing the Learning ProcessWe believe that dynamic visualization of the learning process will prove helpful for anyone usingFOCL-1-2-3. Instead of developing an abstract mental model of FOCL’s learning process, there isan explicit graphic representation that the user can relate to. This explicit representation has madethe learning algorithm much easier to observe and explain. We believe that integrating this kind ofvisualization technique into a knowledge acquisition tool can facilitate the exchange of informationbetween the knowledge engineer and the domain expert.Figure 2 is a snap shot of the operationalization process described in section 2.2. In the figure,there are 12 positive and 23 negative examples of no_payment_due remaining. There are twoalternative ways that no_payment_due could be true (continuously_enrolled or eligible_for_deferment). Thefirst is true of 9 positive examples and 13 negative examples, while the second is true of 8 positiveand 9 negative. Because the second has higher information gain, FOCL recursively operationalizesit and finds that peace_corp_deferment and student_deferment both are true of 2 positive and nonegative examples. The first is selected randomly for further operationalization and eventually theoperationalization process returns the conjunction enlist(?0 ?1) and peace_corps(?1) which representsthe rule that a person enlisted in the peace corps is not required to make student loan payments.

8

continuously_enrolled(?0)9+ 13- [2.29]

8+ 9- [3.65] military_deferment(?0)0+ 0- [ 0.0] enlist(?0 ?1)armed_forces(?1)

2+ 0- [3.09] 2+ 0- [3.09]

�financial_deferment(?0)5+ 9- [0.294]

�student_deferment(?0)2+ 0- [3.09] disability_deferment(?0)0+ 0- [ 0.0] disabled(?0)

9learned rule, while this fact is not about an individual student. A relational language providesadditional expressiveness to the learned rules but also complicates the task of displaying anexample, or even deciding what an example is. Should (four-year-university UCI) be presented to theuser when information about student S14 is requested? Our solution is to supply FOCL-1-2-3 withexample templates that represent user defined ways of viewing information from the database.Example templates tell the system what related information to present when displaying an instanceof a specific relation. Example templates can be created manually or a default view is createdautomatically.If the user asks to see some examples of a particular predicate the system retrieves the associatedtemplate, collects the related data and presents the user with the desired information. For instancein Figure 3, the system is displaying the examples of no_payment_due(?Person) that satisfy the literalenlist(?Person ?Organization). Although, the tuples that satisfy enlist(?Person ?Organization) are of theform (:person :organization) the example template for no_payment_due specifies that additioninformation including length of absence from school and employment status should be presented.3.3 Manipulating Examples and RelationsIn order to allow the user to deal with large numbers of examples in a coherent fashion, we haveincorporated a spread sheet style interface into FOCL-1-2-3. The interface allows the user toinspect and manipulate a set of examples in a fashion which is analogous to a spread sheet.

10relation label is the relation name and the second line is the relation argument. All of theinformation associated with an example appears in the same row as the example label. For instancethe school Mark Richman is enrolled in can be found in row MARK-RICHMAN and column enrolled?School. If there are multiple values for a given relation they appear as multiple entries. Forinstance, Lisa Ford is enrolled both at OCC and SMC. For relations arity two and higher relationsthe values of all none example label bindings are displayed in the table. Arity one relations arehandled specially. Instead of displaying the argument bindings, the truth value of the relation isdisplayed. For example, filed_for_bankruptcy (lisa-ford) is a fact in the knowledge base and thereforethe corresponding cell contains a t.Using the spread sheet style interface, a value within a relation can be changed by selecting theassociated cell in the display and entering the new value. All assertions associated with a givenexample can be retracted from the knowledge base by deleting the cell associated with the example.Similarly, relations can be deleted from the knowledge base by deleting the cell associated with therelation. In a future implementation, it will also be possible to add new examples and newrelations to the knowledge base in a similar fashion. Once the modifications are complete, thechanges are propagated throughout the system and the change in the coverage of any rule will bereflected.In addition to the interface for manipulating examples and extensionally defined relations, we havecreated a graphic rule editor for FOCL-1-2-3. The rule editor displays a graphic representation ofan intensionally defined relation. Using the rule editor a knowledge engineer can add literals to aclause, delete literals from a clause, reorder literals within a clause, add clauses to a rule, deleteclauses from a rule, and change the rule’s argument specifications. An innovative feature of therule editor is that it retains the examples from the context in which it was invoked. Then the effectof any modification to the rule can be analyzed in terms of the coverage of these examples. Forinstance, Figure 4 shows summary information next to each clause. The specific examples canalso be displayed (as in Figure 1). In cases where multiple uses of the same rule occur, theexamples presented to each of these occurrence are collected and input to the editor. Since theeditor environment is distinct from the knowledge base, the expert can evaluate alternate ruledefinitions without affecting the entire knowledge base. As with the example interface, once themodifications are complete the changes are propagated throughout the system.

11

12

13no_payment_due(?Person)23+ 17- continuously_enrolled(?Person)14+ 13- enrolled_in_more_than_n_units(?Person 5)14+ 13-enrolled(?Person ?School ?Units)school(?School)

>(?Units 5)14+ 13- eligible_for_deferment(?Person)21+ 9- military_deferment(?Person)7+ 0-enlist(?Person ?Y)armed_forces(?Y)7+ 0- peace_corps_deferment(?Person)2+ 0-enlist(?Person ?Organization)peace_corps(?Organization)2+ 0- financial_deferment(?Person)9+ 9-enrolled(?Person uci ?Units_1)5+ 9-filed_for_bankruptcy(?Person)4+ 0- student_deferment(?Person)2+ 0- enrolled_in_more_than_n_units(?Person 11)2+ 0-enrolled(?Person ?School ?Units)school(?School)

>(?Units 11)2+ 0- disability_deferment(?Person)6+ 0-disabled(?Person)6+ 0-

?Units 5) never_left_school(?Person)longest_absense_from_school(?Person ?Months)

>(6 ?Months) eligible_for_deferment(?Person) military_deferment(?Person)enlist(?Person ?Y)armed_forces(?Y) peace_corps_deferment(?Person)enlist(?Person ?Organization)peace_corps(?Organization) financial_deferment(?Person)filed_for_bankruptcy(?Person) student_deferment(?Person)

�enrolled_in_more_than_n_units(?Person 11) disability_deferment(?Person)disabled(?Person)

15Next, KR collects all the clauses from the learned description that were learned via empiricalmethods alone. Again the user is presented with two disjoint graphs only this time the user isasked to select an attachment point for which the empirical literals will form a new disjunct. Figure7 illustrates this. During learning the induced clause unemployed(?0) was learned as a disjunct forno_payment_due(?0). The knowledge engineer is presented with this default attachment point andgiven the option selecting another.Finally, KR suggests deleting literals and clauses that were not needed to obtain correctclassification. These include literals that were removed during a simplification process andportions of the domain theory that were never operationalized.FOCL-1-2-3 addresses some of the limitations of KR-FOCL. KR-FOCL did not explain why itrecommended certain revisions. FOCL-1-2-3 maintains a more complete derivation which includesthe examples that satisfy each literal. Combined with a description of the revision heuristics theseexamples provide an explanation of the revision recommendation. Instead of serially askingverification questions about a large number of possibilities as KR-FOCL did. FOCL-1-2-3presents the expert with a graphic editor and a suggested revision. The expert can choose to acceptthe revision as is, propose a different revision, or skip to the next suggestion. Additionally, wehave begun to add capabilities similar to programs such as SEEK (Politicks & Weiss, 1984) thatcan quickly assess the impact of revision. It is no longer necessary to re-run FOCL or re-analyzethe entire target concept to determine the impact of a change. Re-analysis is performedautomatically and limited to the affected portions of the knowledge base.3.6 Other ToolsMost of FOCL-1-2-3 is designed to help the user identifying logical errors in a rule base.However, it also checks the syntactic structure of the rule base. Currently, four types of errors aredetected: using any predicates that are not defined, using the wrong number of arguments in apredicate, using arguments that are not consistent with the type declaration and making sure eachvariable in a clause is used more than once. If any of these errors are detected, FOCL-1-2-3collects all warnings about a rule, and opens up an editor window that allows the knowledgeengineer to see the warning messages and to correct the rule definition. Figure 8 illustrates onesuch example.

16;wrong number of arguments:; (enrolled_in_more_than_n_units 5) uses (person number);singleton var ?s in (never_left_school ?s)(def-rule continuously_enrolled :vars (?student) :type (person) :mode (:?) :clauses ( ((continuously_enrolled ?student) (never_left_school ?s) (enrolled_in_more_than_n_units 5)) ) :induction t :constraint nil :commutative nil :determinacy nil :questions (?student has been continuously enrolled in school since taking out the loan) )Edit continuously_enrolled(?Student)

17Another of FOCL’s limitations is that learning occurs at a very syntactic level. Currently, the onlysemantic knowledge that FOCL utilizes comes in the form of a limited ontology of relations usedby the clich� instantiation mechanism and a rudimentary type system. By extending the ontologyand integrating it into the other learning components, it would be possible using a relevance metricto decrease the space that FOCL searches. Similarly, by enhancing the sort system to handlehierarchical typing, the search space can be reduced thereby increasing the effectiveness of thelearning components.FOCL-1-2-3 does not address the problem of knowledge integration. Since the system does nothandle structured objects, knowledge integration usually devolves to relation modification.However, sophisticated knowledge integration techniques like those found in KI (Bareiss, Porter& Murray, 1989) can be incorporated as we begin to deal with more complex representationlanguages and structured objects.Currently, we have only tested FOCL-1-2-3 on a small number of knowledge bases: the studentloan domain, a trade negotiations domain, and a track identification domain. FOCL-1-2-3’sinterface is Macintosh dependent, as a result the size of the domains are limited. However, theunderlying learning algorithm which is machine independent has been tested on larger problemsand appears quite robust. We are in the process of expanding FOCL-1-2-3’s repertoire.We are developing a protocol to evaluate the effectiveness of the extensions in FOCL-1-2-3. Weplan to conduct two experiments in the context of an upper division undergraduate class on expertsystems. The first experiment will assess the new learning-revision mechanism’s ability toperform autonomous theory revision and compare it to the students’ ability. The secondexperiment will evaluate the utility of the learning-revision mechanism in the knowledge acquisitionprocess. Students will construct a knowledge base using FOCL-1-2-3 with and without thelearning-revision component. The creation time, accuracy and generalizability of each knowledgebase will be compared. Systematically evaluating the utility of each of the knowledge acquisitionextensions incorporated into FOCL-1-2-3 is important, but the time required to do so isprohibitive. Thus, we are focusing on what we feel to be the most important component.However, we intend to survey the class to determine their feelings about the utility of variouscomponents.

185.0 ConclusionsIn a large system, it is difficult for a user to anticipate the impact that a change made to theknowledge base will have on the coverage and correctness of the classification of examples in adatabase. We have attempted to address this issue by developing graphical methods to summarizethe effect of changes. FOCL-1-2-3 is a further step in the integration of knowledge acquisition andmachine learning techniques. It offers an open learning algorithm and a balanced cooperativeapproach to knowledge acquisition while incorporating a number of novel features including:¥ a dynamic graphic representation of the learning process,¥ a rule editor that can assess changes to a rule in terms of local example coverage,¥ a spread sheet like interface for manipulating examples and facts,¥ a mechanism for quickly assessing the affect of modifications to the knowledge base, and¥ a technique for maintaining a connection between rules and the examples they cover.This latter technique is useful for providing a context in which the expert can reason about rules.In the future these examples will provide the basis for automation of the revision process. Weenvision a revision component that interacts with the expert in a fashion similar to the learningcomponent. The revision component will analyze a myriad of possible revisions and cull fromamong them a specified number of the best that will be suggested to the knowledge engineer.One feature that distinguishes FOCL from many other learning systems is its ability to performrecurrent learning. FOCL can utilize the descriptions it learns as background knowledge and istherefore capable of assisting in complex theory formation tasks. As a trivial example, assume thatFOCL had not been provided with an intensional definition of continuously_enrolled, but had beenprovided with a set of examples of students who were continuously_enrolled. FOCL could be used tolearn an intensional definition of continuously_enrolled. This rule could then be used as backgroundknowledge when learning a more complex concept like no_payment_due or eligible_for_scholarship.Although, this type of theory formation process is difficult to control automatically, it is simple todirect manually, and it is a natural nexus between knowledge acquisition and machine learning.We believe that FOCL-1-2-3 provides an excellent environment for exactly this type of activity.

19ReferencesBareiss, R., Porter, B., & Murray, K. (1989). Supporting Start-to-Finish Development ofKnowledge Bases. Machine Learning, 4, 259—283.Davis, R. T. (1978). Model-directed learning of production rules. In D. Waterman & F.Hayes-Roth (Eds.), Pattern-directed inference systems. New York: Academic Press.De Raedt, L., & Bruynooghe, M. (1989). Towards friendly concept-learners. Proceedingsof the Elenenth International Joint Conference on Artificial Intellegence. MorganKaufmann.De Raedt, L., & Bruynooghe, M. (1992). Interactive Concept-Learning and ConstructiveInduction by Analogy. Machine Learning, 8, 107—150.Marcus, S. McDermott, J. & Wang, T. (1985). Knowledge acquisition for constructivesystems. Proceedings of the Ninth International Joint Conference on Artificial Intelligence.Los Angeles, CA: Morgan Kaufmann.Mitchell, T., Keller, R., & Kedar-Cabelli, S. (1986). Explanation-based learning: A unifyingview. Machine Learning, 1, 47—80.Muggleton, S. & Feng, C. (1990) Efficient induction of logic programs. Proceedings of theFirst Conference on Algorithmic Learning Theory, Tokyo, Japan. Ohmsha.Morik, K. (1991). Balanced Cooperateive Modeling. Proceedings of theFirstInternationWorkshop on Multistrategy Learning. 65—80. Harpers Ferry.Ourston, D., & Mooney, R. (1990). Changing the rules: A comprehensive approach to theoryrefinement. Proceedings of the Eighth National Conference on Artificial Intelligence .815—820. Boston, MA: Morgan Kaufmann.Pazzani, M., & Brunk, C. (1990). Detecting and correcting errors in rule-based expertsystems: an integration of empirical and explanation-based learning. Proceedings of theFifth Knowlegde Acquisition for Knowledge-Based Systems Workshop, Banff, Alberta:SRDG Publications.Pazzani, M., Brunk, C., & Silverstein, G. (1991). A knowledge-intensive approach tolearning relational concepts. Proceedings of the Eight International Workshop on MachineLeanring. 432—436. Evanston, Il: Morgan Kaufmann.Pazzani, M., & Kibler, D. (1992). The utility of knowledge in inductive learning . MachineLearning, 9, 57—94.Politakis, P & Weiss, S. (1984). Using empirical analysis to refine expert system knowledgeBases. Artificial Intelligence, 22, 23-48.Quinlan, J. R. (1986). Induction of decision trees. Machine Learning, 1, 81-106Quinlan, J. R. (1990). Learning logical definitions from relations. Machine Learning, 5,239—266.Quinlan, J. R. (1991). Determinate Literals in Inductive Logic Programming. Proceedingsof the Eight International Workshop on Machine Leanring. 442—446.Evanston, Il: MorganKaufmann.Rajamoney, S., & DeJong, G. (1987). The classification, detection and handling of imperfecttheory problems. Proceedings of the Tenth International Joint Conference on ArtificialIntelligence . 205-210. Milan, Italy: Morgan Kaufmann.

20Richards, B. & Mooney, R. (1991). First-Order Theory Revision. Proceedings of the EightInternational Workshop on Machine Leanring. 447—451. Evanston, Il: MorganKaufmann.Shavlik, J., & Towell, G. (1989). Combining explanation-based learning and artificial neuralnetworks. Proceedings of the Sixth International Workshop on Machine Learning. 90—93.Ithaca, NY: Morgan Kaufmann.Silverstein, G., & Pazzani, M. (1991). Relation clich�s: Constraining constructive inductionduring relational learning. Proceedings of the Eight International Workshop on MachineLearning. 203—207. Evanston, Il: Morgan Kaufmann.Wogulis, J. (1991). Revising Relation Domain Theories. Proceedings of the EightInternational Workshop on Machine Learning. 462—466. Evanston, Il: Morgan Kaufmann.