
Acquiring Knowledge by E�cient Query LearningAchim G. Ho�mannTechnische Universit�at BerlinInstitut f�ur Angewandte InformatikFranklinstr.28/29D-1000 Berlin 10, Germany Sunil ThakarResearch Institute BerlinDaimler-Benz AGAlt-Moabit 91bD-1000 Berlin 21, GermanyAbstractMembership queries extended with the metaquery concept is proposed as a method to ac-quire complex classi�cation rules. Further-more, relevent concept classes, where a smallnumber of queries is su�cient, are character-ized. In this paper we advocate and present thebene�ts of the use of queries in order to learna target concept e�ciently. Thus providing thefoundations for automating the knowledge ac-quisition process. Based on these results, wedeveloped a knowledge acquisition tool KAC-Zwhich uses queries about speci�c domain ob-jects. The systems usefulness has been demon-strated by its application in the domain of man-ufacturing (cutting) industry.1 IntroductionIn building expert systems the knowledge acquisition isconsidered to be a bottleneck [3]. This is due to thefact that acquiring knowledge from an expert is gen-erally time-consuming and error-prone. Thus, one ismotivated to overcome this bottleneck by automatingthe knowledge acquisition, i.e. through building learningcomponents for expert systems [4]. A successful learn-ing component in an expert system will probably haveto use queries directed towards the experts. For exam-ple, Sammut and Banerji's system [7] uses membershipqueries about speci�c examples as part of its strategyfor e�ciently learning a target concept. Let us considerthe problem of using queries in order to learn an un-known concept. For this purpose Angluin [1] suggesteddi�erent types of queries. Among these query types aremembership queries which ask for the correct classi�-cation of a particular object. Furthermore, she provedthat for many concept classes an exhaustive or nearlyexhaustive search is necessary when using membershipqueries. However, in [6] concept classes have been in-troduced where e�cient learning via various queries ispossible. In the present paper these concept classesare signi�cantly extended by introducing the notion of

meta queries. Meta queries ask for hints how to con-struct complex classi�cation rules. By the use of metaqueries combined with membership queries our systemis in a position to learn concept classes for which other-wise an exhaustive search would be necessary. Based onthis work we developed a knowledge acquisition systemKAC-Z which exploits the theoretical results presentedin this paper. To prove the applicability of our system inthe real world we describe the application of KAC-Z inthe domain of manufacturing industry. KAC-Z will beused to acquire the knowledge of an expert which selectsan appropriate cutting metal for a speci�c cutting pro-cess. This paper is organized as follows. In section 2 ourtheoretical results concerning e�cient query learning arepresented. Section 3 describes the design of KAC-Z. The�nal section contains the conclusion.2 Theoretical FoundationsWe consider a set of objects X. The task of the learningsystem is to determine the class of each object in X, i.e.to determine for each object whether or not it belongsto the target concept. For this purpose, we assume aclass of concepts C � 2X which underlies the learningsystem in the following sense. The learning system willclassify the objects only according to one particular con-cept c 2 C. The learning system L is allowed to ad-dress membership queries to an oracle. Amembershipquery means that L provides an arbitrary object O 2 Xto the oracle. The answer of the oracle will be `yes' or`no' depending on whether O belongs to the target con-cept or not. One simple but ine�cient way of determin-ing the correct class of all objects in X via membershipqueries is to present the description of each object in Xto the oracle. Therefore, a trivial upper-bound for therequired number of membership queries is jXj. Depend-ing on the actual structure of the concept class C theremay be clever query strategies which allow the learningsystem to determine the target concept with much lessthan jXj membership queries. This may be possible be-cause the classi�cation of most objects will be logicallyimplied by the classi�cation of some crucial objects inX. In this paper we investigate the structure of con-cept classes which allow the learning system to use suchInternational Joint Conference onArti�cialIntelligence1991pp. 783-788



clever query strategies in order to learn the target con-cept e�ciently, i.e. with a small number of queries. Thefollowing results are also applicable in the case of learn-ing multiple classes instead of learning just one class aspointed out in [5]. In section 2.1 we de�ne the propertyof a concept class being independently monotonic. Thisproperty allows to learn a concept from C with a smallnumber of queries. As shown in Theorem 1 in section 2.2by using the preceding Lemma which states an impor-tant consequence of a concept class being independentlymonotonic. In section 2.3 we extend the de�nition ofbeing independently monotonic to the property of beingk-independently monotonic. Concept classes of this kindallow to avoid an exhaustive search if initially k positiveexamples of the target concept are given to the learningsystem. A corresponding upper bound is given in The-orem 2 in section 2.3. In 2.4 the notion of meta queriesis formalized.2.1 PreliminariesLet X be a �nite set of objects, C � 2X be a set ofconcepts or a concept class. That means, C is a set ofsubsets of X with jCj > 1. Let c 2 C be an arbitraryconcept of C. An object x 2 X is called a positiveexample of c i� x 2 c and a negative example of ci� x 62 c respectively. A concept c0 is consistent witha positive (negative) example x of a concept c i�x 2 c0 (x 62 c0).The Vapnik-Chervonenkis dimension [8] was intro-duced in the context of learning theory in [2]. A set s �X is said to be shattered by C i� fs \ cjc 2 Cg = 2s.The Vapnik-Chervonenkis dimension of C, in shortVC-Dim(C), is the cardinality of the greatest set s � Xshattered by C. That means, the Vapnik-Chervonenkisdimension is given byVC�Dim(C) = maxs2fsjs�X^fs\cjc2Cg=2sg jsjIn the following, a class of concept classes is speci�ed forwhich the Vapnik-Chervonenkis dimension can be usedto give an upper-bound for the required number of mem-bership queries.De�nition 1 Let C � 2X be a concept class and c anarbitrary concept in C. s 2 C is a minimal supercon-cept of c i� c � s and there is no concept c0 2 C betweenc and s. I.e., there is no c0 2 C such that c � c0 � sholds.De�nition 2 A set of concepts I = fc1; :::; cmg is in-dependent in C i� for all concepts ci 2 I there exists a�xed object xi 2 ci as follows: For the union U of eachsubset Is � I of concepts in I there is a concept c 2 Csuch that U � c and for all concepts cj 2 (I n Is) c doesnot contain the corresponding object xj. More formally:A set I = fc1; :::; cmg of concepts is independent in Ci� 8(ci 2 I)9(xi 2 ci)8(Is � I)9(cs 2 C)((Scr2Is cr) �cs ^ 8(cj 2 (I n Is)) (xj 62 cs)

Let C be the set of linear decisionfunctions. A particular linear deci-sion function can be viewed as a hy-perplane in the n-dimensional eu-clidean space En. In E2 it is a linethat partitions the plane into twoparts. In the diagram, the positiveexamples lie in the lower part. Thedotted lines indicate the only twominimal superconcepts of the con-cept represented by the heavy line.smallest superconcepts of c. -6 a1a212345 1 2 3 4 5p p p p p pp p p p p pp p p p p pp p p p p pp p p p p pZZZZZZZFigure 1: Linear threshold functions are independentlymonotonicNote: This also means if I is independent in C then thereexists a set s � X of jIj objects shattered by C. The sets contains one appropriate object from each concept inI respectively. In particular, s = fx1; :::; xmg.Example:Let C = ffg;f1g; f2g;f3g;f4g;f1;2g;f1; 3g; f2; 3g;f1; 3g;f2; 3; 4g;f1; 2; 3;4gg. Let I0 = ff1g; f2g; f3gg.Then I0 is independent in C since for any union ofsets in I0 there exists a concept c 2 C that is disjointwith the remaining sets in I0. In contrast to that, the setI1 = ff2g; f3g; f4gg is not independent in C. Thatis due to the fact that any concept c 2 C covering bothsets f4g and f2g also contains the element `3'. Thus,there is no concept c 2 C such that (f2g[ f4g) � c andthe remaining set f3g 2 (I1 n (f2g [ f4g)) contains anelement not contained in c.De�nition 3 A concept class C is independentlymonotonic i� for all concepts c 2 C the set M (c) ofminimal superconcepts of c in C is independent in Cand the empty set is a concept in C as well.Examples for relevant concept classes that are indepen-dently monotonic follow:Let the set of objects X be the set of all attribute-valuevectors hv1; v2; : : : ; vn�1; vni where vi 2 f1; : : : jg 8 i 2f1; : : : ; ng.� Onesided conjuntive threshold functions: Let C bethe set of all functions f of the following kind:f(hv1; : : : ; vni) = 8<: 1 if 8i 2 f1; : : : ; ng ti � viwhere ti 2 f0; : : : ; jg0 otherwiseFor C representing the set of onesided-conjuntivethreshold functions holds VC-Dim(C)=n.784



Let C be the set of orthog-onal rectangles. Then, byC being 1-independentlymonotonic is meant thatfor an arbitrary rectangle,given a point p within thatrectangle we can expand ornot expand it in all four di-rections independently. -6 a1a2 prp p p p p p p p p pp p p p p p p p p pp p p p p p p p p pp p p p p p p p p pp p p p p p p p p pp p p p p p p p p pp p p p p p p p p pp p p p p p p p p pFigure 2: A geometrical example for a concept class be-ing 1-independently monotonic� Linear decision functions: Let C be the set of allfunctions f of the following kind:f(hv1; : : : ; vni) =8<: 1 if Pni=1wivi � t wheret; wi 2N 8 i 2 f1; : : : ; ng0 otherwiseFor C representing the set of linear decision func-tions holds VC-Dim(C)=n.See Figure 1.As the examples indicate, concept classes that do not re-quire exhaustive searches have to be rather simple struc-tured. That kind of being rather simple structured isre
ected by the property of being independently mono-tonic.For the proof of the following Lemma the next de�nitionis still required.De�nition 4 An object O 2 X dominates an object o 2X in C i� o is contained in all concepts of C in whichO is contained. That is, i� the membership of O in theunknown target concept ct 2 C implies the membershipof o in ct.Example: Let X = fd; e; fg and C = fc1 =fd; e; fg;c2 = fd; eg; c3 = ffg; c4 = feg; c5 = fgg. Inthis example the object `d' dominates the object `e' inC. The reason for this is that all concepts in C whichcontain `d' contain the object `e' as well. On the otherhand, the object `f ' does not dominate the object `e' be-cause there is a concept c3 2 C which does not contain`e' while it is containing `f '.2.2 The upper-boundFor the following Theorems the Lemma below is used,which exhibits an important property of independentlymonotonic concept classes.Lemma Any independently monotonic concept classC � 2X has the following property: There are VC-Dim(C) = d disjoint subsets s1; :::; sd such that each of

these subsets is linearly ordered by the dominance rela-tion in the concept class C. Furthermore, determiningthe objects in s1; :::; sd being positive or negative exam-ples of an unknown target concept ct 2 C leaves only asingle concept c0 2 C consistent with the classi�ed objectsin s1; :::; sd. That means, c0 = ct.Proof: We prove the Lemma by contradiction.Assumption: There is a set s = fx1; :::; xd+1g of morethan VC-Dim(C) objects in X such that none of theseobjects is dominating another object of s in C. An ob-ject x not dominating another object y means that xand y belong to di�erent concepts cx and cy. I.e. xand y belong to di�erent superconcepts of the emptyset such that neither cx is a superconcept of cy nor viceversa. Let be c1; :::; cd+1 the corresponding concepts towhich the objects in s belong respectively, such thatnone of these concepts is a superconcept of another one.For cs being a nonminimal superconcept of a concept cmeans, there are concepts between c and cs in the man-ner c � cs0 � cs00 � ::: � cs� � cs, i.e. there is a minimalsuperconcept cs0 of c between c and cs. Since the setM (c) of minimal superconcepts of a concept c 2 C is in-dependent by de�nition, the minimal superconcept cs0 ofc has in turn minimal superconcepts covering exactly oneof the minimal superconcepts of M (c) n cs0 . This prop-erty holds for all concepts between c and cs such that italso holds for the concept cs� of which cs is a minimal su-perconcept. If the concepts c1; :::; cd+1 do not dominateeach other in C and there is a concept cm 2 C such thatc1; :::; cd+1 are all minimal superconcepts of cm. Thatis due to the fact that c1; : : : ; cd+1 all are superconceptsof the empty set contained in C. However, cm can beconstructed by executing the following procedure usinga variable `current concept' cc:cc  ;;for i=1 to d+ 1 dowhile ci is not a minimal superconcept of cc docc  ci0 ;endwhile;endfor;After executing this procedure all superconceptsc1; :::; cd+1 must be minimal superconcepts of cc sincec1; :::; cd+1 are not dominating each other in C. But thisis a contradiction to the de�nition of C being indepen-dently monotonic. 2That situation can be illustrated in the geometrical ex-ample given in Figure 1 above. In Figure 1 for eachdimension there exists a set O of objects along the axesa1 and a2 which are linearly ordered according to thedominance relation in C. That means, all points on theaxes in the dashed area are positive examples of c while785



j=2 j=5 j=10 j=100 j=1000 j=65535n=1 2 3.32 4.32 7.64 10.97 16.99n=2 4 9.29 13.29 26.58 39.86 63.99n=5 18.39 51.44 76.44 159.49 242.53 393.39n=10 76.78 208.97 308.97 641.17 973.36 1576.78n=30 782.8 1972.53 2872.53 5862.26 8851.99 14282.77n=100 9435.6 22654.9 32654.9 65874.18 99093.46 159335.4Table 1: Number of required queriesall remaining points in O are negative examples of c.The upper-bound Theorem follows:Theorem 1 Let X be a set of objects, C � 2X ,jCj > 1 be an independently monotonic concept classand d =VC-Dim(C). Then there is a learning algorithmwhich learns from membership queries only that requiresat most d(1 + log2 jXjd )membership queries in order to determine the correct tar-get concept c 2 C.Proof: In the Lemma it has been shown that for any in-dependently monotonic concept class C there are at mostd subsets s1; :::; sd of X where each of those subsets canbe linearly ordered by the dominance relation in C. Thatmeans, for an arbitrary concept c 2 C the �rst ki(c) 2Nelements of a subset si are positive while the remainingobjects in si are negative examples of c. Furthermore,determining the objects of these subsets to be positiveor negative examples of the unknown target concept ctmeans, determining exactly one concept c 2 C. In otherwords, there is only one concept in C consistent withthe determined positive and negative examples. Thesesubsets are linearly ordered by the dominance relation inC. Therefore, a binary search procedure is executable oneach of these subsets s1; :::; sd to �nd out which objectsare positive examples and which ones are negative exam-ples of ct. Hence, in each of the d linearly ordered subsetss1; :::; sd of X a binary search for the most objects in sidominating positive example p can be executed. For thisbinary search procedure there are at most (log2 jsij) + 1queries necessary. Thus, the greatest number of querieswill be required if all d subsets have the same cardinality.Therefore, an upper bound for the number of requiredqueries is d(1 + log2 jXjd ). 2For illustration, Theorem 1 can be applied to both ofthe given examples for independently monotonic conceptclasses: As already noted, the VC-Dim(C) for C repre-senting either the set of linear decision functions or theset of onesided conjuntive threshold functions, is givenby the length n of the attribute-value vector of the setof objects X. Moreover, the size of the set X is given byjn. Thus Theorem 1 states the following upper boundsfor the number of required membership queries.

2.3 Providing hintsSuppose X = f1; :::;mg and the concept class C con-tains all singletons of X, i.e. all sets which cover onlya single object in X. In this case, there is a worstcase lower bound on the required number of member-ship queries ofm�1. I.e., a (nearly) exhaustive search isnecessary. (See [1] for proofs of lower bounds for varioustypes of queries.) Nevertheless, in certain cases the num-ber of required membership queries can be reduced dra-matically if initially the learning system is provided withone positive example of the target concept ct. Think ofX being the set of coordinates in a grid based plane.That is, X = f(0; 0); (0; 1); :::; (m � 1;m � 1)g and Cbeing the set of all orthogonal rectangles in this gridbased plane. In that case, C includes among other setsall singleton sets of X. Thus, a lower bound for requiredmembership queries is m2 � 1. For illustration, see Fig-ure 2.Assume, one gets an arbitrary positive example p of thetarget concept ct and the concept class C is purged fromall concepts not consistent with p. Then, the remainingconcept class C0 is independently monotonic. Thus, onlyd(1 + jXjd ) with d = V C-Dim(C) membership queriesare necessary in order to determine the target conceptct. This observation can be generalized by characteriz-ing the appropriate concept classes through the followingde�nition:De�nition 5 A concept class C over a set of objectsX is k-independently monotonic i� for all objectsx 2 X there is a concept c 2 C covering x and jcj � kand the set M (c) of minimal superconcepts of c in C isindependent in C.Now, the next Theorem can be formulated:Theorem 2 Let X be a set of objects, C � 2X ,jCj > 1 be a k-independently monotonic set of conceptsand d =VC-Dim(C). Then, after initially providingthe learning system with k di�erent positive examples ofthe target concept ct there is a learning algorithm whichneeds at most d(1+log2 jXjd ) membership queries in orderto determine the correct target concept ct 2 C.Proof: Let s = fx1; :::; xkg be the set of objects givenas positive examples of the concept ct. By de�nition ofC being k-independently monotonic there is a conceptc 2 C such that c � s. Let C0 be the remaining conceptclass after removing all concepts in C not covering c.Thus, there is a reduced concept class C0 over a reducedset of objects X0 = (X n c). Especially, C 0 containsan empty set, i.e. the original concept c after removingthe objects of c from X. And by de�nition of C beingk-independently monotonic C0 over X 0 is independentlymonotonic and Theorem 1 can be applied to the reducedconcept class C0. 2786



Example: We follow Figure 2, where C is the set ofall orthogonal rectangles in a grid based �nite plane. Inthe generalized case of an n-dimensional euclidean space,Theorem 2 can be used to upper bound the number ofmembership queries required for this generalized conceptclass C: There is VC-Dim(C)=2n and jXj = jn where jis the number of gridpoints along each dimension.Then Theorem 2 says that at most 2n(1 + n log2 j �log2 2n) membership queries are necessary in order todetermine the target concept c 2 C after initially gettingone positive example of the target concept.2.4 Meta queriesWe give just a formal and general description of our no-tion of meta queries. The idea is illustrated in section 3.De�nition 6 Let C � 2X be a concept class on X.Then, a meta query is a speci�ed subset XS � X.The answer to the meta query is `no' if the corrsepond-ing reduced concept class CS = fc\XSjc 2 Cg on XS is1�independently monotonic. Otherwise, the answer is aset XM = fX1; :::; Xng of mutually disjoint subsets ofXS . Each subset in XM is required to contain at leastone positive example of the target concept.I.e. each supplied subset in XM either has to be 1-independently monotonic or it has to have the potentialto become splitted into multiple subsets - such that eachsubset is 1-independently monotonic. Here, the user orexpert is asked to provide sets of subsets in a way thatthe number of subsequent meta queries by the system isminimized.3 Knowledge Acquisition System KAC-ZIn this section we describe our Knowledge AcquisitionSystem (KAC-Z) which incorporates the theoretical re-sults described in the previous section. An application ofKAC-Z in a real world (manufacturing industry) prob-lem situation is being described as well.3.1 System DesignThe goal of this system is to acquire knowledge in orderto perform a classi�cation task. For this purpose KAC-Zmakes use of goal-directed queries. In particular, mem-bership queries are used. As pointed out in section 2.3learning disjunctive concepts usually require a vast num-ber of membership queries. This poses a di�cult prob-lem, because no expert is ready to answer a vast numberof queries. In order to overcome this problem we usein KAC-Z a new query type called meta queries. Metaqueries were used to tackle the problem of learning in-tervals within disjunctive classi�cation. The problem isillustrated in Figure 3.In the geometrical example (Figure 3) the task is to learntwo rectangles r1; r2. Assume, our positive example is
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a2 tp1 r1 r2r3p p p p p p p p p p p p p p p p p p pp p p p p p p p p p p p p p p p p p pp p p p p p p p p p p p p p p p p p pp p p p p p p p p p p p p p p p p p pp p p p p p p p p p p p p p p p p p pp p p p p p p p p p p p p p p p p p pp p p p p p p p p p p p p p p p p p pp p p p p p p p p p p p p p p p p p pp p p p p p p p p p p p p p p p p p pp p p p p p p p p p p p p p p p p p pp p p p p p p p p p p p p p p p p p pp p p p p p p p p p p p p p p p p p pp p p p p p p p p p p p p p p p p p pp p p p p p p p p p p p p p p p p p pp p p p p p p p p p p p p p p p p p pp p p p p p p p p p p p p p p p p p ptp2Figure 3: Learning two boxes as disjuntive conceptA 0 0 0 0 0 0 0 0 1 1 1 1 1 1 1 1B 0 0 0 0 1 1 1 1 0 0 0 0 1 1 1 1C 0 0 1 1 0 0 1 1 0 0 1 1 0 0 1 1D 0 1 0 1 0 1 0 1 0 1 0 1 0 1 0 1f(A;B;C;D) 1 1 0 0 0 0 0 0 1 1 0 0 0 1 1 1Table 2: Equivalent disjunctive boolean functionsf; f1; f2 of Figure 4.point p2. Then the left boundary could easily be mis-judged by the binary search. Reason being that the bi-nary search may produce a membership query for p1.The answer to that would indicate that p1 is a positiveexample, which would mean that the left boundary ofrectangle r2 containing p2 lies at the left of p1. In factthe binary search procedure would yield to the dashedrectangle r3 as learning result. One generally cannotavoid this by using membership queries only, except oneuses an exhaustive search. This leads us to the idea of us-ing yet another type of query which we call meta query.Answers to these queries determine whether there aredisjunctive terms in the classi�cation rule and whethera binary search can be applied or not. The idea of metaqueries is to provide the system KAC-Z with the branch-ing structure of the classi�cation rule tree (Figure 4).Consider an example with learning a disjunctive booleanfunction f as given in Table 2.The boolean functions f1 and f2 re
ect two di�erenttree structures even though both functions are logicallyequivalent. A branch in the tree represents a disjunctionin the corresponding boolean functions. The terminalnodes correspond to a conjunction (eventually intervals)of the remaining attributes. For each of the intermediatenodes the expert is requested to point out the disjunc-tions (branching) via a corresponding meta query. Ascan be seen in Figure 4, the tree structure depends upon787
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C=0Figure 4: Di�erent tree representations off(A;B;C;D) = f1(A;B;C;D) = f2(A;B;C;D)the order of disjunctions given by the expert. The sys-tem starts with a meta query for the root node. Theexpert's answer has to indicate whether disjunctive ex-pressions are involved in the function to learn. If yes,the expert has to provide an attribute along with atleast two disjoint attribute value sets. The given setsare assumed to constitute a relevant and meaningful di-chotomy (polychotomy). In Figure 4 the attribute forthe root node would be A respectively B. The attributevalue sets would be `0' and `1' respectively. In going on,for each emerging node the system uses a further metaquery. If the answer indicates that there is no disjunctivestructure within the remaining attribute-values, then thenode is a terminal node.We use a frame like description for the objects whoseclassi�cation should be learnt as shown in section 2. I.e.slot value intervals are e�ciently learnt via membershipqueries. In order to do that, for each interval an upperand a lower bound with the help of a binary search hasto be found. For each attribute an initial value whichlies within the interval is required. Thus, all requiredinitial values are supplied by an arbitrary single positiveexample.Note: The case of irrelevant attributes is included simplyif the whole of its value range is recognized as valid.3.2 ApplicationKAC-Z is intended to be used in the manufacturingindustry. Its goal is to acquire the knowledge for de-termining appropriate cutting metals for speci�c cuttingoperations. Currently this job is performed by a longtime experienced expert from the �xture design depart-ment. An example of a classi�cation rule tree for ourapplication, where the expert de�nes a hierarchy of thematerials being used in the speci�c cutting process isshown in Figure 5. In the example above there are non-boolean attributes. In this case similar to boolean at-tributes multiple-value sets as well as single-value setscan be assigned to a particular branch.4 ConclusionThe introduced notion of meta queries turned out to
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