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1 INTRODUCTION NAME SYNTAX SEMANTICS
top concept T AT
L . . bottom concept 1L [}
Description Logics (DLs) and derived markup languages are a stan- concept negation ~ —C AT\ CT
dard for representing ontological knowledge bases which can be aconcept conjunction; 1 Cs cInct
powerful tool for supporting other services, such as reasoning and concept disjunctionCy LI C Cl% U 02%

retrieval. Such languages are generally endowed with well-foundedexistential restriction 3R.C {z € AT | 3y (z,y) € R* Ay € C*}
semantics and reasoning services investigated in the DLs field [1].Universal restriction VR.C' {z € AT | Vy (z,y) € RT —y € C*}

In this context, we examine the problem of the induction and refine-rhe notion ofsubsumptiorbetween concepts can be given in terms
ment of definitions for the concepts and their properties forming theyf the interpretations:

T-box on the ground of basic information (assertions) made on in-

dividuals that may be available in a knowledge base, i.eAthex  Definition 2.1 Given two concept descriptions and D in 7, C
representing the world state. The induction and refinement of strucsubsumesD, denoted byC' 3 D, iff for every interpretatior? of 7
tural knowledge is not new ilachine Learning Recently, inin- it holds thatC* O D*.

ductive Logic Programmingattempts have been made to extend the any semantically equivalent (yet syntactically different) descrip-
classic relational learning techniques toward hybrid representation'gI y -aly €q yet sy y P
[5]. In order to cope with the problem complexity, former methods tions can be given for the same concept. However they can be re-

are based on a heuristic search and generally implement bottom-t?éj;i?g tSi\?a(l::r:‘(?emial ;?;Tn%;i?agi;fer?gg;% :glﬁzgzzyzgesggg
algorithms, such as theast common subsum@cs) [3], that tend q (4. Y,

to induce overly specific definitions which may suffer for poor pre- ::e d'ﬁfrentt patrtti oftamlcc ?esif'pr:"’tﬂi‘r’]ﬁbr?(cl) 'Scfhf sert of r?t"
dictiveness gverfitting. Hence, in some approaches maximal gen- € concepts at the top-ievel conjunctio valr(C) represents

eralizations are preferred [4]. Moreover, like tleast general gen- the conjunction of the concepts in universal restrictions on Rjle

o . L ; hereasex represents the set of all concepts in the existential
eralizationsfor clausal representations, Ics’s sizes tend to increase’ r(C) rep P

exponentially. Other approaches have shown that also a top-dowrr(’le str(lgt)lois_lf))n rolek (if R does not appear i6’ bothvalz(C) and

search is feasible [2], yet the refinement is less operational: it is inSXR
tended to show the properties of the related search space rather thagfinition 2.2 A concept descriptio is in ALC normal formiff
specifying how to exploit the heuristics based on the assertionsinthg) = | or D= T orif D = D, U --- U D,, with

A-box. Intending to give operational instruments for performing the

inference and refinement of conceptual descriptions, we introduce arD; = |_| A n |_| VRvalg(D;) N |_| IR.E
algorithm based omultilevel counterfactualf?] for operating with Aeprim(D;) RENR RENR
an ALC representation. Beexp(Di)

where, foralli = 1,...,n, D; Z L and, for anyR, every concept

description inexg (D;) andvalg(D;) is in normal form.

2 SYNTAX AND SEMANTICS

. . 3 INDUCTION OF CONCEPT DESCRIPTIONS
Syntax and semantics for théLC representation [1] adopted can

be sketched as follows. In a DL language, primitdanceptsNc = The methodology for the induction and refinement of T-boxes pro-
{C, D, ...} are interpreted as subsets of a certain domain of objectgosed in this work is based on the notion of counterfactuals built on
and primitiveroles Ny = {R, S, ...} are interpreted as binary rela- the ground of residual learning problems [7]. Each assertion is not
tions on such a domain. Bnowledge bask = (7, A) containstwo  processed as such: it is supposed that preliminarily a representative
components: a T-bo¥ and an A-boxA. T is a set of concept defi-  at the concept language level is derived in the forrmaft specific
nitionsC' = D, meaning C% = DZ, whereC is the concept name concept(msg. The msc required by the algorithm is a DL concept
and D is a description given in terms of the language constructorglescription that entails the given assertion. Moreover it is bound to
presented in the following tabled contains extensional assertions be among the most specific ones (or its approximations [3]). Hence,
on concepts and roles, e@(a) andR(a, b), meaning, respectively, in the algorithm the positive and negative examples will be very spe-
thata” € C7 and(a”,b%) € RE. cific conjunctive descriptions obtained by means of rié&lization
[1] of the assertions concerning the target concept. For many DLs

1 Dipartimento di Informatica, Universitdegli Studi di Bari, Campus, Via th& MSC cannot be easily computed or simply it is not unique. For our
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2 For any interpretatiod = (A, -T) defined as in [1] rithm, reported in the next figure, relies on two interleaving routines




that perform, respectively, generalization and specialization, callingnd negative descriptions indicates that it is impossible to discrim-

each other up to converging toward a correct definition.

generalization(Positives NegativesGeneralizatio
input Positives Negativespositive and negative instances at concept level;
output Generalizationgeneralized concept definition
ResPositives— Positives
Generalization— L
while ResPositives# () do
ParGen « selectseeqResPositives
CoveredPos— {Pos € ResPositive$ ParGen  Pos}
CoveredNeg— {Neg € Negative§ ParGen J Neg}
while CoveredPos# ResPositiveand CoveredNeg= () do
ParGen «— selec{d(ParGen), ResPositives
CoveredPos— {Pos € ResPositive$ ParGen J Pos}
CoveredNeg— {Neg € Negatives ParGen J Neg}
if CoveredNeg# () then
K — counterfactuals( ParGen, CoveredPosCoveredNey
ParGen < ParGen M —-K
Generalization— GeneralizatiorL! ParGen
ResPositives— ResPositive§ CoveredPos
return Generalization

counterfactuals(ParGen CoveredPosCoveredNegK)
input ParGen inconsistent concept definition
CoveredPosCoveredNegcovered positive and negative descriptions
output K': counterfactual
NewPositives— 0
NewNegatives— ()
for each N; € CoveredNeglo
NewP, «— residua(N;, ParGer)
NewPositives— NewPositives) {NewP, }
for each P; € CoveredPoslo
NewN; — residual P;, ParGen)
NewNegatives— NewNegatives {NewN; }
K g;neralization(NewPositivesNewNegative)s
return

The generalization algorithm is a greedy covering one: it con-

inate between two identical descriptions.The counterfactuals algo-
rithm is linear except for the dependency on the generalization al-
gorithm. Then it suffices here to discuss the complexity of such an
algorithm. The generalization proposed here is a generic divide and
conquer algorithm which performs a greedy search using the refine-
ment operatob. Introducing a better refinement operator based on
examples, the heuristic information conveyed by the examples can
be better exploited so to have a faster convergency. The cycles are
linear on the number of instances. The only source of complexity
are the subsumption tests which are known to be PSpace-complete
in ALC [1].For many expressive DLs, msc’s are difficult to compute
(provided they exist). InALC, although Ics is simply the disjunc-
tion of the inputs, there is no algorithm for computing msc’s. Our
algorithm processes approximations of the msc’s, for it is endowed
with the specialization mechanism of the counterfactuals, whereas
the Ics can only generalize starting from very specialized definitions.
The method illustrated in this work has been implemented in a proto-
type of a refinement system (NYANG, Yetanother INduction Yields

A New Generalizationto induce or refinedLC knowledge bases
which can be maintained by means of OWL markup. This will allow
to design a learning and refinement service for the Semantic Web.
The proposed method could be extended along three directions. First,
an investigation on the properties of the refinement operators on DL
languages is required. In order to increase the efficiency of learning,
redundancy during the search for solutions is to be avoided. This can

structs a disjunctive definition of the positive examples. At each outeP€ done by defining minimal refinement operators [2]. Secondly, the
iteration, a very specialized definition (the msc of an example) is seMethod can be extended to other DLs by changing the residual opera-

lected as a starting seed for a new partial generalization; then, iter42" @nd devising a proper representation for counterfactuals. Another
tively, the hypothesis is generalized by means of the upward operatdl"©mising direction seems to be investigating hybrid representations,
& (with a heuristic that privileges the refinements that cover the mosy/nere clausal logic descriptions are mixed with description logics

of positives) until all positive instances are covered or some negativ8¢c0

instances are explained. In the latter case, the current concept defini-
tion ParGenhas to be specialized by some counterfactuals. The co4

unting for available ontological knowledge.
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