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Abstract 

Knowledge representation in a semi-automated knowledge 
acquisition system should facililate bolh knowledge 
eiicilation and learning. Such a representation is 
implemented in lhe system NeoDISCIPLE. This is a 
concept based representation in which generalization and 
specialization operations are performed by simple 
syntactic transformations of knowledge. Thus, it is very 
appropriate for learning. In lhe same time, it also 
facilitates a type of knowledge elicitation that is associated 
with human oriented represenlations like, for instance, 
repertOry grids. In this paper we discuss this learning 
oriented representation and present two methods for 
knowledge elicitation that are based on it The methods are 
consis.tcncy driven in that they elicit additional knowledge 
from the expert in order to remove inconsistencies in the 
knowledge pieces lca.med by NeoDISOPLE. 

1 Introduction 

One of lhe main problems in developing a melhod for 
knowledge acquisition concerns the representation of lhe 
knowledge to be acquired. and subsequently used, by an 
expert system. nus is because what may be a suitable 
reprcsenlation for a human, might not be adequate for the 
system, and vice versa. This JXUblem becomes even more 
important in lhe context of a semi-automated knowledge 
acquisition methoo. In this case, ooe can no longer rely on 
a knowledge engineer to act as an interlace between lhe 
expert and the system. Moreover. new consuaints are 
imposed on the knowledge representation related to its 
suilability for learning. . 

Two different approaches to lhis representation problem 
are presented in lhe folloVving. 

One approach is to use two representations, one suitable 
for eliciting knowledge from lhe human expert and the 
other suilable for representing knowledge in an expert 
system, and to translate lhe knowledge from lhe first 
represenlation into lhe second one. An example of a 
representation that is particularly well suited for 
know\e{jge elicitation is lhe repertOry grid which is based 
on research in experimenr.al psychology [Kelly, 19551. A 
repertOry grid represents a person's system of cross­
references between his personal observations (or 
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experience of the world) and his personal constructs (or 
classifications of that experience) [Shaw and Gaines 
1987]. Experts easily understand this representation and 
are able to build grids without much effort. Moreover the 
systems for repertory grid elicitation, like AQUINAS, 
ET~, PEGASUS (Boose and Bradshaw, 1988; Shaw and 
G~es, 1987J, guide the knowledge elicitation process by 
aslcing quesu~ that are very easy to answer (e.g., Which 
feature makes two of the elements A, B, C similar and 
distinct from the lhird one? Which feature distinguishes 
two elements A and B1 Is lhere an element that has lhe 
feature P wilhout having the feature S?, etc.). However, 
allhough a repertOry grid contains a signifICant amount of 
expert knowledge, lhis knowledge is not in a form that 
can be directly and effICiently used by an expert system. 
Therefore, much research effort has been involved. in 
developing ~hniques for tranSlating knowledge from a 
repertory grid represenlation to another representation as, 
for instance, inference rules, or concept hi.ernrchies (Boose 
and Bradshaw. 1988; Gaines and Shaw, 1986; Shaw and 
Gaines. 1987]. A problem Vvilh this approach is that it is 
moo: ~w::ult ~or the system to elicit additiooal knowledge 
for repamng Its rules (or concept hierarchies) because 
knowledge is elicited in the foon of reperury grids. 

A very differenl3.p!X'OOCh to this representatioo problem is 
taken by the res.ean::h in machine le3liling. In this case, !.he 
emphasis is on using a representation that helps the 
sy~ build and develop its knowledge base (KB) lhrough 
learnmg. Most of the current learning systems employ a 
knowledge re~tatioo based on extended JXOPOSitional 
calculus or on first-order predicate calculus. This 
representation is suitable for learning because 
general.ization and specialization operatiOl'lS, that are at the 
basis of most learning p~, can be performed as 
simple synr.actic transformations of logical expressions 
[Michalski, 1983; Mitchell. 1978J. One problem with 
lhis approach is that the system needs a significant 
amount of poor knowledge for learning to occur, and this 
knowledge should be defmed by the expert.. Because the 
representation is not oriented toward the human ex pen, 
defining the IXior knowledge is a difficult task. Moreover, 
this prior knowledge sets limits on lhe space of 
representation in which new knowledge is to be learned 
which may cause lhe so-called problem of l1t'W urms (Le., 
the necessity of extending lhe represenlation Language 
wilh new terms when it does 00f. contain the concept to be 
learned). Wilhout a human e:tpert in lhe learning loop, 
lhis problem is very difficult. and has 11()( yet req:ived a 
satisfactory solution. 
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Each of these approaches is strongly oriented toward one 
of the two contributors to a semi-automated knowledge 
acquisition process: the human ex.pen and the learning 
system. A human oriented representation facilitates 
knowledge elicitation from the expen, while a learner 
criented representation focilita.tes aut.om.atic kaming. 

In this paper we show tha.l these two approaches are not 
antagonistic, and thal it is possible to design a 
representation of knowledge that is suitable for both 
learning and knowledge elicitation. Designing such a 
representation was one of the goals of the system 
DISCIPLE rrecuci, 1988; Tecuci and Kodratoff. 1990) 
and of its successor NeoDISCIPLE {Tecuci. 1992a.bJ. On 
the one hand, the represenuuion is based on the notion of 
'concept', and supports the basic operations dealing with 
concepts: comparing the generality of concepts, 
generalizing concepts, and specializing concepts. Thus, it 
is very appropriate for learning. On the other hand. the 
representation is also suitable for know ledge elicitation, 
supporting a systematic elicitation of new concepts and 
features that is very similar in spirit with the techniques 

" employed by repertory grid elicitation methods. Moreover. 
we will show thaL. by integrating methods for the 
elicitation of expert knowledge into a learning system. a 
natural solution to the problem of new tenns is provided. 

This paper is organized as follows. The next section 
contains a general presentation of the NeoDISCIPLE 
approach to the automation of knowledge acquisition. 
Section 3 describes the main features of the knowledge 
represent.atioo that makes it suitable for kaming. Sections 
4 and 5 present two methods for the consistency driven 
elicitation of expert knowledge, that are based on the 
knowledge representation presented. The last section 
points to the strengths and weaknesses of the knowledge 
elicitation methods presented. and of NeoDISCIPLE in 
general, in the context of the proposed representation. 

2 General presentation of NeoDISCIPLE 

NeoDISCIPLE is a learning and problem solving 
inference engine that supports a representation fonnalism 
in which a KB can be encoded. as well as a methodology 
for automatically building the KB. 

The KB may contain object concepts and rules that are 
manipulated by a rule interpreter. The objects are described 
in tenns of their features (properties or relationships), and 
are h.ierarch.ically organized occording to the more-general­
than (or 1S-A') relationship. thus fonning a hierarchical 
semantic network. The ruies are expressed in tenns of the 
object names and features. The meaning of the rules 
depends on the application domain. These rules may be 
inference rules for inferring new features of objects from 
other features [Tecuci, 1992a], general problem solving 
rules as, for instance. rules that indicate the decomposition 
of complex problems into simpler subproblems [Tecuci 
and KodratofT, 19901. or even action models that describe 
the actions that could be performed by an agent (for 
instance. a robot), in tem1s of their preconditions, effects 

and involved objects (Tecuci, 1991). 

To build an ex.pen system with NeoDISCIPLE, the 
hwnan expen has to first define a preliminary KB. The 
expen can deftne both objects and rules. In the current 
version of NeoDISCLPLE it is asswned that the object 
descriptions may be incomplete but correct, and the rules 
may be both incomplete and JmtialIy incorrect 

Then, the expert trains the system by providing new facts 
or specific examples of problem solving episodes. From 
this input, the system learns new rules, improves the 
existing ones, and extends the hierarchy of object concepts 
with new concepts and/or featwes. 'The learning method of 
NeoDISCIPLE integrates different learning strategies like 
explanation-b~ learning, learning by alxluclion, 
learning by experimentation. empirical generalization, and 
learning by instruction {Tecuci. 1992a). 

The generalizarioo language foc leaming is provided by the 
semantic network of object concepts. Because this 
semantic network is incomplete, the learned rules may be 
inconsistent, covering also some negative ex.amples 
(called false IX>Sitive or negative exceptions). These rules 
constitute the input to two knowledge elicitation methods 
which acquire additional knowledge from the expert in 
order to remove the inconsistencies from the KB by 
updating the semantic network and the rules. 

The next section gives more details on the knowledge 
representation employed by NeoDISCIPLE, 

3 Elements of knowledge representation 

In order to facilitate learning. the obp.;ts and the rules are 
represented by using the following representation unit: 

(conrept-i coorept-k, (FEATURE-l value-l) (1) 

(FEATURE-n value·n» 

The expression (1) defines 'concept-k,' as being a 
specialization of 'concept-i' (from which it inherits 
features) and having additional features. The value of a 
feature may be a constant (in which case the feaIllre is a 
property) or another concept (in which case the feature is a 
relationship). A concept represents a set of instances. 
Therefore. if 'concept·i' represents the set of instances Ci, 
then 'concept-k' represents a subset Ck of Ci. The 
elements of Ck have the feawres 'FEA Th'RE-l', .... 
rEATURE-n' with values thal are instances of 'value·!", 
... , 'value-n', respectively. 

The representation unit (1) is equivalent to the following 
predicate calculus expression (where IS-A. FEAThKE·l, 
... , FEATIJRE·n are the names of the predicates): 

(concept·1:. IS-A conrept-i) & 
(concept·k FEATURE-1 value· I) & 

(concept·k FEATURE·n value-n) 

Because of this straightforward equivalcnce. we prcyiously 
used the predicate calculus nOLation in the papers 
dcscribing NeoDISCIPLE. where the specific dCl.aijs of 
knowledge represcnl.ation are nct cliscus..ci 
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Figure 1: A semantic network of object concepts (the unlabeled arrows represent IS-A relationships), 

Using (l), the concept "blue cup containing water" is 
represented as follows: 

(cup x (COLOR blue) 
(CONTAINS water» 

This concept could be generalized by simply generalizing 
'cup', 'blue', or 'water', or by removing the property 
'COLOR', or the property 'CONTAINS'. An example of 
such a generalization is: 

(container x (CONTAINS y)) 

which represents the concept "container cont1l1ntng 
something". It was obtained by generalizing 'cup' to 
'container', 'water' to any objcct, and by removing the 
constraint on the COLOR. 

Figure 1 and Figure 2 present a sample KB of a planning 
system fCX' a robot able to perlorm simple doolestic tasks. 

Figure 1conlains the semantic network of object concepts 
that describes the types of the objects in the world of the 
robot. together with their fcat.ures. This semantic network 
is built from different descriptions of object-concepts of 
the form (1) as, for instance: 

(container sugar-box (IS closed) (2) 

The semantic network organizes these descriptions 
hierarchically, along the IS-A relationship (for instance. 
'cabinet' is both a 'container' and a 'place', and 'sugar' is a 
'food'). In this hierarchy, any concept inherits all the 
features of its superconcepts. The semantic network may 
be incomplete in the sense that it l'TI3.y not con'lain all the 
relevant object names and features. For instance. (2) is 
obviously an incomplete description of a 'sugar-box'. 

Figure 2 contains (WO rules for hierarchical planning. 
These rules have been learned by NeoDISCIPLE. from 
spo:::ific problem solving episOOes indicated by the expert. 
For instance, the rule R 1 has been learned from the 
following episode: 

the problem (3) 
TAKE clcan-<:up 

has tk soiwwn 
OPEN CJbiner. 
TA.KE clcan-<:up FROM cabinet 

The conditions of these rules are conjunctions of concept 
descnptions, in which each concept is represented by 
using Lhc basic re\Xl!semauon unit (I). One may notice 

Rl: IF 
(something x (IS-IN y» & (container y) 

TIlEN 
the problem 

TAKE x 
has the solutinn 

OPENy 

TAKE x FROM y 


with the posiJive examples: 
(x <- c1ean-<:up, y <- cabinet) 
(x <- sugar, y <- sugar-box) 

wuh the negative e:raption.s: 
(x <- dirty-cup, y <- sink) 
(x < - freezer. y < - remgera.t.oc) 

R2: IF 
pimLrible 1.l{JPf!r bowuJ 
(something x) & (something y (IS-IN z» & 
(something z) 

plausible lo'I'.'Cr boJlJld 
(coot.ainer x) & (substance Y(IS-IN z» & 
(boule z) 

TIlEN 
the problem 

Fll.l.. x WITH Y 
has tIlL soiwion 

POsmoN-roR-FILLlNG X 

TAKEz 
OPENz 
POUR y FROM z INTO x 

with the positiW! e:ram.ples: 
(x <- cIean-cup, y <- milk. z <- milk-boule) 
(x <- glass, Y<- water, z <- water-boule) 

Fi~ 2: Problem solving rules. 

that, while the rule R1 has a single applicability 
condition, the rule R2 has two conditions, called the 
plausible upper bound and the plausible lower bound. The 
plausible upper bound is a conjunctive expression that is 
supposed to be mere general than the exact condition. and 
the plausible lower bound is a conjunctive expression that 
is supposed to be less general than the exact condition. 
The two bounds define a p/aJ.LS'ible 'W!rswn space (Tec.lCi, 
1992al for the exact condition to be learned by 
NeoDISCIPLE. The bounds and the version space are 
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calJed plausibIe because the le.aming rnx:ess takes place in 
an incomplete representation language that may cause 
them to be inconsistent (a lower bound that covers 
negative examples or an upper bound that does not cover 
p::lSitive examples). 

There are several differences l:>et\ween the plausible version 
spaces (PVS) deflned in NeoDISCIPLE and the certain 
version spaces (CVS) defined by [Mitchell, 1978). 

r1I3l, in the case of CVS, the lower bound and the upper 
bound are exact boundaries. Consequently, during 
leaming. the lower bound is only generalized and the 
upper bound is ooly specialized.. On the contrary. in the 
case of PVS, these bounds are apjX'Oximations of the exact 
bounds. Therefore, durin g learnin g. each of them can be 
both generaliz.ed and specializ.ed. 

Second. CVS needs to be exhaustively searched. 
Coosequently. each bound may consist of a large number 
of conjunctive expressions that may cause a combinatorial 
explosion. On the contrary. PVS is heuristically searched 
and each bound consists of ooe conjunctive express.ion. 

1be maio difference, however. between CVS and PVS 
concerns the type of the rules to be learned. With CVS 
one can only learn coosistent descriptions. Therefore. if 
the representation language does not cootain a description 
that covers all the positive examples and none of the 
negative examples. then no rule is learned. On the 
contrary. by employing a plausible version space. 
NeoDISCIPLE is able to learn even in such situations 
but the learned rules will be inconsistent., (i.e .• will cove; 
also some negative e:wnples). Consequently. the rules in 
NeoDISCIPLE's KB could be inconsistent 

Each example I from which a rule R was learned is kept 
m the descripuon of the rule as the substitution a defined 
by 'aR"'I', For instance, the substitution 'a={x<-c]ean· 
cup. y<-cabinet)' corresponds to example (J) of the rule 
R1. Indeed. by appl ying a to the 'THEN' part of R1. one 
obtains example (3), 

All the positive examples E and the negative examples N 
from which a rule R was learned are partitioned into four 
groups: 1) thi: positiv~ u.amp/~s are the elements of E 
that are covered by R; 2) lhi: negative examples are the 
elements of N that are not covered by R; 3) thi: positive 
o;ceptwf1S are the elements of E that are not covered by 
R; 4) thi: negativ~ o;ceptwns are the elements of N that 
are covered by R. These examples and exceptions of the 
rules are the main source of knowledge for extending the 
representation language of the system with new object 
concepts or c.oocept features, as well as for updating the 
rules. as will be shown in the following sections. 

4. 	 Consistency~driven knowledge 
elicitation 

T?e general~on lru:guage for the rules learned by 
NeoDISCIPLE IS proVIded by the semantic network of 
object concepts, indeed., the conditions of the rules are 
conjunctions of basic representation units in which 

concept-i (see (I)) is an object concept from the semantic 
network in Figure 1. and FEA111RE-l, , .. , FEATIJRE-n. 
are f earures from the same semantic network. 

Because this semantic network is incomplete, the 
corresponding representation space may not contain a 
consistent rule covering all the positive e:<amples and 
none of the negative examples. in such a situation. many 
of the current learning systems will simply not learn any 
rule at all. The learning method of NeoDISCIPLE, 
however • .is based on the assumption that the 
representation language may be incomplete. 
Con5e{juently, while its goal is to learn a consistent rule, 
the system will also aa.empt to learn a rule that has as few 
inconsistencies as possible (i.e .• as few covered negative 
examples as \X)SsibJe). 

On the other hand, the existence of the negative 
e:<ceptions in the learned rules is an indication that the 
hierarchical semantic network of concepts is incomplete, 
and may guide the elicitation of new object concepts or 
featw-es from the expert This allows one to formulate the 
knowledge elicitation problem in Table 1. 

Table 1: Tbe problem or consistency-driven KE 

Given 

- an incomplete KB; 

- an inconsistent rule; 

- a set of positive examples covered by the rule; 

- a set of negative aceptions. 

Determine 
- an improved KB and an improved rule description thaI 

has fewer exceptions, The KB is improved by eliciting 
new object conceptS or features from the human e:<ocrt. 

To illustrate this knowledge elicitation problem, let us 
consider the semantic network in Figure I. together with 
the rule RI from Figure 2 that has two positive examples 
and two negative exceptions. For instance. the negative 
exception represented by the substitution a =(;t; <- freezer. 
y <- refrigerator) is !.he following incorrect problem 
solving episode: 

the problem 
TAKE freezer 

has the solwion 
OPE""I refrigerator 
TAKE freezer FROM refrigcrator 

The negative exceptions could be turned into negative 
examples by intnxiucing the new concept 'movab\e-object' 
and the concept property '(cabinet IS closed)' into the 
semantic network, as shown in Figure 3. With these 
ex tensions of the generalization language, the rule R I is 
updated as shown in Figure 4. 

For solving the knowledge elicitation problem in Table 1. 
we have develo~ and integrated into NeoDISCIPLE. the 
methods that will be presented in the following sections. 
A distinctive feature of these methods is that they rcrform 
a t)'-pc of knowledge elicitation thar. is very similJr to 
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Figure 3: An improved semantic network of object concepts (the unlabeled arrows are IS-A rel.atiooships). 

Rl: IF 
(movable-object x (IS-IN y» & 
(conlainer y (IS closed» 

TIf.EN 
the problt!M 

TAKE x 
has the solwion 

OPENy 
TAKE x FROM y 

with (he positivt! o:.amp/t!s: 
(x <- c!ean-cuP. y <- cabinet) 
(x <- sugar. Y<- sugar-box) 

wilh (Iu! Mgativt! t!l:Il.mplt!s: 
(x <- dirty-cuP. y <- sink) 
(x <- freeu:r, y <- refrige:rau:r) 

Fi~ 4: Updated rule. 

repertory grid elicitation. but operate on a representation 
of knowledge that is particularly suitable for learning. 

5 Consistency-driven feature elicitation 

A negative exception of a rule may be transfonned into a 
negative example by identifying (or defining) a new object 
feature that discriminates between the positive examples 
and the negative exception. An ouiline of the method is 
presented in Table 2. A detailed description is given in 
(Hieb and Tecuci. 1992). 

Let us consider. for instance. the rule R 1 in Figure 2 that 
has the positive examples re~nted by 

(x <- cLean-cuP. y <- cabinet) 

(x <- sugar. y <. sugar-box) 


and the negativeexceptioos represented by 

(x <- diny-<:uP. y <- sink) 

(x <. freezer. y <- refrigerau:r) 


To eliminate lOOse negative exceptions. the system will 
look for a property of 'cl~-cup' that may be property of 
'sugar. without being a property of 'dirty-cup' or a 
property of 'freezer'. Or. it may look for J propc.ny of 

Table 2: Tbe method ror consistency-driven· 
reature elicitation 

Let R be an inconsistent rule. E 1 •...• Elc. the set of its 
positive examples. and Nn .... .Ns the set of its negative 
exceptions. Each positive example Ej and each negative 
exception Ni is represented as a substillltioo CI =(vil <­

Oi 1, ... , Vjm <- 0im) that transfonns rule R into the 
corresponding example. where Vij is a variable from R 
and Oij is an object from the object hierarchy. 

I. Detennine or elicit a feallJre F of an Dbject Oij from 
one positive example Ei such that: 
• F is a feawre of the corresponding object3 

0lj .....C\j. from ALL the positive examples: 


• F is Il()(. a feawre of the corresponding objects 
Opj •...•Orj from SOME of the negative exceptions 

Np.···.Nr· 

2. Refine the descriptioos of the objects 0lj.....~j by 
adding the fealllre F. 

3. Refme the descriptions of Opj•.•.•Orj by adding the 
(eature NOT-F. if such a feature makes sense for these 
objects. 

4. Particulari.z.e the condition of the rule by adding the 
feature F (this feallJre is now shared by all the current 
positive examples). 

5. Remove Np, ... .Nr from the list of negative 
e;(ceptioos and add them to the list of negative 
examples. 

6. Repeat. this procedure as long as such feall.!I'eS can be 
found or elicited from the user Q( until there are no 
more nellative exceptions. 

'sugar' that may be propen)' of 'clean-cup', wlthout being 
a property of 'diny-cup' or a property of 'freezer'. Or, it 
may look for a property of 'cabinet' that may be property 
of 'sugar-box', without being a property oi 'sink' or a 
propertyof 'refrigernr.a-'. Or, it may loolc for a property of 
'sugar-box' th.Jt may be property of 'cabinet'. without 

l ~­... j I 
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being a property of 'sink' or a II'Ope:rty of 'refrigerator' . 

An illustration of the knowledge elicitation dialog is the 
following one (the answer 'Irrelevant' means that the 
J:I"OPC!ny proposed by the system does not make sense for 
the carespooding object coocept): 

I know that '(sugar-oox IS closed)'. 
Is it true that '(cabinet IS closed)' ? YtS 

This means that 'Cy IS closed)' is a propeny characteri.zing 
all the positive examples and may distinguish them from 
some of the negative exceptions. 

Is it true that 'NOT (sink IS closed)' ? I"tieYal'J 
Is it true that 'NOT (refri!l:ern.tor IS closed)' ? No 

As a result of this dialog. the system has fOWld the 
propeny 'Cy IS closed)' which discriminates between the 
positive examples and the negative exception 

(x <. dirty-cup. y <. sink). 
By introducing the discriminating propeny into the rule's 
condition. this negative exception becomes a negauve 
example. However. the second negative exception is still 
covered by the rule. This negative exception will be 
transformed into a negative example by using another 
method that is presenLed in the fleX t section. 

Anotller result of the above dialog is that the descriptions 
of 'CAbinet' and 'refrigerator' are refined by adding the 
di.s.covered property. as shown in Figure 3. This is a case 
of goal.<Jriven propeny transfer from one concept ('sugar­
rox) to ocher concepts ('cabinet' and ·refrigerat.a'). 

It may also happen that the system cannot fmd a property 
to transfer. In soch a case. it will try to elicit a new 
property by using a technique similar to the triad method 
employed in the elicitation of the repertory grids [Boose 
and Bradshaw. 1988; Shaw and Gaines. 1987]. If the 
semantic network in Figure 1 does not contain the 
~ '(sugar-oox IS c1osed)'. the knowledge elicitation 
dialog would be the follOwing one: 

Consider the following two groups of objects 
group I: sugar -oox, CAbinet 
group2: sink, refrigerator 

in the context of the following problem solving episode 
in which y may take values from group 1 

the problem 
TAKE x 

has the sollllion 
OPENy 
TAKE x FROM y 

Could you think of some propeny that discriminates all 
the objects from groupi from at least one object from 
group2 [YeslNoJ: Yes 

Describe this propeny for e:::lCh object 
(sugar-box. IS closed) 
(cabinet IS closed) 
(refrigerator IS closed) 
IrrdevarJ (sin}dS closedJ 

A similar method exists for eliciting relationships 
between object concepts. Indeed, let us again consider the 
})Ositive ex.amples and the negative exceptions of rule R 1 
in Figure 2. To eliminate one or both of the negalJ~e 
exceptions the system may look for a relationship 
between 'sugar' and 'sugar-rox' t.ha1 may also hold between 
'c1ean-cup' and 'cabinet', but cannot hold between the 
correspooding objects from at least one negatlve excepl..1on 
(for ex.amp\e. cannot hold between 'diny-cup' and 'sink', or 
between 'freezer' and 'refrige:ratOC). 

6 	 Consistency-driven concept elicitation 

Anolher method of O'anSfonning a negative exception of a 
rule into a negative ex.ample consists of eliciting a new 
concept that discriminates between the positive examples 
and the negative exception. An outline of the method IS 

presented in Table 3. A detailed description is given in 
CHieb and Tecuci. 1992). 

Table 3: The method for consistency·driven 
concept elicitation 

Let R be an inconsistent rule. E 1 ..... Ek the set of its 
positive examples. and Nn•... .Ns the set of its negative 
ex.ceptions. Each positive ex.ample Ei and each negative 
exception Ni is represented as a substiwtioo a = (ViI <­

0i 1..... Vim <- 0im) that transforms rule R into the 
corres})Onding ex.ample. where Vij is a variable from R 
and Oi) is an Object from the object hierarchy. Let Cj be 
the obJect-concept in the condition of R that COVcf$ the 
objects Olj •...• 0'i:j. Onj ..... Osj. one from each of 
the })Ositive ex.ampJes and the negaove excepuons. 

1. Elicit a new object concept C'j that 
- covers corresponding objects Olj..... Okj from 
ALL the positive examples; 

- does not cover the corresponding objects 0pj •....Orj 
from SOME of the negative exceptions Np..... Nr; 

- is less general than Cj; 
- may be given a meaningful name by the user. 

2. Find the place of the concept C'j in the hierarchical 
semantic network and introduce it there. 

3. Modify the condition of R by replacing Cj wilh C'j. 

4. 	Remove Np......Nr from the list ~f the negative. 
exceptions and add them to the list of the negatlve 
examples. 

5. Repeat this procedure as long as there are negative 
exceptions and meanim!ful cooceuts can re defined. 

Let us consider. for instance. the positive examples 

(x <- clean-cup, y <- cabinet) 

(x <- sugar. y <- sugar-box) 


and the neg:u..ive exception 

(x <- freaer. y <- refrigerator) 
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The concept covering 'c1ean-<:up', 'sugar', and 'freezer', in 
the condition of the rule R 1 is 'something'. Also, the 
concept covering 'cabinet', 'sugar-box', and 'refrigerator' is 
'con taine.r'. 

In order to remove the negative exception, one may defme 
a concept covering 'clean-cup' and 'sugar', but oot covering 
'freezer', as indicated in Figure 5. 

something 

~~-~ 

fro:! ? cooramer 

t IS-A IS-A 
IS-~~ 

(+) IS-A r 
/IS-A 

clean-<:up 
(+) 

Figure 5: An object conce~ that would eliminate 
a negative exception. 

Alternatively, one may defme a concept covering 'cabinet', 
and 'sugar-box', not covering 'refrigerator', and being less 
general than 'cootainer', as indic3t.ed in Figure 6. 

~?~ 

~g~~~lA

( ) sugar-box cabinet 

(+) (+) 

Figure 6: Another object coocept lha1 would 
eliminate a negative exet:ption. 

The knowledge elicitation dialog is the following one: 

Consider the following problem solving episode 

rhl! probll!m 
TAKE x 

has rhl! solwicll 
OPENy 
TAKE x FROM y 

Could you think of some concept corresponding to x that 
cover the objects 'sugar'. 'clean-<:up' without covering the 
object 'freezer' [Yes / No]: YtS 

Give this concept a meaningful name: movablt-<Jbjal 

Is any cup a movable-object [Yes / No]: Yes 
Is any focxi a movable-object [Yes / No]: Yes 
Is any place a movable-objecl [Yes / No]: No 

The last questions are asked by the system to fmd the 
location of the new concept ('movable-object) in the 
hierarchical semantic network of concepts. This place is 
somewhere in between the covered objects ('sugar', 'c1ean­
cup') and the corresponding conceIX ('something') from the 
condition of the rule. To this purpose, the system tries to 
elicit the generalization relationships that exists between 
the newly deflned concept. on the one hand and. on the 
other hand.: 

- the ancestors of 'sugar' and 'clean-cup' that are less 
generallhan 'something' but do 00( cover 'freezer'; 

- the descendants of 'something' that do not cover the 
k..,own positive and the negative examples of movable 
Objects (sugar'. 'c!ean-cup' and 'freeu:r'). 

As a result of the above knowledge elicitation dialog. the 
new concept 'movable~ject' is introduced in the semantic 
netwcrl:, as indicated in Figure 3. 

One may notice that this method is a type of goal-driven 
conceptual clustering in which known concepts are 
clustered under newly deflned ones, to improve the 
consistency of the learned rules. 

7 Related research and conclusions 

In this paper we have addressed the problem of 
representing knowledge for supporting both le3l1ling and 
knowledge elicitation and we have briefly presented the 
knowledge representation employed by NeoDISCIPLE. 
The adequacy for performing learning with this 
representation was discussed in other papers. particularly 
in ffecuci. 1988; Tecuci and Kodratoff. 1990; Tecuci, 
1992a1. TIlerefore. in this paper, we have concentrated on 
the adequacy of this representation for knowledge 
elicitation, by presenting a method for eliciting concept 
feawres and another one for eliciting new concepts. In the 
following we present some of the strengths and 
weak:nesses of these methods. 

The methods are similM in spirit to those developed for 
the elicitation of repertOry grids [Boose and Bradshaw, 
1988; Shaw and Gaines, 1987} in that the human expert is 
asked the same kind of questions. However, these 
questions do not concern the constructs and elements of a 
repertOry grid. but the concepts and features from a 
hierarchical semantic network of concepts, Moreover, the 
repertOry grid elicitation is driven by a general goal of 
eliciting differentiations between the elements and the 
constructs of the expertise doolain when their descriptiorts 
are IlQ( distinct enough. The methods presented in this 
paper are driven by the specific goal of eliciting those 
differentiations between the concepts of the domain that 
eliminate specific inconsistencies, as represented by 
inconsistent rules. 

BLIP [Wrobel, 1989] employs an automated method for 
defining new object concepts that is similar to the one 
from Table 3. The main difference is that BLIP always 
defines only one concept. that discriminates between the 
objects from the positive e:umples ,md the co~ng 
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objects from the exceptions of a rule. Our method may 
defme several concepts, each eliminating at least one 
exception, if they are meaningful concepts in the modeled 
OOffiain.lf the goal is to represent the real world as closely 
as JX)SSib~. there is no reason to believe that one always 
has to define only one concept for eliminating all 
exceptions. Giving meaningful names to the concepts is 
also an imponant aspect that is not addressed by BLIP. 

The knowledge elicitation method from Table 3 is also 
related to the method employed by NanoiJaus [Haas and 
Hendrix. 1983] in that both methods ask questions in 
order to find the ~t place of a concept in a concept 
hierarchy. However. Nanoklaus simply receives a concept 
from the user that is not related to any particular problem 
solving method (besides further retrieval of the elicited 
knowledge). On the contrary. NeoDISCIPLE guides the 
expert in defming new coocepts in the context of specific 
inconsislent problem solving rules. 

There are also several weaknesses and limitations of the 
knowledge elicitation methods presented which indicate 
fu1lIre research directioos. 

First of all. these methods elicit object knowledge that 
only extends the hierarchical semantic network, which is 
supposed 10 be incomplete but correCL If the semantic 
network may also be partialJy incooect. then the presented 
methods need to be developed to also perform deletions 
and modifJcarions of object knowledge. 

The methods are also limited in that they deal onIy with 
the negative exceptions. However. a rule may also have 
positive exceptions. A positive exception is a positive 
example of a rule that cannot be covered by the rule 
without generalizing it to cover additional negative 
examples. One way to deal with the positive exceptions is 
simply to learn another rule that covers them. However. it 
may be possible to m<XI..ify the semantic network to allow 
the rule to cover some of the positive exceptions. in the 
same way as with lhe negative exceptions. 

The knowledge elicitation methods that were presented 
elicit knowledge in a'der to remove the inconsistency of a 
single rule. An important extension would be to anaJyze 
several inconsistent rules at the same time. and to base 
knowledge elicitation on a more globaJ view of the KB's 
inconsistency. 

Other techniques used by NeoDISCIPLE to elicit expert 
knowledge are described in [Tecuci. 1992bl. However. aJl 
of these techniques elicit knowledge in order to aund an 
initial KB. By this. they simplify the definition of the 
initial KB. which could be incomplete. Developing 
methods for crl!ating this iniliaJ KB is an important 
research direction of the knowledge acquisition 
methodology promoted by NC{)DISCIPLE. 
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