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Abstract

The increasing amount of infm’mation to be manage.d in
knowledge-based systems has promoted, on one hand,
the exploitation of machine lem’ning for the automated
acquisition of knowledge mid. on the other hand. the
adoption of object-oriented representation models for
easing the maintenmlce. In this comext, adopting tech-
niques for structuring hmwledge represematiou in ma-
chine learning seems particularly appealing.
Inductive Logic Programming {ILP) is a promising ap-
proach tbr the automated discovery of rules it, kr, owl-
edge based systems. We Dropose an object-orietd ed ex-
tension of ILP employing multi-theory logic prog,’ants
as the representation language. We define st new Icarn-
ing problem ~md propose the corresponding learlting
algorithm. Our approadl enables ILP ,o benefit o[
object-oriented domain modelling in ,he lemning pro-
cess, such as allowing st.ructured clomains to be directly
mapped onto progrmn constructs, or easing the man-
agement of large knowledge bases.

Introduction
As the application of knowledge-based systems in real
world situations is becoming more azKI Inore common,
the amount of knowledge that. must be ~:quired and
maintained is growing larger and larger, h, order to
manage knowledge bases of consic.lerable size repre-
senting real world domains, ol).i(’ct-based representa-
tions such as frames (Mii,sky 1975), description logic
(Woods & Schrnolze 1991). semantic m.tworks {Br~u:h-
man 1979), inheritance networks (Touretzky. liorty, 
Thomason 1988) have been proven lo be etft.ctive t.ech-
niques. In these formalisms, each ol)je,’t in t.he domain
is directly represented by means of apl)ropriate s.vntt~’-
tic structures, and objects sharing similar properties are
grouped into classes. On their turn, classes are organ-
ised in a hierar,:hy and inheritance is exploited in ordtq’
to represent Olfly om:e propertit~s that at’,’ shared by all
objects of a ,’lass.

Inductive Logic Programming (ILP) (Muggleton
1991) is a promising approach for th,. automated dis-
covery of rules in knowledge ba.sod systems (Morik ,t
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al. 19.(}3). Therefore. it seems appealing to adopt tech-
t,iq,ws for structuring knowledge representation in ILP.
ILl’ is com’crl,ed with the problcu, of learning logic
programs from a background knowlcdge and a set of
positiw’ anti ltegal.ive examples. However. logic pro-
gramming does not provide all)’ SUl)i),)rl for structuring
domain ,’epresent ation.

lu this paper, we aim at investigating the imp~v.’t of
a,i object-oriented data model on II,1’. By Vml)loying 
mtdli-l.btory logic lal~yua.qc (Bugliesi. Lamina. &" Mello
199.:1: M,:(’abe 1992). the knowleclge is strm’turt,d as 
colh,ction (,f SelJarate logic theorie.~ orga,,is,.d i,, a hier-
al’clJy. Ea,’h mJde. ill the Itierarchy r(.l)r(’.-.vl|lS a (:la.ss 
ol)jvcts whil,’ each h.af rcl)r¢.senls a sil,gl,. ,,I,.i,’ct.

’l’lw coltl ril)ution of this pap~’r is twofold: (i) tim clef-
inition of a h,;.)rning problem in a multi-theory f, nx.’iron-
nwat: (it) the description of the corresponding learning
algorit hm.

The advantages of ~Klopl.ing a nnllli-theory logic lan-
guage are twofold: from the knowledge represenl.ation
viewpoint and from the learning process viowpoiut. As
regar(ls the representation of the domain knowledge.
stru(:tured domains can be direc:tly mapped ont.o pro-
gram constructs. The standard ILP approach does not
allow the notions of class and attrtbuh to I,e distin-
guish¢’d, since they are uniformly r,-’l)res,’t,l,.’d I)3" means
of I)redi,’ate symbols. An ol)je,’t-o,’ientcd data model.
ins! fad. provides intrinsic Sttl)l)ort for I.he trot ion of class
and ,’lass hierar,:hy, where~Ls obj,.(-t’s attl’ibu!,,s are rei)-
resented as i)redicates. Moreover, inheritat,t’t’ provides
an effici,.ut and compact way of r,’l)reseuiing properties
shared by a se! of objc,’ts.

As regards th," b’arning process, ca,:it ,’la.ss consti-
lut,’s a uatural IJoun,lary for the learnittg pro,’~’ss, aud
providf.s it with a tinc’r granularity lev,’l. Inheril.an,’e
],lechanisms p,’ovich, for new generalisation and special-
isation Ol)el’;~l.ors alld (’al, 1)(-" t~xl)loited bol hiH Ih(’ learn-
i,,g I)roc~’ss. aml when using lhe h.ar,.’(l program.

Preliminaries

In t.his section, we briefly recall some ba.si," concepts of
I LP and multi-theory logic languages.
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Inductive Logic Programmhlg

%‘Ve I’irst give a definition of the I I,P I.)rol)h’nl. adapte~l
rronl (Bergadano &" (;unetti 19(J(3):

Given:
a set 1:’+ or positiv(, exalnl)les
a set 1"- of Iwg;~t.ive ex~unl)les
;i ,’cm~i..>lelzt I,.)gir i)rogralu II ( h.rk!lr..nd k.o.’/, (/~/, 

Find:
a Iogi," prograul 1~ (talyl( t iwogra.))su(’h I.hat

Vr+ E I :’+. B U P ~ t + ( cm,ph l, m..~.~)
Vf- E I’_’-. li U P ~ r- (<’on.~M,Iw.ll)

We ~;~y that. P cor~’r.s ex~lnph, ~ i[" P U B ~ c.
The prolfleni of fiudillg a soh,tion lo Ihf. I].P I)rol~le,lz

(’an I," seen as a pJ’ol)lenl of search iz, the .,il.)a(’e of logic
(’lat,~(’s. ’Ellis space is (parliaily) o,’(h,r<,d by n,(’ans 
ulle followizzg gellerality r(qat.ion.

Definition 1. (O-.~ld,.~.mptm.) (’[au,~e (’ O-sHJ.~....~
I) i[’ tlzere exisl, a m]h.~lit.utkm 0 such I.hat (;0 C I).
We write ~’ --< D. []

W,’ exploit u IDol.lolll-Ul) (i.e.. fronl .,,l)(,cifi(." t.o g(’n(’z’al)
oll(,ral.or .simi/a.r I,o rdatir~ lea.~/ <.1~ m ml ’(1~ m:rali.~alim~
(rlgg) (Plol.ki,I 1970) ;~llcl h.arnhJg ;dgoritln,l .~il,,i-
I:lr to Ih~. s.yM(~lll (I()LEM (.%hlggl(’lo,z ,k" I"(’llg l!).(.)O).
(;()[,l]~,l [earns Ilieori(’s IJotl.om-zl])by tl~ing rl’(j.q.i.,’.,
;111 exI.on.,tiolt of Ill(, /cast g~ m ml y( ,( rali.,~a/io, (1’(7.(I)
lakiitg im.o a(’(’ount t, ho ba(’kground knowlr.dge.

D(:fiititiolt 2. ( h a.~l (.1~ m ral .q< m ral i.~,l ,.m \V~. ~;i.y
Ili;~t cll.illSC (’ is the I’asl gl’tll’l’;ll g(,ii,,rali.~at.h-,n
(lq,q) tit’ rlail,~l’s (’1 alitl ( "2 i1" ( ’ ~ (’l, ( ’_~ (’., Jill(I.
[’or ovi,i’<y rhlilSP /;" ~il(’h I]lal 1’. -~ (’.. alid ]:" ~ (’.,.
it ll,d,l> IJllil ]’.’ -~ (" "7

( lOI. l’,’.%l ,Ki"lli"l’lllr’.’4 il .~high, i’JallSO Jiy rallilOlllly l)ickhig
(’(nll)le,~ ot’ ,’×;unl)ies. by (’onllJuiin.g l.hcir rl!l.q, ;uid hy
,"liot,,~ing the (llil, whii Ih(, gi’,,al(,~l. (’,.)l,,l’ag~, o1" 
po.~hive o×iUill)los. ’rl.lis (,l;i.u~(., i~ Ihcn ,genr.,i’ali~(,d 
I’itllClOlliiy ("hoosilig i1(,11" Illl(’OV(’l’Pd I)Osillvc 6’XallllJ]Os
¯ lnd liy coiiipulhlg Ihe Hgg ol’l lie (’lau.~l, aiill (’a(’]l or ill(,
r,×aliil)h.~. AnionI t,h," ri,,,suhhl I t’lau.~e~, ilw on(, I.hat
covf’l’,~ ii’lorP (,xanil)les is (’hoseu and geuei’alLqed ;ig, aiii
unlil ehh(’r l, he t"ovl’r;Ig(’ of l.he (.’[aus~’ (’itll ilol. bP fur-
l hl:r ,,xl en(le( l. o]" ally rurthor gPn,.,ra li,sal i,.)u wou Id c,>w’r
some li(’gi~l iv(, oxanil)lPs. Tht, n, a posl-i)roc(’ssing I)]iase
follow.% whero irl’oleva]ll Iitel’a]~ a.l’e discarded. In ease
lller(, is iioI ;.i .~hlgh’ (’lali,~o Ihi~l (.OVOl.~ ~lll liw positiv<,
(,x,’lnii.)h,s. iho l)r(w(,(hn’e is ilvraled until i1() iin,’,)VOl.f,d
l)osh.iv(, (~x;.uiiiil(, i’(,niahls.

Multi-theory logic languages

.Ylulti-thc,lry Iogh~ hulguage,,s (I.}llglit’..~i, I,;tinnia, ,k:
.%h:llo I.tlti,1)cxti,nd lhe .~lan(hu’d Iolh’ i)r()grltlilllihig
i)iuradilnl I~)" iJariitionin[ a logh" l)i’ogralil inl.o a nuil-
I,ipli,’ity of Ioli," Iheori,’,s. hi ilii,~ ll~l.lil,l’, wt, (’×ploh il
.n.’Jllil)]P nluh i-l.hool’y firsl.-or(ler Io,gh" l;.tiiguage (Onlh’hli
I(.).c)il), railed /~i,,,t, I’or dOlll;ihl r,’lll’,’.~f’lllaliOll. ,ll iJl.ll.-
gra.lii o1" ~i.,i i,q a col](,clioli of logic liieoi’ies i.’llliiivch,cl
b)’ par+.,l I’(,hl, tions dellOi.ed a.,~ (’ ’hild I’t’< [)(ll’f ill. whl,rP
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Iheo.y P,.rrll# is the (only) I,,r{,l l/uorl/ of lheory
(’hild. Ea,.’h Ihcol’.I/of £],,,,/, dellOlt,(I [)y :1 gl’OIIIlll I.(’rlll,

is a i’olh’(’lion of l:.d)elh’d (’];.lusl..,.i. A lobe/led r’lrlll.hl i~ a
relation of the form_

"if/l( OY.tI : H( (I.d :-- [’lOll.l/

rel)ro~e, ul.ing a (’[imso Head :- #tod!# of I, Iw lhoory de-
nolo, I hy Iho groun<l lernl "l’h¢orq whol’o [[¢ad is an
alolnh.’ rorluula alid ]Jodlj i~ ;t goal forlnula. All ¢l~¢sil~lt’
.Ibrm,/, of £:i,,t ha,~ dip forni p(#’), wh,,re 1, i,s an u-ary
i)r(,dh:ale ,~yml)ol, lind #" all n-luple or 1.(q’rlls. A (loci[
fol’llllll(I i,’S eii.her all al, onlh: l’ornnlla. ~ liroval)ilil, y for-
inui;.i, a hierar(’hic~d fOl-llillla, or a conjun¢|.ion o[" lO&]
I’(’~rllttllaO. .It ])l’ot,obTlTl;IJ fol’lltldfl has tit,’ I’OI’Ul O t-9"

where o is a lerm denoihlg a lheorv ~md !/is a. goM for-
Inula. II.oug/ily speaking, o/--!l is true when .I/ ,.’an be.
derived frOlll theory o. A hit.ral’chic(ll fOl’lll.tda lia.’~ t, he
fornl o I< o’, where o and o~ are lerins denot.l]l I Iheoi’ies.
o I< o~ is I.rtle wlitql theory & is an i~iit’estol" of theory of
o (1< is (,qulvalenl. t.o the transil,ive closure of I~)"

’It ~i,,d I)rograin "P can be spell as a pail" {Tp./sAT,),
where ]/:p is a (.’olle,’l.ion of labolled clauses, and [,sA.p
is a .gel. o[’ par6lit relations, l.s..l~, defines a I.roe whose
root is theory tlth. denoi, ed I;)y I.he (’onsi, lmi. ,rot in any
~ind I)rog rllni, which is the ollly one wilh no i)areni
I.heory. [..eaves or i.he lree are called 71~stam.’c.~. i.e., ihe-
orie.q wii.h iio (le,s,’enc.lant i.]leories, ls..l.p associates a
<’01i1¢.1"1 Io overy i.heory of’/9, ll’/l ..... /,~ { "]/’r’ (wher0
"]-/p dciioi.es Ihe Ilerbrand Ihliverse of "~) su(’h thai.
I,+l 171i ~ I.~.-lr. i < i < o a,~d ti I~I,, ~ /sAp. ihen
Ihc, whol(, hifornln.i.ion al)oul ih(. ol)j(,,’i dl,n(,IOd 
is giv(,n by h,- coiil.(,xl (/ ....... /i). (.lenui,ed lly c/a’t, 
I)y /.., il~(,lt’, wheiiever no niisu]i(lersl.luldhig (’:-Ill arise.
.%, ,’,~lltP.xl i.’~ ;I I,.)gi(" I]iPory oblahicd as the iinion of l]le
(’lail,~es uJ" h..~ cunil)onPnl l.heorie~.

The ,,nlaihii(,nt r(.,l~tion, ~(.i.,., doi,,rinhl~.s I.he lrui.h
vahl(, or a [’t>i.niul:.~ w.r.I, a (’Olll.Pxi. ,~in(’o ;u (.,onl,exl, 
ar’l II~-I]]y ;Ill ordhia.ry firsl-or(:[er logic theory (’()]II,PxI ell-

raihnent exacl.]y nl~t.ches classical I,P enlaihnent. Ob-
viously, we have’ lo add the following d~’finit.ions for
I)roval~ility ancl hierar(’hh’al forliiula(.,, where o and 0~

~u’e theory id~,nlifier,s:

’) I=,,,̄  ’/t- :# itr o’ t=<,, .q
,, I=,,, t i< #’ ilr /.,,l~, i= / IF< i’

Th(’ definilion of I.he elitailllielli, r,,]ation for ~.i,ld (de-
liOI.Pd whh ~j/) is obviously ba..ied on ~<.t,.. (liw, n il
lU’Ogi’alii "P and a forlriilla !/or ~.i,,/.

P ~.w !1 iff f/J,h t =, ~, .q

whore l~th rolJre~eill.s the enipl.y coitlexl, (i.e.. Ihe PnipLy
logic lh(,ol’y) wh(.re (>a(’ll It’n’unlla /~/,i d is ll y deflul[t
(,v;.ihial(,(I..It i)roo[" ]>r,.wed.ure c, xi~ts i, hal. i.~ ,-,ound wii.h
i’e.’il)e(’l I(:, r~:ll, l"or a fOl’lila[ d(:s,’riplion o[ uuilLi-t.heory
t.nl ilihn~.,nt iiiid ill<, iJl’t)of l)l’OCedure ,~l,e (()]iliCilii 199(J).

Object-Oriented Modelling and ILP
In Llii,~ s~,,’t.ion. ,~w, Ih’sl, forllially dl,fin(" Lhe learning
i)l’ul)h,rii iiia niulli-lhl’ory logh" |’rani(,work. lhen pro-
vi, h, a l(.al’lihi f algoril, hni for this i’l’allicwork.
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Problem Definition

Ill the following, we deline the learning probleln ill a
multi-theory onvironment. I,et B lind P be consistent
Ei,,d programs. E+ and E- are instance properties rep-
resented by Li,d ftici.s, such that Vo : ~. E 1’] + U E-, o
denotes an instance theory. The prol)leln ,:tilt then be
formulated a.s follows.

Given:
ti set E+ of positive exarnl)les
tt set /’-’- of negativt- exmnph,s
ti I)twkgrouncl knowledge It = (’Fu, lsA/j)

Find:
it lirogl’am P = (TI,, Is:In) .su,’h lhal

Vo:r+ E E+. (7’, t.J T#,./.s..lu) ~.w "/- "+
Vo:r- E 1.:’-. (7/)1 U 7"#,. I.s..l#l) 1i6,lt -/--,-

hi the 1)robleln delinition we consider, the set l.~..I.p doos
not clltmge since we callliof learn nc,w imr~tll relations.
i.e., the class hierarchy is fixed. An interesting exten-
.~iou of our franiework considers also I lie leartliul4 of pac-
t.s~t relalions and of new 1.11cortes.

Learning Algorit hm

We des,’l’ibe an algorithni ibr h.arning with all obje,:t
oriented data. model. The algorithnl itdol)tS all overall
I~ottom-Ull strategy whit’h lil’sl, learns in instnl.CCS and
lhen gen,.l’idises the l’esuhs ori ,-lasses ~dong the hieral’-
,’hy by lU,,ans of two Ol)erators: lilt’ relative least grn-
el’al r-gt’neralistttiorl (r-r/S/y) aud the least general r-gt,-
ileralisation (flog) opt, ralol’s, that extend tho ilo|iollS
of relative least g~mel’al generalisation (rltJl[I) nnd least
general generalisation (Ig.q) d,,lined by Plotkin (l’lotki],
1970) t.o I he case of nluhi theory logic progrtiuls.

The forulal defilli(.iolt of r-h.ly of two clatlsPS and of
IW,) alOlllS is given i, Ill,’ Alll~endix. hll.uilively, tllo
r-lg!i t,xlencls the I.qy I)y faking into :l,’COUllt hierar,:hi-
,’al infornl;llion il~ Ih,’ ]~m’kgl’Ot lid: [.]IllS, IAVCl II’l’lll,~ ]lo-

IoilgiliI to difl’Ol’elil ch.tsso,~ iirc g, uitu’alisl’d I J)" Iht,ir l,,asl
iil)PPr I)Otliltl. The T-rl.qg ollornl.or is t)l)iaincd [’i’t)lti 
nol.iOli of r-h.ly ill I.hc’ SaliiP WilV ;i,~ r/q,q iS oblailied [’l’tJlil
I, lit’ noliOll of ly.q.

~l.Vi, l.l,~llllll’, thai the insl.;uice,s [’l’lJlll which wc W,illl

Io loarn itl.O coniplol,p Oil ,’xaiiiples. Thus. ,’very ii,-
slant’e for which ~ pretli,’aie is relex’aul. COltl.ahi.~ pXalii-
llh’,s tll)olli Ih~l. predicate. Also. i1" ilo exainph" for il

llredi,:ate is av~iltible ill all instauce, Iiu,n ililtt pi’odi-
cal.o has liOt 1.o lie learned in I.]u’ hisialu’e and in i, he
,’lasses abort, it.

The tdgorit.hnl sl.arl..~ i’t,cursively fl’Olii t.hp root of
t.iw hiertu’chy down to the illstanc,:.s, by calliltg L, am-
( ’las..s(pln. root:tl, E-). (’lause.,s irl a chl..ss (’ are h,a, riied
;d’i.er the learning in em’h des,’endent t,l" I’: has been
coinl)leied. For i.ho .sake of silnplicity we ,’ollsidr,r the
h,tirnil~g of a single predicate p/n. Mull.iple llredi,:at.t¯
learning can be pel’fi)rnled by il,u’athlg the hmrrfing of
a singlo predicat.e.

The letirning pro,’,,ss on insl.an,’t’s irl perforiilo~117y Ih,,
l)rocodllrO l, carnhl,stanc< in I’~igure /. This algoritllill is

procedure Leai-nlnstance(i,[n, "/’h,-or.v; H, E- ):

let /’::~t,,_ or~ and ET--he,,,.y I.~-

the positive and negative examples Ibr I’/n

in Theory
/-I := 0while E.+rh~.,. ~ is nor ~-nil)l’y do

pick rallt.lolllly nl cOlUl’,les of poSillVt’ ~ X:tllll’llt.s

conipur,~ I hvir r. rlqtj
~.valuatt.. I Ii~.i’l~ i)li i’,osil ivy- vx,’tnlpl,:s
~,~.l,:-,.-I.s Ih¢. r-rl~.q f,t

l]lal cov~-i’s illotl posit let- vXnlllpl-s
l’Ollelttt

(h~t = {r.~lgrlit,’.i~÷ ~i;1~ + ~- F+r~ ......
:.lllll r-rlf/.t]! (’. {I "t" ~ II iS ,’,)llniSl~ III;}

I~’l f ’# h,’ lh¢’ I’]illl.ti~ ’ hi (;t ii
i lllli ~’fiV~.l’.~ lilO.~l i,f.til iv,. , ×hllll,l...’.

uill;.il I~’l Ii is ,’lnpl)’
n,l,I (’ io II
I’¢:lllOV~’ I’l’Oili il".’./’l’h~ ..ri Ih," po.siliV<" r~¢aliil:,lt’.’i

t’o%’0"l’t’(] 1,.%’ I ’#

(mllwliiic

i’l.illrll II. E.Tbl,,ry

Figuro 1: i,v;~l’iiing in ln,sllutce,s

.,ilnilar to (;OLEM (.Mtagglei, ou ,k" Feng 19!)0): it dif-
I’t,i’s I)l,cmiso IlO I)Osl-pl’ocesshlg l!;Pnol’alisaliou llha.-se 
llert’ol, l lied.

[.eal’llillg ill a cias,s is IJPl’l’Orlllod ])y I.]IP IJrocedurt’
Lt.t/i’H(’[oss ill ]"igurp 2. If the I lleory Oil wlii,’]l Leurn-
(7,.s.~ is called is ;ill hlsl.aliCp. Iholl Llarlllu.~lanct is
,’aliod. Othorwise. the lll’ocedurp is called i’ecursivoly
till t’;it’ll Still o|’ Ilie class. "[’he 1.hooi’ies rel.llrlled [iv oti,’[I
Still ttl’O slOl’l:d ill a list lls,,~,>, alld negtitiw’ ,,xanlples ill

;ill l]le [lislanct,,s of Ihe st>it,s al’O colh,cied ill il ."ii’l. ~7~. .... .
If cach liiooi’y iu I1.,,,,., ,’Olllaill~ ii d,’linit.ion for I, hp

lill’t~t.l i~retlicaie, wo Iry tl> h,;tl’li ii dcliliiliOli for this
pr,,dical.p in iht, cl~tss. ()th,,l’WiSp. flu. I’Pt.lll’Sivi, i)l’(Ji’t.ss
slops allll 1,he IhetJi’il,.,, iu l! ..... ,, ;ti’o a.,>serl,’,l iit their
I’~’SllOcl iVP .’~OII.

In tll’til’i’ Io h’;irli ii delinilioii fur Ih<’ l,ill’lol I>i’etli,’~tle
hi a cia,ss, wp sl.arl wil.h ;Ill eliilll.y sPl of clails,’s It mid
we il,u’;ll iv<’ly add ii ,’huiso i.hal leiwralis,’s Ihose in its
StillS. ’1’o this I~lli’llOSe. ill p;.i,’h ilel’al.iOli of l.ht, loop. ;i
l lillle of clmlsl:s is obi, a.illed by picking tJllO clause f’ronl
Pa,’h thpory hi H.%,, and tile r-rlflg o[’thP clauses ill tile
i.uple is ,’onsidored. Tho rt’sull.illg ,.’lause is I iu,ii tested
till all Ihe liog~ltive extilupies l-’~,.,: if it is c,)nsisl.enl,
ii is addod I.o II and all the clauses in the l.ul)h.’ tire
reliioved fl’Olil the i’Orl’(’si:lOlidillg i lieol’ies in Its,,,,. If
it is IiOI cousistent, the clauses hi t.ho l.uph,s are left. iu
11.~,,,~, aiid ;i liew itertil, ion is sl.al’l, ed. lit i"ast, olie of the
Ilil,Ol’iPs I/.~ ill Ii.¢,n,, llpcoliies t,iilpl,v, lhe cilulsP i.hai
is ilieludt-d in Ihe i.llple frOlli II,~ is ilu’ lil,.),~l ,spe,’ilh’
cltiusc _1_i.

’l’ht. I,’arnhig> I)l’t.)l’t’ss Oll cla,sst’s I’l)lil hnips rl,cur,siw, 

i.j.. is such i.hat, for miy clause (’. r-i’l.qtjl( ’. _1_) = (’
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h, vel by l¢’v(’l a,,, [<Ir it.’-; i’(.;()I, i+ l’(’;t(’l,~’tl.

Examples
"[’lit’ l’ol]owijlg (’Xalltl>lt’ sl,ould gix’,’ all il~tUiti¢)]i oi" fit,"
In’havioLU’ of l.h+. + algorilh,,. ( o i.~idi, a tttuhi-th<’cJry
l)m:kgrouttd knowh..dg, lJ. whus<, ,’la..s.,+ hi,’,’nrrh.y is (h’-
l)i<’IPd Jt~ l"igut’o 3. Th+, .~t,t. "I}+ ~’(Jtll;lJllS lit<’ l’oll,,wi.g
l’a(’ts:

hm’k : lh(’+.+(Ht(llq,,l), b,H," : I//,’++(do.q!/g).
L’tllq : l,;k,’.,,(w,;.,+],’+,’+), kHl.~] : li~’+.~(&’Hk+d).
J’ufu : lik+.s(u’i.~k,.s). J".l)l : I;k,.~(!lo+n’m,l).

(’onsido," the [’ollowiug exanqdv~:

t-’+ = { loh:q :+ al.s(vh,I,P.tj), lob!l: r ¢+l.s(do!l!l/.I}.
bm’k : r ,.I s( vh, lqqj) . huc’k :, ,l.s( do!l.q.tj) 
kilt!l:( ,~l.s( n.i.~k,.s ) . k il l !l : ~ ,I.~ ( k H k,I 
/+dq: ~ (’~., ("’/."&’".,). J~@:..t.,(.,m. v.,(t) 

f’- = { Iob!l :+ +~t,~,’(kilk.I). h+t,’k :+ al.~,(.UOtll’lll, I )
kill# : ~ .I.s’(gom’m¢ I). furl/:, (d.*(k;t k.t 

The I)ro(’+’dun’ /-., av.(?..,~..~ is re~’tu’sively ,’alh’d mart il,g
[’ronl t h(’ vool (’lass (lowtt to t.ho insl ;t].’~..,s. "l’ho i~l.~l :u](’t’.’.
uF do.9 are lir~t. ,’onsMervd. rh(, r-rh.I.V o1’ Ih(. i)~,.~iliw,
(’X;’IIIII)I<"S ill Ill(’ iliSl;tli<’O lohq is <’Olill)tlh"d. t.d~t;tJltiti,~

t.h<’ (’lml,-.+’:

, at..,(.\’):--.\" I< do+.l_fO+,d

.~illCe tlti,.s." cl;u.l,+o dot,.,s IIO|. ("(}vor {-I1113" Ii(,g;l|.iv{ + OX;IIIL[)I(’
in Ioby. ]I, is J.’el.llrll+’(I Io thl" ,’;-ill or/.+,.v+(’h+.,,.+ oJ~ do!l.
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rh(, r-H:/.q or lho i)osil ix.<, (,x;uulJl<,s iu the’ hl.~t.:tn(’(" huH,’
])l’OdllC(’,~ lho ¢l~.ttl.’.r’:

, ,1.’,(.\’) :- .\" ,h,;l_J’,,,M. Hk,.~.(.\!

Thin (.I;luse is (.<+li.~i.-.t.,.iil wit h ~(..,_,,:~1 iv<. +.x;ilUldt..-. ,it I, uH,.
;tli(l it in a[~o l’t’l llrlll?{’l tt~ ].fttl’ll( "{ll,’+,’i t)ll ,1o1.1.

All flit. ili.’.;l;til~;’(+s of" do;l llaxt, bt.(,ll ,’t+u.’.,hl,’i’,’,.l ;utd t.h,"
,’hu,.-,’.~ gon(.r;it+,d in +’a,’h illStaltt’t’ iiav~’ I.’,.it ,’, ,ll,,,’+ (,d
h~ /I.:. ...... Tho ."-- H!/!/o1"1 h,’ I+’;tt’n,’<l rJ;lll.+.t’.~ in +’< ~llll>lllOd.
yit’l(iiug:

"ll,i~ t’i;ill.Mi, i:-. Iv-.,t<’(l i.,ll :dl lhi. li(’~,}ttix.,. ,’x;uul,l<’.-: [II
,h)~, in~t;m+’+’.,, l,m I,’ :.,n(l Iob!/and l’t,mi.l It, I,+. r,,n~lslt.lll.
’l’II+’i’(.’l’¢Jt’,’. it i.’, I’(’t i,t’It(’(l l,y L, ,,tt(7,.s,+ t,, lh, r,(’ur-.iv+.
tall ,)it n/.

Th, ,, th, +,++l ili.~lali<’,’~, m’(. ,’,+u:.,i,l,.ro,.l. lu l,(,th lh,.
+~tl inst ;’u,(’~’.~ l,’tll!l aucl .l,t.l}~. t l,,. I’,,ll,w,’i~,- ,’l;un:-:,’:

, o+.,+(.Y ] ’...- X p+< (’,+I_./’,,,,./. l;k, .+(.\,+

is th<’ r-vh.l.9 ()I’ Ill+, l.’..).’,h ix(’ (.’xai,,l,l<’s a,M i..., ,’+,,i.,-;i~t.,.’nl.
’l’h,.r,2for<’. it is rot.,tr]wd I+3 I.< ornht.sh+m< t.¢, th,’ ,’all ,.,I"
1.+ ,tl’t~("/+ls.~ +’)ll ¢’¢t1.

hi Iho t++l (’Jas+. th(’ r-H.q# ,~1" I]v. r]a;I-,,.s .~(.nor;itt’d
ht kitty an, l j}(f!j (t.hat. ;u’(’ aclu;,lly t’qu;d) is lh(’ (’l;ui.~o
il.’s<’If X+,’llJt’It ++ (’OUSiSt.(’tlt t)li ;ill ~.I," tlo;..("alix’¢’ ,’.’:;U’Ul)Ie.~
il, th,’ +’,+/ ill.~t;ult’o.~. "l’hu.~. i~ i+ ,’+’t urli(.d L,, I.< ,n’n( ’h+.,+.,+
(ill Ih 1.

All ~h,’ .~on.+ ,)1" I)+ I h.:lx’,’ I)(,Vll ,’,m..+id,,r(.(I ,n,I ,’Mu.~o.,+
~,.ll(.’r;.tt.,,d ill thOlll for th<,+ ,t.’, Im’,li,’;ll~’ ll;IX’t I,(’(’11 ’:’o1-.

h’(.’l(’~l il+ /[..’,,,;,. TIt,+ (.,,Oll(’rali:.,;lliutl ,,rih,..-:,, (’[;ttl~t..~
j)rod tiros

, ,tL,’(.\’) .\" I<./’ ,,,,,I

wl,i,’h i~ IhPJl I<’.’.,t.(’(t oil I,’g:lliV~’ ,’x;u,,Id<’.-. ilt p,t il,-
.~t:~tl(’O.~. "[’]Ii."s (’[;illS(’ t’tW<’l’~ ;all I]1<’ IIO~,alix:t’ <’x:.lllll)]O.’,.
A.", ;.’l t’tlll.g("(ll.lOll(’O. ;111 (’lll[)ly ~,:’t ul’rJ+tll~(’.’a i.", r(’l II1"11(’([ 

lit+’ ,’lntl~lol ;.~.ll,I 1.lid"It 1(~ li.’ t’.ot t’l;|.~ (i.(’.. lilt’" I,’;,.,’,,i,,~;
I~1"oc¢’~.’, sIOl’)~) alld t[l<’ ~’],~.~ll~(’s it’;ll’llOd I’or ~{d all([ do.+/
HI’(’ ;tSSt’l’1.(’(i ill t ii" r(’.’Sl),’ct.i’,:,> ,’I;I..+;.-,. Th(’r~.l’()r<.. + fi, ;.d
th~’ory will ,’,.)lll;.lill t.ll~’ ,’htu~<:..,:

(’~’II : ,’+’/,/.~(.\’) :--.~" b(" r<//_[oo(I/ I/’~’, +(.\’)

do!] : +oI.’~(.Y) :-.\" d+ql_J’+,od

<’xl.~r,;’.,.;.~il.i, ~ 1.hr’ ..g.)elior;|.[ kllt)xvh’([.~o t It;tl. t.[(~g.~ ;ll’~, u,m’flly
loss "ph’ky’" lhat (’~tts.

Ntm. (’(:,~sid+,r 1.1m folh)wJn.g (.x;.mH)l(,.,,:
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E+ = {toby : barks.\it(john), toby: barks_at(fur!t),
toby:barks_at(tom), toby: barks_at(back).
bat‘k : borks_at( kitt!l) . buck:barks_at (fury) 

E- = {toby:barks_at(dick) 

Starting fi’om tile root, the recursive calls h)t" 1.he algo-
rithm reru.’h the instam’es. The instance Iob!t is con-
sidered and the r-rlgg of the positive examples Ioby :
barks_at(kiSty), toby : barks_at(fuf.tl) is COmlmted. ob-
taining the clause:

R~ = barks_at(X) :- X [< cat
Then the 7"-r199 of this clause and one of t.he other pos-
itive examples for tob.q toby : barks_al(tont) or fob# :
barks_at(buck) is computed, producing

barks_at(X) :- X }< animal
which, however, is inc(msistent on t.hc negative example
toby : barks_at(john). Therefore, chulse 11’a is added to
the current theory H. Then, a new iteration of tlw
covering loop is started: the r-rlg.q of the remaining
examples toby: barks.nt(tom), toby:barks_at(buck) is:

barks_at(X} :- bales(X), X [< an.intal
This clause is consistent and is also added to H.

In the instance buck, there are only two positive ex-
amples and their r-rlgg is also rlause Rt.

Now, all the instances of @ have been considered,
and the set lls.,,,, contains all the theories generated in
the instances. Couples of clauses are now picked from
Hso,,., and their r-rlgg is computed.

The first couple of clauses is

((barks.xd(X} :- X ~< cat), (barks_at(.\’) :-.\" e(d}
Their r-rlgg is obviously the clause itself al,d is lest.ed
on the only negative example: sinre it. is ,’onsist,’nt, it.
is added to the H set tbr dog and the clause is removed
from t.ht~ two sets in Hso,,,. A new iteration is started
and the following COul,lc is ronsidered

(_L, (bark.Let(.\’):-.\" ]< ant,hal,hates{X)))
Their 7"-rlgy. barks_at(X) :-X ~, animal, baits(X), is
then found to be co/isistent and tv, lded to 11. At this
point, no clause is leK in H.,,o,,~, thus the proce(h,re
ends by returning the theory H.

The class l~t is now considered. The only st,bclass
that returns a theory cor, tair, ing clauses for barks_at is
dog, therefore the learning process termilmtes by assert-
ing the theory learned for barks_el in t.he rlass dog.

Discussion
Some aspects of the aigoriflml are worth to be disrussed
roncerning the generalisation proce.~u in instances and
in classes. When learning in an instance, only a
small subset of examples is typically awfilabh,. Si,u:e
the number of negative examples may be small, we
choose to rely on a notion of least, general getwral-
isation so as to avoid the risk of overgem,ralisat.ion.
For example, consider the instance toby in the ex-
ample, where we have only the two posiliw, exam-
pies eals(cbappy), eais(dotl.qy) aad Ilo n(.gtLtive exa,,J-
pie. We prefer to lean, the ,,lost. sperific chu,sc

toby : eats(X) :- X 1< doy_food

rather than the most general clause
toby : ruts(.\’) :-.\" ~< iv,t~!

whi,’h is not intbrmativ,,.
At. a first glance, when h,arning il1 ch.Lsses this prob-

lenl seenis not t.o ot’ctlr because negative cxample from
all tlw iustauces art‘ rortsidere(I, lh)wew:r, ronsistency
oil ucg~tive exmnples is not suliicient to avoid over-
generalisation. In fact. in a partitioned domain, some
predicates may be feb’yam, only tbr somo parts of the hi-
eraz’chy. As at, example, consider a hierar,"hy where tht,
class mot has I.l~ree subcla,sses: attimal, plants and man-
imat(_objects. Clearly the predicates ~ats is not rele-
vant for inanimate objects and plants and no negative
examples for tats are provided in ti,eir instances. Thus
negative itt[ornlation does not. i)rt’velfl, tlS fron~ ovPl’gelJ-
eralising and we could h,arn a definit.ion for (ats in tl,e
root. rFo avoid this, we learn a delinition of a predirate
in a class only when all its sons contain a definition lbr
I.hat l)redical.e.

An alternative ai)i)roach would consider a bias that
r’xpliritly detines which instanres/classes should be
taken inl.o account wheu learning a ¢’(.’t’l:.lil[ predit’ate.
Thus. the user would be in charge of partitioning do-
nmin knowledge in two set. of classes: those Ibr which
the predicate is relevant, and thos,, for which it. is not.

Related Works
’l’t} Ill,’ I.)(-’sl of our k],owle(Ige, tl,c use ,A" an ol)jec’l.-
oriented dat.a tJ)t)(l(’l in h:~u’nting has b(-,ent iJlvt,stigal.ed
,rely in tint’ field of descrilJtiox, Iogirs. I]c.h,vanl wo,’ks
(l(iet.z &: Morik 199,1: (’,)hen ,k" Hirsl, I.(I.(.),l: l,mnl)rix
,k." Maleki 199(J)hay(. (lisrltss(,d the i)rol)h,m ol’lt,a.nting
(’l;Lss dJ..linitk)ns expressed in a parti(’ular descril)tion
logic tbrnwlism. The It,arlfing l)ror(’ss thai is ronsid-
(,red in these works diffc’rs front ours: there, the lear]l-
ing task is to build a rlass hierar(’hy starting front the
descriptions of a nun}bet of instances of those classes.
lnsl.ead, we learn definitions for class prol)erties, in 
given class hier;u’chy of tl,ose classes.

The system KLUS’rER (Ki(,tz &: Morik 199,1)uses
a tbrmalism that is a. subset (,1" tit(, IIA(’K dt,so’iption
logic. The learning problem can be described in this
way: giw.n a set. of assertiot,s in tit,, ABox (l.hc t‘Xrtlll-
pies) and an enll)ty Tllox. lind a TBox (i.t,.. a hierarcl,y
or con,:ept definit ions) st,rh that the roncel)t definitions
corrPctly dt’srribt, the examples. Examples consist iu
a nuntlJer of assertions about cotJt’opl, rnt,n,bcrsltips of
iJtst.auces and aboul role relations between instanc<:s.
The learned theory will contaiq int.ensional definitions
[b,’ the con(:(’l)ts and rol(’s such thai. all flu’ ext.oltsio]lal
tt.ssertions (exalnples) are true.

Ill (Coin(’ll &" lti"sh 199"1) tile aut,hors consider the
(’-(’.I.ASSI(’ description logic as the rel)rt,se]tt.at.ion 
gtlage. Thcy preset]t t.ht‘ .~ystel’H l.( ’,~I.EAItN th;.fl, takes
as inl)ut a st’l. of concept (I(,s(’ril)tions and r(nUl)tltes t.he
It,asl COlltnlOtl sub~lllller oJ" 1 h(" (lesrril)l.iOll.~ { L(’S), I.hat
is a least general gt‘m,ralisat.ion.
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In (i,ambrix & Mah:ki l.q.qli) tin- aul.lnors use a <:l¢,-
scription logic ,’ont.aiuing spoeia.l construct for lmmlling
Imrl-of relations. TIw user is allow+..d to give t.o the
h,arning sy..~IOIIL sever;,I kinds of iui’ormation ou, (’Oll-
cepts thai stnbstltnLe (are SlJ.l.):.Jtilll(’d ) lint’ target VOlL-
t’el)l., conlc’opt.s thai. are Imrts of tlw I.~.LI’~PI. t’Olnf’t,I)l., alLd
coucepts that are collections of p~,rts that must occur iu
t lie target com’e])l.. The sysl¢’Lni learns t Inr’ detinition of
the target. <.’oncei.)l. I. 0’ it.eratively reducing two versiolu
Slmc:es. one ton" the is-a relation and one for the intn’t-of
rdat.ion.

A,ioth+,r work relatt,,i to ours is (Page &: I:risch 1992)
wh(,l’O Ihc Ol.)(,rat(>r COllsll~littl g~n+r, lLs~tlio, is l)l’,’-

...;t’nnled tlnat is able It) g(’ln(.ralisc’ ;.11o111.’.¢ I)y takiug till(,
accom,t hierarclni~’al r+.h,t ions annong I hn’brannd tmivorse
¯ on,s(anl.s. ’1’1his operator compute.,< Ihe h.ast g,,ueral
goneL’alisatio,, of ¢.o,.sh’,in, d ah)m.~ thal are atonn.s ,d"
the form Ii/(.’. where II is a.u, atom and (’ is a sol of
ronstraints tm the ternns,ff II. llierarchical rehntions
,’an I,e represented i>y tln,,alns or (’lauses o1" the 1"(’)rilL

(’lass(.\’) +-- Sub,’hts.,(.\) wherf, X is an, instam’t..
13y rel)re.sennting Itierarchical relat.ions by nwans of 

first order (I,eo,’y. nmLh.il)le inlwrit.mwe is Mlowod: /.inn
ol>j,.,’t may I I,us be cla.ssilied Monng dill;.retd, lnierarcltit.s.
Tlw g,.neralisationn of two const.rMm.d +l.|.OnllS will IIh’lJ
~’cml.airn t lw conjunctiotn o[’ I<’ast upper bonLnuds of !Int.
terms w.r.t, all lira hien’arclnic..,.

Conclusion and Future W’ork
"I’lw adOl~tion of innl ol,.ie,:t-ori,’,Wd dan.;, ,noch..l i,t II,P
allows t.o exploit tin,: be,wills of ol).it,ct-ori<,nntcd k,mwl-
e(Igc, rPl)r+.:.;eiilaf.iotl in, lea,’uinng. ("olnil.)l(’x aim stru,.’-
I.un’ed doniLaillS cauJ i)e nn,odt.ll(’d straiglntforwardly annd
Ihe u’esulliug knt)wh.dg<. Ims,’ c.’au In’ more easily ulnain-
I a.in<,d.

W<, dclim, ao alg<)rithnt~ that learns tl<’iintit.i,,nl,~ of
I)rOl)<.rties in ’lass,.s av g diJl’¢’J’eUl h,v4.+ of g(’nn+"al-
it)’. by sl al’l ing froru itustam’~.s au,l I ln(.u "’,’limlfinu.’" I It,.
cla..,s Ini(’rar+’hy towards tit+’ root. It. is worth ,t,’.,tin.e,
that by in,tn’OdulcinL~ a very sinLq)h’ nnodilical.i,)nn tc~ rlas-
sic’al II, P algorithnns, i.e.. tit(’ ext,.nsiou td" rl~ff Ol)~’ral.(w.
xv,. ob|ainn a s/IbSt."tntia[ innnl)l’OX’~’lnJOlnt frolJl ;u I,;.lut,wh.dge
,’el)reseno at.it)nu vi(’wl)~)int. \V<. have innpl,,m,.n~ted tit,. 
gorithm i,, SIC’St.us I’ro[og (sin’s 1.9!ff). ;m,I t,’st,’d it
oil st.rntct.ur(’d knowlc,dge cXalnl)h’s.

\Vo art’ run’rently ,.xt.ennding thv language wit.In uml-
t iph. inuheritauwe by exploiting lim.arisalion algurithm.-,
transforming theory graphs into a. single Iogi," tlneory.
Futur*’ z’est.ar,’h will I;’,:+" the i.>z’<.,bh,z, of oxt+-nding the
hie,’ard,y by ;+xl,:linng m,w classes.
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Least General r-Generalisation
The notion of lea.~t general generalisatioa (Plotkiu
1970) l,a.s to be extended i. order to cope with the
variable types dete,’mined by the class hierarchy of a
program. For this purpose, in this section we will in-
trodt,ce the notio,t of r-sul~sumption, and deii,w the
least general r-generalisatiou (r-lflg) accordingly.

We first formally defi,m the notion of r-expa.sio, of
a formula with respect to a program T’ whidl makes
parent relations explicit in a logic formula. Then. r-
sul~sumption and least general r-generalisation can be
obtained from the delinitions of 0-sul)suml)tion and Igg,
respectively, by applying them to the T-eXpansion of
clauses.

For the sake of commodity, we will deuote cI;tllS(~S
as set of liteJ’als, whicll have obvio,sly It) b,’ read as
di~inn~’tion.~ of litorals.

"].’hen. r-subsuml~tion and least geueral v-gc,m,ralis~,-
tion can I)e defined I) 7’ applyiug the delinilions of 0-
Sld)surnl)tion and leasl, genr.ral gener~disatiolt apl>lie, I 
r-expan.~ions. In lmrticular, it’ we deuote wit It rp (.f) the,
v-expansion of a formula f with l’e.~pect to a progranl
¯ ./9 = ~7~,, l.s..l.p): rp If) is a ¢l.ause obl.;.fined by i~rol~C.l"ly

r<’writing f as a set of literal.~ a<’<’ording to thv Followi,lg
rules.

Given a hi~,ran’hic" fornnlhL I ~< o. where I is a term
a.d o is a grouml te,’m stwh I.hat o I~( I E/n..I.p.

,r,(t I<,,)::= it I< o} u ~p (t I<o’)
given that

rr, (! ~ root) ::=

]~y delinit.ion. (;iven iusr~,ad a hi,,rarchic formula t ~ I’.
wlwre t is a I.erm and I’ is n non-ground tern,, ils r-
expansion is simply given I~y the I’ormuh.i its,qf. Ihal.
is

rp (t F< t’) ::= It I< t’}
(;iveu au eguality formula .\" = o, wlt~:re .\" is u variable
and o is a ground t,.rnt such tlmt o I~ °1 E Is:lp. ils
r-expansion is detined suvh that

rr, C.\" = o) ::= {.\" = el u rr (.V ~ ,,’)
(;iveu instead a, PtlUalioll .\" = I. where .\" is ;I v~t,’i;d.,h’
aud t is a mn~-grotmd term, it.~ r-eXlmnsicnL vr, (.\" = 
is simply giw,n 173’ liar’ formula it..~ell’, t.hat is

rr (-\" = t)::= {.\" = /}
Given a literal (-’)p(fn ..... I,). whvre I1 ..... I,, art.
terms, its r-expaasion is deliucd as Ibllow.~:

r.p ((~)p(li ..... t,,)) ::= {(’)P(-k’t ...... \’,,)} U

Ur’p (.\’~ = IL) U...U rp (.\’,, = t,,)
(.;i.ven a th,lno fornlula 1 /--p(ll ..... I.), where
i. it ..... t,, are tern-n~, its r-expausioll is defined a,~ fol-
lows:

rr (t /-- l,(t~ ..... t,, )} ::= It/-- I,(.\’~ ...... Y,,)} 

ur.p(X~ = t~)u...urp(X,, = t,,)

As obvious, given a clause {ej ..... ~’, }. its r-expansion
is giv~’n I)3’ the union {i.e.. disjunction) of the r-
expansions of its literals:

~’~, ({e~ .....e,,}) ::= 0 ~" (")
i----I

Do.fiuitiou3. (r-subsumptio,) A clause (’ r-
subsumc-’s 1) if there exist ;~ substitution 0 such
Ih;-fl 7~p ((.’) 0-sinbsumes rp(D). %V~- write then
(’ -%. D. []

Definition 4. (hasl g, mral r-gem ~rdis,d,m) We
say I lnat clause (’ is a Ic-~.~l !l~ neral r-g~ m rali.~dion
(fig.q) <fft’laus,.s ~ ’t antd (. ’._, if {." -’%,, (’ "t. (’ -%, 
ajn~l, for every clause ]-? ~u<’h thai 1:" ~.,. (’n ~.~lltl
I:’ _.-,. (’._,. it holds ~hat /f .-I:~,, (’- []

’l’l,erefor~,. Ihe ~dgon’il.hn,t for colnputilng 1.he, I!ifl c;~nn br’
IIS(.’tl J’or computintg the r-lgfl. I.oo.

hi gen,.r;d, the least general r-gr,m,ralisati(n~ of Iwt)
,’hunses may ~not I)e tlJliql.te, given the n,dtnnlda.uc’y inl.ro-
~hlced 193" the r-oxlmnsion, in fact. giw.n, Iwt)difrerejjl,

,’l;,u.~es (’ a,~d (" Inaving (.lip Sallie r-PXpalnSioln, ( " is
a l,’ast gem’ral r-gem’ralisaticm for claun.~es (’~ aml g ’.,.
lh~’lJ (,0 is a lea.~t, general r-ge.eralisal.ion, for the same
clauses, too. As a resuh., least general r-getneralisat.ion
dr’linnes mn equivalem’e cla..~s, n~ther IhaH a .~ingle clause.
Ilowever. witl, a,, abuse’ of m)tnt.io,,, w~’ slill sp¢’ak of
II1,’ l¢,asl gPItOt’al T-gOllerali++.ttiOll or txx.<~ ,’l;iilSO.~ a.’~ ;.n
~illgl," cla.ul~t-:’, Ilieallillg t,l." IltiUliUllaJ Cl;.tll~e wit.h resl)ecl

t,.., .~et iuchtsion of the +,quivtd<’m’e c’la.,+.s.

LOGIC PROGRAMMING279

From: Proceedings of the Twelfth International FLAIRS Conference. Copyright © 1999, AAAI (www.aaai.org). All rights reserved. 


