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Abstract

Knowledge representation in a semi-automated knowledge
acquisition system should facilitate both knowledge
elicitation and leaming. Such a representation is
implemented in the 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 the same time, it also
facilitates a type of knowledge elicitation that is associated
with human oriented representations like, for instance,
repertory grids. In this paper we discuss this learning
oriented representation and present two methods for
kmowledge elicitation that are based on it. The methods are
consisiency driven in that they elicit additional knowledge
from the expert in order {o remove inconsistencies in the
knowledge picces leamed by NeoDISCIPLE.

1 Introduction

One of the main problems in developing a method for
knowledge acquisition concems the representation of the
knowledge to be acquired, and subsequently used, by an
expert system. This is because what may be a suitable
representation for a human, might not be adequate for the
system, and vice versa. This problem becomes even more
important in the context of a semi-automated knowledge
acquisition method. In this case, one can no longer rely on
a knowledge engineer o act as an interface between the
expert and the system. Moreover, new constraints are
imposed on the knowledge representation related to its
suitability for learning, ‘

Two different approaches to this representation problem
are presented in the following,

One approach is to use two representations, one suitable
for eliciting knowledge from the human expert and the
other suitable for representing knowledge in an expert
system, and to translate the knowledge from the first
representation into the second one. An example of a
representation that is particularly well suited for
knowkedge elicitation is the repertory grid which is based
on research in experimental psychology [Kelly, 19551, A
repertory grid represents a person’s system of cross-
references  between his  personal observations (or

- y . . -
Joint appointment with the Research Institute for
Informatics, Bucharest, Romania.

183

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,
ETS, PEGASUS [Boose and Bradshaw, 1988; Shaw and
Gaines, 1987], guide the knowledge elicitation process by
asking questions that are very easy to answer (e.g., Which
feature makes two of the elements A, B, C similar and
distinct from the third one? Which feature distinguishes
two elements A and B? Is there an element that has the
feature P without having the feature S?, eic.). However,
although a repertory grid contains a significant amount of
expert knowledge, this knowledge is not in a form that
can be directly and efficiendy used by an expert sysiem,
Therefore, much research effort has been involved in
developing techniques for translating knowledge from a
repertory grid representation 1o another representation as,
for instance, inference rules, or concept hierarchies [Boose
and Bradshaw, 1988; Gaines and Shaw, 1986; Shaw and
Gaines, 1987]. A problem with this approach is that it is
more difficult for the system to elicit additional knowledge
for repairing its rules (or concept hierarchies) because
knowiedge is elicited in the form of repertory grids.

A very different approach 1o this representation problem is
wken by the research in machine leaming. In this case, the
emphasis is on using 8 representation that helps the
system build and develop its knowledge base (KB} through
leaming. Most of the current leamning sysiems employ a
knowledge representation based on extended propositional
calculus or on first-order predicate calcuius. This
representation is suitable for learning because
generalization and specialization operations, that are at the
basis of most leaming processes, can be performed as
simple syntactic transformations of logical expressions
{Michalski, 1983; Mitchell, 1978]. One problem with
this approach is that the system needs a significant
amount of prior knowledge for leaming 10 occur, and this
knowledge should be defined by the expert. Because the
representation is not onented toward the human expert,
defining the prior knowledge 1s a difficult task. Moreover,
this prior knowledge sets limits on the space of
representation in which new knowledge is to be leamed
which may cause the so-called prodlem of new terms (ie.,
the necessity of extending the representation language
with pew terms when it does not contain the concept 10 be
learmed). Without a human expert in the leaming loop,
this problem is very difTicult, and has not yet received a
sausfactory sclution.
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Each of these approaches is strongly oriented toward one
of the two contributors 1o a semi-automnated knowledge
acquisition process: the human expert and the leaming
system. A human onented representation facilitates
knowledge clicitation from the expert, while a Jeamer
onented representation facilitates automatic leaming.
In this paper we show that these two approaches are not
antagonistic, and that it i3 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 [Teciki, 1988; Tecuci and Kodratoff, 1990]
and of its successor NeoDISCIPLE [Tecuci, 1992a,b]. On
the one hand, the represeniation 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 leaming. On the other hand, the
representation s also suitable for knowledge 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 that, by integrating methods for the
elicitation of expert knowledge into a leaming system, a
natural solution 1o the problem of new terms is provided.

This paper is organized as follows. The next section
contains a general presentation of the NeoDISCIPLE
approach o the automation of knowledge acquisition.
Section 3 describes the main features of the knowledge
representalion that makes it suitable for learning. Sections
4 and 5 present two methods for the consistency driven
clicitation of expert knowledge, that are based on the
knowledge representation presented. The last section
points o the strengths and weaknesses of the knowledge
elicitation methods presented, and of NeoDISCIPLE in
gencral, 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 formalism
in which a KB can be encoded, as well as a methodology
for automatcally building the KB.

The KB may contain object concepts and rules that are
manipulated by a rule interpreter. The objects are described
in terms of their features (properties or relationships), and
are hierarchically organized according to the more-general-
than (or IS-A’) relationship, thus forming a hierarchical
semantic network. The rules are expressed in terms 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 Kodratoff, 1990], or even action models that describe
the acuons that could be performed by an agent (for
instance, a robot), in terms of their preconditions, effects

and involved objects [Tecuci, 19591].

To build an expert system with NeoDISCIPLE, the
human expert has w first define a preliminary KB. The
expert can define both objects and rules. In the current
version of NeoDISCIPLE it is assumed that the object
descriptions may be incomplete but correct, and the rules
may be both incomiplete and parually incorrect.

Then, the expert trains the system by providing new facts
or specific examples of problem soiving episodes. From
this input, the system leamns new rules, improves the
existing ones, and extends the hierarchy of object concepts
with new concepts and/or features. The learning method of
NeoDISCIPLE iniegrates different learning strategies like
explanation-based learning, learning by abduction,
learning by experimentation, empincal generalization, and
learning by instructon [Tecuct, 1952a].

The generalization language for kearning is provided by the
semantic network of object concepis. Because this
semantic network is incomplete, the learned rules may be
inconsistent, covering also some negative examples
(called false positive or negative exceptions). These rules
constitute the input to two knowledge elicitation methods
which acquire additional knowledge from the expert in
order w remove the inconsistencies from the KB by
updating the semantc network and the rules.

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

3 Elements of knowledge representation

In order o facilitate leaming, the objects and the rules are
represented by using the following representation unit:

{concept-i concept-k (FEATURE-] value-1) (1)
(FEATURE-n valuc-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 feawre is a
propexty) or another concept (in which case the feawre 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 FEATURE-1, ...,
FEATURE-n" with values that are instances of 'value-1',
..., 'value-n', respectively,

The representation unit (1) is equivalent o the following
predicate caiculus expression (where IS-A, FEATURE-1,
... , FEATURE-n are the names of the predicates):

{concepi-k IS-A concepi-i) &

(concept-k FEATURE-1 value-1) &

(concept-k FEATURE-n value-n)
Because of this straightforward equivalence, we previously
used the predicate calculus notation in the papers

describing NecDISCIPLE, where the specific details of
knowledge represeniation are not discussed.
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Figure 1: A semantic network of object concepts (the unlabeled arrows represent [S-A relationships).

Using (1), the concept "blue cup containing water” is
represented as follows:

{cup x

(COLOR blue)
(CONTAINS  waler))

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 "coniainer containing
something”. It was obtained by generalizing ‘cup’ to
‘conwiner’, 'water’ to any object, and by removing the
consuaint on the COLOR.

Figure | and Figure 2 present a sample KB of a planning
system for a robot abie 0 perform simplke domestic tasks.

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

(container sugar-box (IS closed)) )]
The semantic network organizes these descriptions
hierarchically, along the 1S-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 may not contain all the
relevant object names and features. For instance, (2) is
obviously an incomplete description of a 'sugar-box’.

Figure 2 contains two rules for hierarchical planning.
These rules have been learned by NeoDISCIPLE, from
specific problem solving episodes indicated by the expert.
For instance, the rule R1 has been learned from the
following episode:
the problem
TAKE clean-cup
has the solution
OPEN cabinet
TAKE clean-cup FROM cabinet

The conditions of these rules are conjunctions of concept
descriptions, in which each concept is represented by
using the basic representation unit (1). One may notice

e

L

R1: IF
(something x (IS-IN y)) & (container y)
THEN
the problem
TAKE x
has the solution
OPEN y
TAKE x FRCM y
with the positive examples:
{x <- clean-cup, y <- cabinet)
(x <- sugar, y <- sugar-box)
with the negative exceptions:
(x <- dirty-cup, y <~ sink)
(x <- freezer, y <- refrigerator)

R2: IF

plausible upper bound
(something x) & (something y (IS-IN z)) &
(something z)

plausible lower bound
{container x) & (substance y (IS-INz)) &
(boule z)
THEN
the problem
FOLL x WITH y
kas the solution ;
POSITION-FOR-FILLING x
TAKE z
OPENz :
POUR y FROM z INTO x
with the positive examples:
{x <- clean<cup, y <- milk, z <- milk-bottie)
{x <- glass, y <- water, z <- water-bottle)

Figure 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 more general than the exact condition, and
the plausible lower bourd is 8 conjunctive expression that
is supposed 10 be less general than the exact condition,
The two bounds define 3 plausible version space (Tecuci,
1992a) for the exact condition 0 be learned by
NeoDISCIPLE. The bounds and the version spacs are
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called plausible becanse the leamning process takes place in
an incompleie representation language that may cause
them to be inconsistent (a lower bound that covers
negatve examples or an upper bound that does not cover
positive examples),

There are several differences between the plausible version
spaces (PVS) defined in NeoDISCIPLE and the centain
version spaces (CVS) defined by [Mitchell, 1978].

Firgt, in the case of CVS§, the lower bound and the upper
bound are cxact boundaries. Consequently, during
learning, the lower bound is only generalized and the
upper bound is only specialized. On the contrary, in the
case of PYS, these bounds are approximations of the exact
bounds, Therefore, during learning, each of them can be
Second, CVS needs to be exhaustively searched.
Consequently, each bourd may consist of a large number
of conjunctive expressions that may cause a combinatorial
explosion. Cn the contrary, PVS is heuristically searched
and each bound consists of one conjunctive expression.

The main difference, however, between CVS and PVS
concerns the type of the rules (o be learned. With CVS
one can only learn consistent descriptions. Therefore, if
the representation language does not contain 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 cover
also some negative examples). Consequently, the rules in
NeoDISCIPLE's KB could be inconsistent.

Each example I from which a rule R was learned is kept
in the description of the rule as the substitution ¢ defined
by 'oR=[". For instance, the substitution 'o=(x<-clean-
cup, y<-cabinet) corresponds to example (3) of the rule
R1. Indeed, by appiving o 1o 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) the positive examples are the elements of E
that are covered by R; 2) the negative examples are the
- elements of N that are not covered by R; 3) the positive
exceptions are the elements of E that are not covered by
R; 4) the negative exceptions 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 concept features, as well as for updating the
rules, as will be shown in the following sections.

4. Consistency-driven knowledge
elicitation

The generalization language for the rules learmed 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

1856

concept-i (see (1)) is an object concept from the semantc
network in Figure 1, and FEATURE-1, ..., FEATURE-n,
are feanres from the same semantc network

Because this semantic network is incompiete, the
corresponding representation space may not contain a
consistent rule covering all the positive examples and
none of the negative examples. In such a situation, many
of the current learning systems will simply not leam any
rule at all. The learning method of NeoDISCIPLE,
however, is based on the assumption that the
representation language may be incomplete.
Consequently, while its goal is to lean a consistent nule,
the system will also agempt to learn a rule that has as few
inconsistencies as possible (i.e., as few covered negative
examples as possible).

On the other hand, the existence of the negative
exceptions in the learned rules is an indicauon that the
hierarchical semantic network of concepts is incomplete,
and may guide the elicitation of new object concepts or
features from the expert This allows one to formulate the
knowledge elicitation problem in Table 1.

Tablel: The problem of consistency-driven KE

Given

- an incomplete KB;

- an inconsistent rule;

- a set of positive examples covered by the rule;
- a sct of negative exceptions.

Determine

- an improved KB and an improved rule description that
has fewer excepuons. The KB is improved by eliciting
new oblkect concepts or features from the human expent.

To illustrate this knowledge elicitation problem, let us
consider the semantic network in Figure 1, together with
the rule R1 from Figure 2 that has two positive examples
and two negative excepuons, For instance, the negatve
exception represented by the substitution ¢ = (x <- freezer,
y <- refrigerator) is the following incorrect problem

. solving episode:

the problem
TAKE freezer
has the solution
OPEN refrigerator
TAKE freezer FROM refrigerator

The negative excepuons could be turned into negative
examples by introducing the new concept 'movable-object’
and the concept property ‘(cabinet IS closed)' into the
semantic network, as shown in Figure 3. With these
extensions of the generalization language, the rule Ri is
updated as shown in Figure 4.

For solving the knowledge elicitation problem in Table 1,
we have developed, and integrated into NeoDISCIPLE, the
methods that will be presented in the following sections.
A distincuve feature of these methods is that they perform
a type of knowlzdge elicitation that 1s very similar to
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Figure 3: An improved semantic network of object concepts (the unlabeled arrows are 1S-A relationships).

R1: [F Table 2: The method for consistency-driven
{movablecbrct x IS-INy)) & feature elicitation
nié‘;f’“my (IS closed)) Let R be an inconsistent rule, Ej,..., Ey the set of its
the problem positive ¢xamples, and Nj,....Ng the set of its negative
TAKE x exceptions. Each positive example E; and each negative
has the solution exception N; is represented as & substitution o = (vj] <-
OPENYy 0i1, - » Vim <- Ojm) that transforms rule R into the
TAKE x FROM y

with the positive examples:
{x <- clean-cup, y <- cabinet)
{x <- sugar, y <- sugar-box)
with the negative examples:
(x <- dinty-cup, y <- sink)
{x <- freezer, v <- refrigerator)

Figure 4: Updated rule.

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

5 Consistency-driven feature elicitation

A negative exception of a rule may be transformed into a
negative example by identfying (or defining) a new object
feature that discriminates between the positive cxamples
and the negative exception. An outline of the method is
presenied in Table 2. A detailed description is given in
{(Hieb and Tecuci, 1992).

Let us consider, for instance, the rule R1 in Figure 2 that
has the positive examples represented by

{x <- clean-cup, y <- cabiner)

(x <- sugar, y <- sugar-box)
and the negative exceptions represented by

(x <- dinty-cup, y <- sink)

(x <- freezer, y <- refrigerator)
To eliminate these negative exceptions, the system will
look for a property of 'clean-cup’ that may be property of
'sugar, without being a property of ‘dirnty-cup’ or a
property of ‘freezer’. Or, it may look for a property of

s

(94}
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corresponding example, where vj is a variable from R
and Oij is an object from the object hierarchy.
1. Determine or elicit a feature F of an object Oij from
one positive example E{ such that
- F i3 a feamire of the comesponding objects
Olj,....ij. from ALL the positive examples;
- F is not a feature of the corresponding objects
Opj’-morj from SOME of the negative exceptions
Np....,N r

2. Refine the descriptions of the objects Oyj,....0; by
adding the featurc F.

3. Refine the descriptions of opj..‘.‘on- by adding the
feature NOT-F, if such a feature makes sense for these
objects. .

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

3. Remove Np,...Ny from the list of negative
exceptions and add them to the list of negative
examples.

6. Repeat this procedure as Jong as such features can be
found or elicited from the user or untl there are no
More negative exceplons.

'sugar’ that may be property of 'clean-cup’, without being
a propenty of 'dirty<cup’ or a property of 'freczer’, Or, it
may look for a property of ‘cabinet’ that may be property
of 'sugar-box’, without being a property of 'sink’ or a
property of 'refrigerator’. Or, it may look for a property of
‘sugar-box' that may be property of ‘cabinet’, without
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being a property of 'sink’ or a property of ‘refrigerator’.

An illustration of the knowledge elicitation dialog is the
following one (the answer 'Irrelevant’ means that the
property proposed by the system does not make sense for
the carresponding object concept):

I know that '(sugar-box 1S closed)'

Is it true that '(cabinet IS closed)’ 7 Yes
This means that '(y IS closed)' is a property characterizing
all the positive examples and may distinguish them from
some of the negalive exceptions.

13 it true that NOT (sink IS closed)' ? Irrelevant

Is it true that WOT (refrigerator IS closed)' 7 No

As a result of this dialog, the system has found the
property ‘(v IS closed)’ which discriminates between the
positive examples and the negative exception

(x <- dirty<cup, y <- sink).
By introducing the discriminating propenty into the rule's
condition, this negative exception becomes a negative
example. However, the second negative excepton is still
covered by the rule. This negative exception will be
transformed into & negative example by using another
method that is presented in the next section.

Another result of the above dialog is that the descriptions
of 'cabinet’ and 'refrigerator’ are refined by adding the
discovered property, as shown in Figure 3. This is a case
of goal-driven property transfer from one concept (sugar-
box’) o other concepts (cabinet’ and ‘refrigerator’).

it may also happen that the system cannot find a property
o transfer. In such a case, it will try to elicit a new
property by using a technique similar o the triad method
employed in the clicitation of the repertory grids [Boose
and Bradshaw, 1988; Shaw and Gaines, 1987]. If the
semantic network in Figure 1 does not contain the
property ‘(sugar-box 1S closed)’, the knowledge elicitation
dialog would be the following one:

Consider the following two groups of objects
groupl: sugar-box, cabinet
group2: sink, refrigerator
in the context of the following problem solving episode
in which y may take values from groupl
the problem
TAKE x
has the solution
OPENYy
TAKE x FROM y

Could you think of some property that discriminates all
the objects from groupl from at least one object from
group? [Yes/Nol: Yes
Describe this property for each object

{sugar-box IS closed)

{cabinet IS closed)

(refrigerator IS closed)

Irrelevant {sink IS closed)

A similar method exists for eliciting relationships
between object concepts. Indeed, let us again consider the
positive examples and the negative exceptions of rule R1
in Figure 2. To eliminate one or both of the negalive
exceptions the system may look for a relationship
between ‘sugar’ and 'sugar-box’ that may also hold between
'clean-cup’ and ‘cabinet’, but cannot hold between the
corresponding objects from at least one negative exceplion
(for example, cannot hold between ‘dirty~cup’ and 'sink’, or
between 'freezer’ and 'refrigerator’).

6 Consistency-driven concept elicitation

Another method of ransforming a negative excepuon of 3
rule into a negative example consists of eliciing 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
(Hieb and Tecuci, 1992).

Table 3: The method for consistency-driven
concept elicitation

Let R be an inconsistent rule, Eq,..., Ey the set of its
positive examples, and Nj,....Ng the set of its negatve
exceptions. Each positive example E; and each negauve
exception N; is represented as a substitution o = (vj] <-
Oits - s ¥im <- Ojm) that transforms rule R into the
corresponding example, where vjj is a vaniable from R
and O;j is an object from the object hicrarchy. Let Cjbe
the object-concept in the condition of R that covers the
objects O1j, .. Oxj, Onj, - , Osj, one from each of
the positive examples and the negative exceptions.

1. Elicit a new object concept Cj that
- covers corresponding objects Otj, ..., Okj from
ALL the positive examples;
- does not cover the corresponding objects Opj»--'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 with C’.

4. Remove Np,....Ny from the List of the negative
exceptions and add them to the list of the negative
examples.

S. Repeat this procedure as long as there are negative
exceptions and meaning ful corcepts can be defined.

Let us consider, for instance, the positve examples

(x <- clean-cup, y <- cabinet)
(x <~ sugar, y <- sugar-box}

and the negative excepton

(x <- freczer, y <- refrigeraior)



The concept covering ‘clean-cup’, ‘sugar’, and ‘freezer', in
the condition of the rule R1 is 'something’. Also, the
concept covering ‘cabinet’, 'sugar-box', and 'refrigerator’ is
‘container’,

In order to remove the negative exception, one may define
a concept covering ‘clean-cup’ and ‘sugar’, but not covering
‘freezer’, as indicated in Figure 5.

)

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

Alternatively, one may define a concept covering ‘cabinet’,
and 'sugar-box’, not covering ‘refrigerator’, and being less
general than ‘container’, as indicated in Figure 6.

something
IS- S-A
container
S.A place
IS-
refrigérator IS- S-A [IS-A

) Sugar-box cabinet

(+) (+)

Figure 6: Another object concept that would
eliminate a negative exception.

The knowledge elicitation dialog is the following one:

Consider the following problkem solving episode

the problem
TAKE x
has the solution
OPEN ¥
TAKE x FROM y
Could you think of some concept corresponding to x that
cover the objects 'sugar’, ‘clean-cup' without covering the
object 'freczer' [Yes / Noj: Yes
Give this concept a meaningful name: movable-object
Is any cup a movable-object [Yes / No]: Yes
Is any food a movable-object [Yes / Noj: Yes

Is any place a movable-object {Yes / Noj: No

185

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

- the ancestors of 'sugar’ and 'clean-cup' that are less
general than 'something’ but do not cover 'freezer’;

- the descendants of 'something’ that do not cover the
known positive and the negative examples of movable
objects (‘sugar’, ‘clean-cup’ and 'freezer’).

As a result of the above knowledge clicitation dialog, the

new concept ‘movable-object’ is introduced in the semantc

network, 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 defined 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 learning and
knowledge elicitation and we have briefly presented the
knowiedge representation employed by NeoDISCIPLE.
The adequacy for performing learning with this
representation was discussed in other papers, particularly
in [Tecuci, 1988; Tecuci and Kodratoff, 1990; Tecuci,
1992a}. Therefore, in this paper, we have concentrated on
the adequacy of this representation for knowledge
elicitation, by presenting a method for eliciting concept
fearures and another one for eliciting new concepts. In the
following we present some of the strengths and
weaknesses of these methods.

The methods are similar in spirit to those developed for
the elicitation of repertory grids [Boose and Bradshaw,
1988; Shaw and Gaines, 1987] in that the human expext is
asked the same kind of questions. However, these
questions do not concemn 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 clements and the
constructs of the expertise domain when their descriptions
are nok 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 examples and the corresponding
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objects from the exceptions of a rule. Our method may
define several concepts, each eliminating at least one
exception, if they are meaningful concepts in the modeied
domain. If the goal is 1o represent the real world as closely
as possible, there is no reason o believe that one always
has to define only one concept for eliminating all
exceptions. Giving meaningful names to the concepis is
also an important aspect that is not addressed by BLIP.

The knowledge elicitation method from Table 3 is also
related to the method employed by Nanoklaus [Hass and
Hendrix, 1983] in that both methods ask questons in
order 1o find the correct 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 defining new concepts in the context of specific
mconsistent problem solving rules.

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

First of all, these methods elicit object knowledge that
only extends the hierarchical semantic network, which is
supposed o be incomplete but correct. If the semantic
network may also be parnally incorrect, then the presented
methods need o be developed o also perform deletions
and modificabons of object knowledge.

The methods are also limited in that they deal only with
the negative exceptions, However, a rule may also have
positive exceptions. A positive exception is & positive
example of a rule that cannot be covered by the rule
without generalizing it to cover additional negative
examples, One way o deal with the positive exceplions is
sumply to learn another rule that covers them. However, it
may be possible to modify the semantic network 1o allow
-the rule to cover some of the positive exceptions, in the
same way as with the negative exceptions.

The knowledge elicitation methods that were presented
elicit knowledge in order 10 remove the inconsistency of a

- single rule. An important extension would be to analyze
several inconsistent rules at the same time, and 1o base
knowiedge elicitation on a8 more global view of the KB's
inconsistency.

Other techniques used by NeoDISCIPLE to elicit expen
knowledge are described in [Tecuci, 1992b]. However, all
of these techniques elicit knowledge in order 1o extend an
initial KB. By this, they simplify the definition of the
iniial KB, which could be incomplete. Developing
methods for creating this iniual KB is an imporiant
research direction of the knowledge acquisition
methodology promoted by NeoDISCIPLE.
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