A Linguistically Based Semantic Bias for Theory Revision

Clifford Brunk and Michael PazzaniDepartment of Information and Computer ScienceUniversity of CaliforniaIrvine, CA 92717brunk@ics.uci.edupazzani@ics.uci.eduAbstractWe present a new approach to theory revisionthat uses a linguistically based semantics to helpdetect and correct errors in classification rules.The idea is that preferring linguisticallycohesive revisions will enhance thecomprehensibility and ultimately the accuracyof rules. We explain how to associate terms inthe rules with elements in a lexical classhierarchy and use distance within the hierarchyto estimate linguistic cohesiveness. We evaluatethe utility of this approach empirically using tworelational domains.1 INTRODUCTIONTheory revision is the task of making a theory, which maycontain errors, consistent with a set of examples. It is oneof the tasks performed by a knowledge engineer during thecreation of a rule-based expert system. Within themachine learning community there has been a focus ondeveloping approaches to automate the task of using a setof examples to identify and repair errors in classificationrules (e.g., SEEK2 (Ginsberg, Weiss & Politakis 1985),RTLS (Ginsberg 1990), EITHER (Ourston & Mooney1990), DUCTOR (Cain 1991), AUDREY (Wogulis 1991),FORTE (Richards & Mooney, 1991), Rx (Tangkitvanich &Shimura 1992), and PTR+ (Koppel, Feldman & Segre1994)).Traditional theory revision approaches, including all thoselisted above, operate within a framework in which thesemantics associated with a term in a rule is derived fromthe term’s logical definition and the set of examples thatdefinition satisfies. Invariably, these theory revisionapproaches use an example-based metric (e.g. accuracy,compression, or information gain) to guide the repairprocess. A limitation of relying solely on example-basedmetrics is that they often lead to repairs which, thoughaccurate on the training set, combine terms that are notmeaningful when used together. For instance in thestudent loan domain (Pazzani & Brunk 1991) it is notuncommon to see a revision system produce a rule thatconcludes a person is "enrolled-in-more-than-n-units" ifthat person is "unemployed" or "disabled". In spite of thefact that this rule is accurate on the training data, nocompetent English speaking knowledge engineer wouldcreate this rule. We believe the reason for this is thatpeople operate in a richer semantic framework thancurrent theory revision systems. Most English speakingpeople know that there is no connection between being"unemployed" or "disabled" and being "enrolled-in-more-than-n-units". In this paper, we present an extension to thesemantic framework used by current theory revisionsystems that we believe will lead to more meaningful andultimately more accurate revisions.We propose augmenting the traditional framework toinclude a linguistically based semantics that associates theterms in the theory with elements in a lexical classhierarchy. Ideally, this hierarchy would encode all of thebackground knowledge of a knowledge engineer (c.f.Lenat & Guha 1990). Because a comprehensive encodingof human knowledge is not currently available, we havefocused on using WORDNET (Miller 1990; Beckwith, etal. 1991), a lexical database containing the relationshipbetween approximately 30,000 commonly occurringEnglish words, as the foundation for our semantics. SinceWORDNET already contains entries for terms that occur incommonly used problems (Student loans — Pazzani &Brunk 1991 and Moral Reasoning — Shultz 1990) we havebeen able to focus our efforts on the problem of how touse this information.In the remainder of this paper, we present CLARUS,Concept Learning And Repair Using Semantics, anapproach to revising first-order theories that utilizeslinguistic information to guide the repair process. We willdemonstrate that using a linguistically based semantic biasresults in syntactically more desirable theories that tend tobe more accurate than those produced without this bias.

22 BACKGROUNDCLARUS is an extension of the relational theory revisionsystem A3. CLARUS uses WORDNET to prefer repairsbased on the linguistic value of the resulting rule. In thissection, we provide a brief review of A3 and WORDNET.2.1 A3A3 (Wogulis 1994) is a relational theory revision systemthat uses a set of examples to guide the repair process. InA3, the revision task is an iterative process of determiningwhat to repair and how to repair it. A3 uses a single faultassumption mechanism to identify which relation within atheory to repair. An assumption is a goal-outcome pair.When an attempt is made to prove a goal that matches thegoal portion of an assumption the goal succeeds or failsdepending on the outcome portion of that assumption. Foreach misclassified example A3 records the set of singleassumptions that allow the example to be correctlyclassified. After recording the assumptions for allmisclassified examples, A3 selects the assumption whichcorrects the most errors. In the case of ties, theassumption used deepest in the call graph is selected.The selection of an assumption targets the relation used inthe assumption for repair. The type of repair required isdetermined by the outcome portion of the assumption andthe context in which the assumption was used. In anunnegated context an assumption that forces a goal to failindicates specialization is needed, while an assumptionthat forces a literal to succeed indicates generalization isrequired. In negated contexts the type of repair,specialization or generalization, is reversed.Once the relation and the type of repair have beendetermined, A3 generates repair candidates by applying aset of operators to both the definition of the relation and toeach clause containing a literal that uses the relation. Therepair candidate yielding the largest increase in accuracy isretained. In the event that there is a tie between repaircandidates, the repair that results in the theory with thesmallest edit-distance to the initial theory is selected. Theedit-distance between two theories is the number of singleliteral deletions, insertions, or replacements needed totransform one theory into the other. (Wogulis & Pazzani1993)2.2 WORDNETWORDNET (Miller 1990; Beckwith et al. 1991) is a largelexical database, consisting of a set of data files and indexfiles. The data files contain English words grouped intolexical classes called synonym sets or synsets for short. Inaddition to a collection of synonymous words each synsetcontains a set of pointers that describe the relation of thatsynset to other synsets. The semantic pointers foundwithin a synset depend on what part of speech the synsetrepresents. Figure 1, is a list of the WORDNET pointertypes. The index files contain links between words andthe synsets in which they occur. Within CLARUS, theindex files are used to create a lexical tag for each relationin the theory, while the data files are used to determine thedistance between lexical tags.3 CLARUSIn this section we describe CLARUS. We show that thetraditional semantic framework used for theory revisioncan be extended to include a linguistic bias. We begin byshowing how to create lexical tags that link relations in thetheory to synsets within the WORDN ET lexical classhierarchy. Next, we explain how to measure distancesbetween these tags. Finally, we describe how the lexicaltags are used to estimate the linguistic value of a rule.

Used in CLARUSHypernym pointers to more general synsets.Antonym pointers to synsets that are in some sense opposite to the current synset.Member-Holonympointers to synsets that represent a group of which the current synset is a member.Substance-Holonympointers to synsets that represent the substance of which the current synset is composedPart-Holonympointers to synsets that represent the whole of which the current synset is a part.Similar-to/Also-seepointers to synsets that are similar to the current synset.Pertainnympointers to synsets representing the noun to which the current adjectival synset pertains.Derived-frompointers to the synsets representing the adjective from which the current synset is derived.Not used in CLARUSHyponympointers to more specific synsets.Member-Meronyminverse of Member-Holonym.Substance-Meronyminverse of Substance-HolonymPart-Meronyminverse of Part-Holonym.AttributeEntailmentCauseFigure 1: WORDNET pointer types

33(((V 0734246) or (V 0723002) or (R 0034640) or � or (A 0062687)) and;; longest ((N 6347345) or (N 0421139)) and ;; absence () and;; from ((V 0945155) or (N 6649549) or (N 4005100) or � or (N 2364547)));; schoolFigure 2:The lexical tag for the relation longest-absence-from-school. Each line is a disjunction of pointers tothe synsets representing a word in the relation name. Items such as (V 0734246) are pointers to synsets.Those starting with V refer to verbs, A adjectives, N nouns, and R adverbs.

3.1 GENERATING LEXICAL TAGSA lexical tag provides a connection between the logicaldefinition of a relation and an alternate view of the relationbased on lexical classes. The lexical tag for a relation isgenerated by finding the words contained in the relation’sname and matching them against the entries in theWORDNET index files. The relation name is processedfrom left to right. The longest underscore or hyphendelimited prefix of the relation name that matches an entryin a WORDNET index file is removed and the associateddisjunction of synset pointers from the index file isconjoined to the relation’s lexical tag. Processingcontinues until the entire relation name has beenconverted. Figure 2 is an example of the lexical tagcreated for the relation longest-absence-from-school.The lexical tag itself is a conjunction of disjunctions ofsynset pointers. The conjunction represents the meaningof the entire relation name. Each disjunction represent themeaning of one word in the relation name. A disjunctionis used because there can be many possible meanings foreach word. Each disjunction contains all the synsetsassociated with the word it represents.It would be possible for the user to manually create thelexical tag for a relation. By choosing the synset that isclosest to the intended meaning of each word in therelation name, the user could specify a rather precisemeaning for each relation. Although manual lexical taggeneration is possible, in this paper we focus on theautomatic lexical tag generation approach outlined aboveand present results obtained using that technique.3.2 LINGUISTIC HETEROGENEITYCLARUS uses the lexical tag associated with each relationto estimate the linguistic value of the repair candidates.We have developed a measure we call linguisticheterogeneity that is an estimate of the linguistic value of arule. In CLARUS, repairs that produce rules with lowerlinguistic heterogeneity are preferred to those that producerules with higher linguistic heterogeneity. The linguisticheterogeneity of a rule is not directly related to the set ofexamples the rule covers and therefore provides anindependent evaluation criterion.In CLARUS, a rule is a set of PROLOG clauses with thesame head. Each clause is composed of a head and abody. The head is a literal that can be deduced to be trueif every literal in the body is true. Consider the clause inFigure 3, it states that if a person (e.g., sue) is enlisted inthe navy (enlist(sue navy)), and the navy is a branch ofthe armed-forces (armed-forces(navy)), then she iseligible for a military-deferment (military-deferment(sue)).The linguistic heterogeneity of a clause can be expressedin terms of a minimum weight spanning tree. Each literalin the clause can be thought of as a vertex. There is anedge between each pair of literals. The weight associatedwith an edge is the lexical distance between the literals itconnects. The linguistic heterogeneity of a clause is theweight of the minimum weight spanning tree connectingeach literal in the clause. In Figure 3, the edges formingthe spanning tree appear in bold. The spanning treeapproach has the following desired properties:1.Clauses with more closely related literals tend tobe less linguistically heterogeneous than clauses ofequal length with more distantly related literals.2.Adding a literal to a clause that bridges the gapbetween other literals can reduce the linguisticheterogeneity of the clause.3.Shorter clauses tend to be less linguisticallyheterogeneous than longer clauses.

military_deferment(?P) :- enlist(?P ?O), armed_forces(?O).

1.000.331.00

Figure 3: Spanning tree for a clause with a linguistic heterogeneity of 1.33.

4Distance Between

Example

ValueLDrrelation names( military-deferment , peace-corps )0.83Dltlexical tags( (((A 1280639) or ... or (N 3975222)) and ((N 0361434))) , (((N 3974151))) )0.83Dddisjunctions of synsets( ((A 1280639) or ... or (N 3975222)) , ((N 3974151)) )0.75Dssynsets (normalized)( (N 3975222) , (N 3974151) )0.75Dsynsets( (N 3975222) , (N 3974151) )3Figure 4: Distance Functions and Examples

We define the linguistic heterogeneity of a rule to be thesum of the linguistic heterogeneity of its constituentclauses. Therefore, the linguistic heterogeneity of a ruleincreases as the number of clauses needed to define thatrule increases. The linguistic heterogeneity of a clause isthe sum of the edge weights of the minimum weightspanning tree connecting each literal in the clause wherethe weight is the lexical distance between literals.3.3 LEXICAL DISTANCEThe lexical distance between two literals is the lexicaldistance between the relation names of each literal. Thelexical distance between two relation names,

LD^r (r^1,r^2 ) = D^{lt} lexical_tag(r^1),lexical_tag(r^2 ) ( )

,is the distance between the lexical tag associated with eachrelation name. Recall that a lexical tag is a conjunction ofdisjunctions of synset pointers. The distance between twolexical tags, lt1 and lt2 , is calculated as follows. For eachdisjunction, di, in lt1 find the disjunction, dj, in lt2 which isclosest to di. Then, for each disjunction, dj, in l t 2 find thedisjunction, di, in l t 1 which is closest to dj. We define theaverage of these distances to be,

Dlt (lt1,lt2 ) = Mindj∈st2 D_d (d_i ,d_j ) ( ) di∈st1∑ + Mindi∈st1 Dd (dj ,di ) ( ) dj∈st2∑

lt1 + lt2

.Dlt(lt1,lt2) r a n g e s f r o m 0 t o 1 i n c l u s i v e , 0 i n d i c a t e s t h e lexical tags are very similar while 1 indicates they are veryd i s s i m i l a r . W e d e f i n e t h e d i s t a n c e b e t w e e n t w o disjunctions of synsets to be the minimum of all pairwisedistances between the synsets,

Dd (d1,d2 ) = Minsi ∈d1s^j ∈d^2 Ds(si,sj ) ( )

.Dd(d1,d2) ranges from 0 to 1 inclusive, 0 indicates that d1and d 2 have at least one synset in common while 1indicates that no synset in d1 is related to any synset in d 2Resnik (1993) argues that using the minimum gives anoverly optimistic estimate of lexical closeness; instead heproposes using the average of the pairwise distances. Wehave yet to encounter a problem using the overlyoptimistic minimum estimate.All of the lexical distance estimates are based on thedistance between WORDNET synsets. We define thedistance between two synsets, D(s1,s2), to be the minimumnumber of pointers that have to be traversed in order toreach the nearest synset linked to both s1 and s2. Wealways count traversing pointers of the following types:Hypernym, Holonym, Pertainnym, and Derived-from. Inaddition, we count traversing Antonym and Similar-to/Also-see as the initial step from s1 and s2. When twosynsets are not linked to a common synset, we define thedistance between them to be infinite. Because D(s1,s2)ranges from 0 to infinity, we simplify calculations byusing the normalized distance between synsets,

Ds(s1,s2 ) =1− 11+ D(s1,s2 )

.Figure 4 is a summary of the notation we have used todescribe lexical distances, plus an example of each. Thevalues displayed are the values calculated automaticallyfrom WORDNET.Measuring the distance between lexical tags in this waymatches our intuition. As can be seen in Figure 5, thedistance between synonymous concepts like military andarmed-forces is minimal (0.00), the distance betweenclosely related concepts like army and military ornickel and dime is small (0.50), the distance between lessrelated concepts like military and peace-corps islarger (0.75), and the distance between unrelated conceptslike nickel and military is maximal (1.00).

armed-armydimemilitarynickelpeace-forcescorpsarmed-forces0.00army0.500.00dime1.001.000.00military0.000.501.000.00nickel1.001.000.501.000.00peace-corps0.750.801.000.751.000.00Figure 5: WORDNET based estimates of lexical distance between relations.

53.3 A LINGUISTIC BIASIn CLARUS, linguistic heterogeneity is used as a bias whendetermining which relation to repair and what repair toapply to that relation. Unlike A3, which breaks tiesbetween competing repairs of equal accuracy using theedit-distance to the initial theory, CLARUS breaks ties bypreferring the repair that leads to the theory with thelowest linguistic heterogeneity. This is computed bycalculating the change in linguistic heterogeneity producedby any change to the theory.CLARUS differs from A3 in one other way. A3 uses itsassumption mechanism to find the single relation thatcould most increase accuracy. Once this relation has beenselected, the repair operators are applied and the bestrepair is selected, even if that repair is not as good as theassumption mechanism’s estimate. This approach is notwell suited to performing linguistic comparisons, becauseit doesn�t compare competing repairs to different relations.Instead, it focuses on evaluating competing repairs to thesame relation. On the other hand, CLARUS uses a moreextensive search strategy, like that of FORTE (Richards,1991). CLARUS uses A3’s assumption mechanism to orderthe relations according to an upper bound on the potentialincrease in accuracy a modification to that relation couldhave. The A3 repair operators are applied to each relationuntil a repair is found that is more accurate than theestimated potential of any change to any subsequentrelation. This search strategy is more computationallyexpensive than that of A3. But, it allows CLARUS tofrequently compare competing repairs to differentrelations allowing the linguistic bias to have more of a rolein determining the quality of repairs.4 RESULTSIn the real world, a theory revision system would be usedto assist in the creation and refinement of a theory thatdescribes a set of examples. We would like to show thatCLARUS makes repairs similar to those made by a humanknowledge engineer when debugging a prototypeknowledge-based system on a database of cases. But, it isimpractical to evaluate theory revision techniques in thiscontext, because it requires presenting a group ofknowledge engineers with a variety of erroneous theoriesand cases. Instead, we adopt a methodology wherebyerrors are introduced into a correct theory and the revisionsystem’s ability to repair the mutated theory is evaluated.Ideally, a theory revision system would undo the errorsintroduced to the correct theory. We measure the edit-distance from the revised theory to the correct theory toquantify the degree to which this ideal has been achieved.In this section, we report on a series of experiments inwhich we empirically evaluate the utility of the linguisticbias. Our hypothesis is that using this bias will tend todecrease the distance between the repaired theory and thecorrect theory, and may offer a small improvement inaccuracy when compared to theory revision systems thatdon�t use this bias.4.1 STUDENT LOANWe start by examining the differences in the repairsproduced by A3 and CLARUS. Consider the student loandomain (Pazzani & Brunk 1991). The theory in thisdomain indicates when an individual is not required tomake student loan payments.

no_payment_due(?P) :- continuously_enrolled(?P).no_payment_due(?P) :- eligible_for_deferment(?P).continuously_enrolled(?P) :- enrolled_in_more_than_n_units(?P 5), never_left_school(?P).

never_left_school(?P) :- longest_absence_from_school(?P ?M), >(6 ?M).eligible_for_deferment(?P) :- military_deferment(?P).eligible_for_deferment(?P) :- peace_corps_deferment(?P).eligible_for_deferment(?P) :- financial_deferment(?P).eligible_for_deferment(?P) :- student_deferment(?P).eligible_for_deferment(?P) :- disability_deferment(?P).military_deferment(?P) :- enlist(?P ?O), armed_forces(?O).peace_corps_deferment(?P) :- enlist(?P ?O), peace_corps(?O).financial_deferment(?P) :- unemployed(?P).

financial_deferment(?P) :- enrolled(?P UCI ?U).financial_deferment(?P) :- filed_for_bankruptcy(?P).student_deferment(?P) :- enrolled_in_more_than_n_units(?P 11).disability_deferment(?P) :- not(male(?P)), disabled(?P).enrolled_in_more_than_n_units(?P ?N) :- enrolled(?P ?S ?U), school(?S), >(?U ?N).Figure 7:Corrupted student loan domain theory (Pazzani & Brunk, 1991). Strike-through indicates clause or literaldeletion and bold indicates clause or literal addition.

6no_payment_due(?P) :- continuously_enrolled(?P), never_left_school(?P).financial_deferment(?P):-enrolled(?PUCI?U),disabled(?P).enrolled_in_more_than_n_units(?0 ?1) :- unemployed(?0).enrolled_in_more_than_n_units(?0 ?1) :- disabled(?0).Figure 8: A3 Repairs.

no_payment_due(?P) :- continuously_enrolled(?P), never_left_school(?P).disability_deferment(?P):-not(male(?P))

, disabled(?P).financial_deferment(?P) :- enrolled(?P UCI ?U), unemployed(?P).Figure 9: CLARUS Repairs.

Figure 7 contains a correct theory that has beenintentionally corrupted. Figure 8 contains the repairs thatA3 makes to this theory when given 25 examples of peoplewho are required to make loan payments and 25 examplesof people who are not. Although the A3 repairs result in atheory that correctly classifies all examples, not one of theerrors introduced to the correct theory has been undone.Instead additional modifications have been introduced.These modifications combine linguistically unrelatedrelations. For instance, A3 creates a rule that concludes aperson is enrolled-in-more-than-n-units if thatperson is unemployed or disabled. A3 also creates a rulethat concludes a person is eligible for a financial-deferment if that person is enrolled at UCI anddisabled. It is unlikely that a knowledge engineer wouldcombine these relations to form rules. Nonetheless, theseare precisely the kinds of repairs made by A3, FORTE andmost other theory approaches.CLARUS operates in a richer semantic framework thanother approaches. It uses linguistic clues provided by therelation names in addition to the training examples toguide the revision process. Figure 9 contains the repairsthat CLARUS makes to the theory in Figure 7. CLARUSfixes 3 of the 4 mutations introduced to the correct theory.In addition the repairs made by CLARUS are similar to thekind of repairs that a knowledge engineer might make.For instance, CLARUS creates a rule concluding that aperson is eligible for a financial-deferment if thatperson is unemployed, and CLARUS removes thecondition excluding a male from being eligible for adisability-deferment. We feel that these repairs aremore desirable than those produced by A3, because theyresult in a theory which is syntactically very similar to thecorrect theory and because they result in clauses that arelinguistically more meaningful than those produced by A3.A detailed comparison of the repairs made by A3 andCLARUS to a single theory provides some insight into theapproaches, but it does not show that the extendedsemantic framework helps in a wide variety of contexts.To substantiate our hypothesis, we perform an experimentusing four related algorithms: A3, Semantic-A3 (A3 usinglinguistic heterogeneity to break ties in accuracy), Non-Semantic-CLARUS (a version of CLARUS that breaks tiesin accuracy randomly) and CLARUS. Non-Semantic-CLARUS uses the extended search for repairs like FORTE,but doesn�t use linguistic heterogeneity to break ties.We use 1000 randomly generated examples of the studentloan relation partitioned into disjoint training and testingtests. The training sets range from 10 to 100 examples,while the testing set is fixed at 500 examples. Mutationsare introduced into the correct theory using four operators:add-literal, add-clause, delete-literal and delete-clause.Literals are created by selecting a random relation fromthe theory and creating a list of randomly selectedvariables that are consistent with the type constraints ofthe relation. During each trial a number of randommutations are introduced into the correct theory, thismutated theory is used to generate a revision curve foreach algorithm. The revision curve is generating myhaving each algorithm attempt to repair the theory, using10, 25, 50, 75 and 100 examples. Each algorithm ispresented with the same initial theory and the sametraining examples. The repaired theories are all evaluatedon the same 500 test examples.Figure 10 and 11 show the results from this experimentaveraged over 100 trials. In Figure 10, we look at theaccuracy of each algorithm. For the most part, thelinguistic bias makes little difference in accuracy, althoughextra search does tend to produce more accurate rules. InFigure 11, we look at the edit-distance between therevised-theory and the correct-theory. There is asignificant difference between Semantic-A3 and A3 atleast at the .05 level when there are more than 10 trainingexamples as determined by a paired two-tailed t-test.Similarly, the CLARUS and A3 edit-distance curves arealso significantly different for every training set size above10. In summary, we see that using the WORDNET basedlinguistic bias does significantly decrease the edit-distancebetween the correct and revised theories. Although, itdoes not significantly effect accuracy, it appears to offer aslight advantage to CLARUS.

71007550250

88899091929394959697

A3Semantic-A3

Non-Semantic-CLARUS

CLARUS

Accuracy1007550250

2.83.03.23.43.63.8

A3Semantic-A3

Non-Semantic-CLARUS

CLARUS

Distance to Correct TheoryFigure 10:Accuracy as a function of theFigure 11:Edit-distance as a function of thenumber of training examples.number of training examples.In a second experiment on the student loan wedemonstrate that CLARUS, a theory revision approach, iscompetitive with purely inductive systems like FOIL(Quinlan 1990) and theory-guided inductive systems likeFOCL (Pazzani, Brunk & Silverstein 1991; Pazzani &Kibler 1992). In this experiment we compare CLARUS,FOCL and EMPIRICAL. EMPIRICAL is FOCL’s inductivecomponent, a reimplementation of FOIL that handlesrelations defined as prolog rules as well as relationsdefined extensionally.1007550250

7580859095100

Initial Theory

Empirical

FOCL

CLARUS

AccuracyFigure 12:Accuracy as a function of thenumber of training examples.Following the same methodology used earlier we runpaired tests. Each algorithm is given the same trainingdata, and CLARUS and FOCL, are given the same initialtheory. The results in this experiment, are graphed inFigure 12. CLARUS is significantly more accurate thanthe other algorithms when there are between 10 and 50training examples, and never less accurate then the otherswith greater numbers of training examples.4.2 MORAL REASONERThe Moral Reasoner (Shultz 1990; Darley & Shultz 1990)is a rule-based model that qualitatively simulates how aperson reasons about harm-doing. We used the theory aspresented in Wogulis (1993) with two modifications1which facilitate the lexical tagging process. We use thesame methodology used in the first experiment on thestudent loan domain. We compare A3, Semantic-A3, Non-Semantic-CLARUS and CLARUS in paired tests using 208examples, 102 positive and 108 negative, partitioned intodisjoint training and testing tests. The training sets rangefrom 10 to 100 examples, while the test set is fixed at 100randomly selected examples.Figure 13 and 14 are the results from this experimentaveraged over 50 trials. In Figure 13, we look at theaccuracy of each algorithm. In Figure 14, we look at theedit-distance between the revised-theory and the correct-theory.

1 W e c o r r e c t e d t h e s p e l l i n g o f t h e r e l a t i o n n a m e reponsible so that it now appears as responsible, andwe changed the relation name weak_intend1 toweak_intend_1. In the future, we will extend the relationname parser in CLARUS to allow numbers as delimitersbetween words.

81007550250

979899100

A3Semantic-A3

Non-Semantic-CLARUS

CLARUS

Accuracy 1007550250

2.62.72.82.93.03.13.2

A3Semantic-A3

Non-Semantic-CLARUS

CLARUS

Distance to Correct TheoryFigure 13:Accuracy as a function of theFigure 14:Edit-distance as a function of thenumber of training examples.number of training examples.As in the student loan domain the trend is for the linguisticbias to decrease the edit-distance between the revised andcorrect theory. This is clearly seen by the significantdifference between Non-Semantic-CLARUS andCLARUS. However, when comparing A3 and Semantic-A3 the difference is not significant. This tends to supportour belief that the extended search performed by CLARUSenhances the effect of the linguistic bias. There is not astatistically significant difference between the accuracy ofany of the algorithms, although as in the student loandomain, the linguistic bias appears to offer CLARUS aslight advantage in accuracy for CLARUS.5 DiscussionThe empirical evidence provided by the student loan andmoral reasoner domains offer compelling support for ourhypothesis that using a linguistically based semantic biasdecreases the edit-distance between the revised and correcttheory. This provides evidence that the extended semanticframework helps achieve our primary objective of biasinga theory revision system to produce repairs that a humanknowledge engineer would consider plausible. There isalso weaker evidence that the linguistic bias can helpincrease accuracy slightly. We have begun to investigatethe affect of the linguistic bias on the accuracy ofintermediate concepts.CLARUS is a promising approach, but it has limitations.The theory to be repaired must contain terms withdescriptive names. Without these names, the linguistic-bias offers no assistance in the revision process. Forexample, WORDNET does not contain terms that areuseful in the promoter theory (Towell 1991) or the King-Rook-King chess theory (Muggleton, Bain, Hayes-Michie & Michie 1989). In both the student loan andmoral reasoner domain, the semantics in WORDNET arecomplete enough to provide a useful bias.We have presented CLARUS using WORDNET as the basisfor the linguistic semantics. As other sources of lexicaland semantic knowledge become available, for instanceCYC (Lenat & Guha 1990), the CLARUS approach willbecome even more feasible. We chose WORDNETbecause it was easy to acquire, via anonymous FTP, andsimple to interface with. However, it is not clear that thedata contained in WORDNET is ideally suited to the theoryrevision task. It does not contain connections betweensome concepts that we would have thought natural. Forexample, in WORDNET there is no connection betweenthe synsets for "disabled" and the synsets for "disability".A solution to this problem is to manually generate thelexical tags associated with the terms in the theory. Thiswould allow the knowledge engineer to create a preciselinguistic description for each term, rather than attemptingto generate one automatically. We have preliminaryresults that indicate, not surprisingly, that manuallycreated lexical tags result in better repairs thanautomatically generated lexical tags. We have also startedexploring an alternative to WORDNET in which a userenters the semantic distance between relation namesdirectly, rather than computing them as we have in thispaper.There are many approaches related to CLARUS. We havealready described its relation to A3, yet we have notpointed out that the underlying learning mechanism inCLARUS is FOCL (Pazzani & Kibler 1992), which in turnis based on FOIL (Quinlan 1994). CLARUS also borrowsideas from FORTE (Richards 1992), specifically its searchstrategy, but CLARUS uses a simpler set of repairoperators than FORTE. Additionally, CLARUS inherits

9from A3 a strategy that deals with negation in a morecomplete manner than FORTE. However, the novelcontribution of the CLARUS approach is the realizationthat the framework in which theory revision istraditionally performed can be extended to include alinguistically based semantics. We believe that thisextended semantic framework would also help othertheory revision systems such as EITHER and FORTE toproduce theories that are more similar to those producedby a human knowledge engineer.6 CONCLUSIONRecently, one of the unique aspects of machine learninghas been its focus on knowledge-intensive approaches.CLARUS continues this line of investigation. CLARUSmakes use of background knowledge in the form of aninitial theory and in the form a lexical database. We haveshown in this paper that the lexical semantics can bias atheory revision system to make repairs that appear moremeaningful than those of prior approaches.AcknowledgmentsWe would like to thank Kamal Ali, Chris Merz, PiewDatta, and Lisa Ferrendelli for their comments andsuggestions about this research. Thanks are also do J.R.Quinlan, James Wogulis, and George Miller for providinga foundation upon which to build.ReferencesBeckwith, R., Fellbaum, C., Gross, D., & Miller, G.(1991). WordNet: A lexical database organized onpsycholinguistic principles. Lexical Acquisition:Exploiting On-Line Resources to Build a Lexicon, ed.Zernik, U. (211—232). Lawrence Erlbaum.Cain, T. (1991). The DUCTOR: A Theory RevisionSystem for Propositional Domains. Proceedings of theEighth International Workshop on Machine Learning(485—489). Evanston, IL: Morgan Kaufmann.Ginsberg, A., Weiss, S., & Politakis, P. (1985) SEEK2: AGeneralized Approach to Automatic Knowledge BaseRefinement. Proceedings of the Ninth International JointConference on Artificial Intelligence. (367—374). LosAngeles, CA: Morgan Kaufmann.Ginsberg, A. (1990) Theory Reduction, Theory Revision,and Retranslation. Proceedings of the Eighth NationalConference on Artificial Intelligence (777—782).Koppel, M., Feldman, R., & Segre, A., (1994). Bias-Driven Revision of Logical Domain Theories. Journal ofArtificial Intelligence Research, 1, (1—50). AI AccessFoundation and Morgan Kaufmann.Lenat, D., & Guha, R. (1990). Building Large KnowledgeBase Systems. Reading, MA: Addison Wesley.Miller, G. (1991). WordNet: An on-line lexical database.International Journal of Lexicography, 3(4).Muggleton, S., Bain, M., Hayes-Michie, J., & Michie, D.(1989). An experimental comparison of human andmachine learning formalisms. Proceedings of the SixthInternational Workshop on Machine Learning (pp. 113—118). Ithaca, NY: Morgan Kaufmann..Ourston, D., & Mooney, R. (1990). Changing the rules: Acomprehensive approach to theory refinement.Proceedings of the Eighth National Conference onArtificial Intelligence (815—820). Boston, MA: MorganKaufmann.Pazzani, M., & Brunk, C. (1991). Detecting and correctingerrors in rule-based expert systems: an integration ofempirical and explanation-based learning. KnowledgeAcquisition, 3, (157—173).Pazzani, M., Brunk, C., & Silverstein, G. (1991). Aknowledge-intensive approach to learning relationalconcepts. Proceedings of the Eighth InternationalWorkshop on Machine Learning (32—436). Evanston, IL:Morgan Kaufmann.Pazzani, M., & Kibler, D. (1992). The utility of knowledgein inductive learning. Machine Learning, 9, (57—94).Quinlan, J.R., (1990). Learning logical definitions fromrelations. Machine Learning, 5, (239—266).Richards, B. (1992). An Operator-Based Approach toFirst-Order Theory Revision. Ph.D. Thesis. University ofTexas, Austin.Richards, B. & Mooney, R. (1991). First-Order TheoryRevision. Proceedings of the Eight InternationalWorkshop on Machine Learning (447—451). Evanston, IL:Morgan Kaufmann.Resnik, P. (1993). Selection and Information: A Class-Based Approach to Lexical Relationships. Ph.D. Thesis.University of Pennsylvania.Shultz, T. (1990). A rule based model of judging harm-doing. Proceedings of the Twelfth Annual Conference onthe Cognitive Science Society (229—236). Cambridge, MA:Lawrence Erlbaum.Tangkitvanich, S., & Shimura, M. (1992) Refining aRelation Theory with Multiple Concepts and Subconcepts.Proceedings of the Ninth International Workshop onMachine Learning, (436—444). Aberdeen, Scotland:Morgan Kaufmann.Towell, G. (1991). Symbolic Knowledge and NeuralNetworks: Insertion, Refinement, and Extraction. Ph.D.Dissertation, Computer Sciences Department, Universityof Wisconsin.Wogulis, J. & Pazzani, M. (1993). A methodology forevaluating theory revision systems: Results withAUDREY II. The International Joint Conference onArtificial Intelligence, (1128—1134), Chambery, France.Wogulis, J. (1994) An Approach to Repairing andEvaluating First-Order Theories Containing MultipleConcepts and Negation. Ph.D. Thesis. University ofCalifornia, Irvine.

10