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Abstract, )

This report surveys the state of the art in knowledge representa-
tion, a central field in the area of artificial intelligence. Five
--basic approaches to knowledge representation are discussed;  issues
relevant to representation systems are identified; prototypes of imple-
mented representation languages are presented. The report contains an
extensive bibliography. e

* This work has been supported by the ESPRIT Project of the European

Communities.



et d omed ok
. .
WA

~n
.
-t

.

.
—t
.

-—

RPN N N
Ha) .
« . .
NoOonbw N

. e 8

— et et ek i
.

o e e o e e e
P IR - W w N™N PN
¢ o e .
N - W NS =~

RPN NN NN NN

« .
WN —

R

Wwwww w
1B A -

CONTENTS

INTRODUCTION

" BASIC APPROACHES TO KNOWLEDGE . REPRESENTATION

Logic

Semantic nets ’
Procedural representations
‘Frame-based representations

Direct (analogical) representations

ISSUES RELEVANT TOVREPRESENTATION SYSTEMS

Representation aspects

Representing incomplete knowledge, default reasoning,
common sense reasoning .

Representing fuzzy knowledge and uncertainty;
approximate and plausible reasoning

Dealing with inconsistencies .

Representing evidence and reasoning in belief systems

Representing. time and temporal logics

Representing spatial knowledge and spatial reasoning

Reasoning accounting for different points of view

~ User-related aspects

) Explanation facility
User model

Programming environment

Control aspects R
Characteristics of programming and theorem proving
The relationship between knowledge and control

Reasoning methods
Reasoning based on simple implications
- Resolution-based reasoning
Non-resolution-based reasoning

LANGUAGES

Logic-based languages
- Semantic net based languages
Procedural lariguages
Frame-based languages
Expert system shell languages

BIBLIOGRAPHY



0 INTRODUCTION

Knowledge -representation 'is one of the core areas of research in
" Artificial Intelligence (Al). Initially unformalized world knowledge is
“to be represented in such a way that artificial reasoning systems can
assimilate -this knowledge, process it, and cenvey results to the user or
the application domain in a natural fashion. :

This report is a survey of knowledge representat1on systems and of
the -issues central to the development of representation formalisms.
Relevant representation. formalisms are identified along with the control
concepts used therein. No attempt has been made to cover all work iin
this broad field; rather, we aim at exposing key concepts and trends.
The report contains four parts

1) a descnptwn of ex1st1ng know1edge representation formalisms and
their properties;

2) a.discussion of the issues. part1cular1y relevant-to the development
of representation systems;

3) a selectIOn of implemented knowledge representation languages and
expert system shells; emphasis is on a high-level description of
“their capabilities and limitations;

4) an extensive billiography.

A method of systematically representing knowledge is called a know-
ledge representation ‘scheme’ (Hayes 1974, Mylopoulos and Levesque
1983) A fundamental problen consists of grasping the meaning or seman-
tics of an expression within such a scheme. Different representation
- schemes can only be compared with the aid of a formal definition of
their " semantics (Hayes 1974). First-order logic is a very well deve-
loped language which has been much used to describe the semantics of
(expre551ons in) particular representation schemes.




All representation schemes are biased towards’ specific. ways of"

us1ng the know1edge. They favor certain inference schemes. This study
surveys the biases inherent in different representation schemes.  We
also survey to what extent these inference schemes have been ‘described

as metalevel knowledge. - This i§ important for the-comparison of diffe-

rent. formalisms and - for our goal of designing formalisms. which are
flexible in the choice of their inferencefschemes.’ In chapter 1, we
will review basic classes of existing knowledge representation forma-
" Tisms and in chapter 2, we will expose issues which are relevant towards
the development of the knowledge representation system for the LOKI
project.

We' wish to acknowledge the discussions with our partners in the -

ESPRIT 3.3 pilot bhase, particularly with Horst ‘Adler and John
Mylopoulos. John Mylopoulos provided us with much material and advise
which was incorporated into this project.

1 BASIC APPROACHES TO KNOWLEDGE REPRESENTATION

We consider five basic knowledge represehtation schemes: logic,
semantic net, procedural, frame-based, and direct representation. Each

" of these approaches is discussed here separately.

1.1 Logic

Classical first-order logic is the oldest and best investigated
approach to knowledge representation. It consists of a declarative
component:  facts or axioms about the wor]d ~ and a procedural compo-
nent:” rules of 1nference to derive new facts from existing ones. In
early  knowledge representatIon systems based on logic, the rules of
inference were not goal-directed; therefore they created a large search
space. A skilled human expert was required to establish a proof of a
particular problem.

~ The 1ntroduct1on of the resolut1on pr1nc1p1e (Rob1nson 1965), a
single inference rule-allowing for all possible deductions in first-
order logic, was creating great expectations towards ~automating the

"constructjon of proofs. However, the developed systems were.extremely

inefficient. ~ This resulted in the dismissal of logic by some schools.
A number of researchers, for example Hayes (1973, 1974, 1977), Kowalski
(1974, 1979), and Bibel (1975, 1983c) argued that not the logic was at
fault but that it lacked the information necessary to constrain the
search: space. '

 Kowalski (1974) proposed to use a subset of first-order logic, the
so-called  Horn clauses, and gave them a simple procedural interpreta-
tion. Horn clauses allow the formulation of pieces of knowledge .in such
a. way that they are dedicated to solve particular problems, thus allo-

-wing a spec1al1zed theorem prover to derive proofs eéfficiently.
‘Colmerauer implemented the programming language PROLOG (Colmerauer et

.- 1973) which is based on Horn clause Togic.



’ Kowalski (1979) subsequently showed that -different computafional
behavior may arise thfough differént formuTations, although Tlogically

“equivalent, and also by applying different control structures to the

same logic formulation.

- In the Tlogic programﬁing field, -some workers stress the - logic

aspect, others emphasize the programming aspect. Several attempts have

been made to enlarge the expressive power of logic programming.  This

‘work takes place on several levels,

- on the pragmatic level:  enhancement of'the expressive power, e.g.
negation, set-of;

-. on the theoretical level: giving a theoretical underpinning to
pragmatic extensions, e.g. negation as failure {Clark 1978), amal-
gamation of language and meta-language (Bowen and Kowalski 1982);

- on the control level: -development of more f]e*ib]e control mecha-
nisms, e.g. IC-Prolog with its annotations {Clark and McCabe 1979),
Colmerauer's Prolog II (Colmerauer 1983) with its suspension of
insufficiently instantiated inequalities, Naish's MU-PrO]oQ {Naish
1982) with its more general suspension of insufficiently -instanti-
ated calls, intelligent backtracking (Bruynooghe and Pereira 1981).

Hayes' work is of particular‘ré1evance to us (Hayes 1974, 1978).
He attempts to uncover the semantics of different representation forma-

lisms by translating them into logically equivalent formulations in‘

‘first-order logic. Hayes is aware that there is a problem of control-

ling the inferencing process but he claims this problem is independent

of the particular representation formalism (Hayes 1981).

The work of Reiter (1978b, 1983) is similar to Hayes' but oriented:

towards data bases. = Reiter investigates the semantics of various as-
sumptions such as disjunctive information, null values, ié-a hierarchies
and inheritance of properties, aggregations. 'He  axiomatizes these con-
cepts by logical reconstruction, thus defining a theoretica] framework

in . which to judge the correctness of their handling in a practical sys-
tem. )

Weyhrauch (1980) has developed a reasoning system FOL using full

first-order logic with equality and with sorts. as its knowledge repre-

sentation - formalism. In" contrast to other deductive systems™ (like
PROLOG, AURA, etc.) FOL does not aim at a full automation of the reaso-
ning process; rather it is intended to support the ‘user's reasoning in
a dialogue. = Its reasoning capabilities are based on the natural deduc- |
‘tiqn rules of inferen;e {cf. section 1.2.4.3) as well as a syntactié
simplification (rewrite rules, section 1.2.4.4). This system has seve-
ral features of interest for future knowledge representation forma11sms,

they are described in section 3.

The LOPS system (Bibel and Hoernig 1983) also uses fu]l first-order
logic - as its knowledge representat1on formalism. It is-a programming
support system with a bias towards -a-strong deductive component.

Logic has been advocated particularly as a formalism which allows
the integration of knowledge and meta-knowledge, an issue addressed by
Weyhrauch (1980), Gallaire and Lasserre (1982), Bowen and Kowalski
(1982), and Smith (1982).

1.2 ~  Semantic nets

Semantic networks représent.khow]edge as structures of nodes con-
nected by links. ~ The nodes correspdnd to concepts (types) or objécts
(tokens) and the 1inks correspond to binary relations or predicatés over
these. Semantic nets were first introduced by Quillian (1968) as a

~ psychological memory model for encoding the meaning of words and have

sincg’ been used extensively for research in cognitive psychology
(Anderson and Bower 1973, Rumelhart and Norman 1975) and linguistics
(Simmons 1973), as well as in artificial intelligence. They offer a
natural, easily comprehended framework for representing knowledge.



Implemented semantic network Ienguages include Shapiro's SNePS
system (Shapiro 1979), Hendrix' partitioned semantic network formalism
(Hendrix 1975, 1979), Schubert's network formalism {Schubert 1976) , and

Brachman's KL-ONE {Brachman 1979).  Semantic networks offer the impor-

tant capability of globally structuring the knowledge base as well as
some special inference rules over this knowledge. This structuring has
been broken down by Mylopou]os and Levesque (1983) into four ‘organiza-
tional axes' ‘

- classification
- generalization
- _aggregation‘

- partition

Classification is the association of each token with a generic type .

whereas generalization relates a ‘specific type to more general types.
Nilsson (1980) makes this distinction by representing the former with
'element-of’ 1inks and the latter with 'subset-of' 1links. Other resear-
chers combine these two axes, ‘exemplified by so-called 'is-a h1erar-
chies'. The distinction between types tokens, or intensional & exten-
sional entities is important, as Woods (1975) points out. Any represen-
tation scheme, however, must in certain instances be capable of using
types as tokens and vice versa. This is an important factor “in the
flexibility of human reasoning (Hofstadter 1979). Brachman {1977a) pro-
poses a representation scheme which allows this. ’ '

Aggregation is the relation of an object with its parts. Parti-
tions are hierarchical structures in which everything visible to lower
partitions .is also visible to those higher up. This is useful for
representation of time, hypothetical worlds, and be]ief‘spaces.' Hierar-
chical representation/qf'knoW]edge.is also the basis for special infe-
rence rules for inheritance of traits and default reasoning applicable
to semantic nets (Nilsson 1980). Inheritance of traits allows attri-
butes of objects or types higher up in the hierarchy to be passed on to
those lower down. :

Despite the immediate appeal of the semantic network formalism,
serious problems surface upon closer investigation. There is an inhe-
rent difficulty in representing relations between more than two objects.

AWOOdS (1975) points out the need to differentiate - between different

types of links such as attributes and relations.  Brachman (1977a) pro-
poses ‘a solut1on to this in form of special purpose primitive links. In

~addition, the lack of standard terminology and formal semantics in the ..

area serves to cloud the discussion of these and other problems,  The
relationship between logic - and semantic nets has been studied by

- Schubert (1976) and by Deliyanni and Kowalski (1979).

1.3 Procedural representatien of‘knowledge

In contrast to declarative representations which stress static
aspects of knowledge (facts, events, and their relations), procedural
representations focus . on dynamic aspects of knowledge (how to find
facts, how to make inferences, etc.). Representation formalisms like
logic * and semantic nets became unwieldly when researchers attempted to

“move from small toy problems to more complex applications because of the"

need for complete problem descriptions. The need for investigating how
to efficiently manipulate knowledge became a dominating concern; the
usefulness of domain knowledge was found to be intrinsically bound with
the specialized knowledge about how it is to be used (Hewitt 1975).

" Procedural representat1on systems incorporate ways for explicitely
expressing control information.in order to direct their problem-solving
activity. Thus, partial solutions to problems which are not defined on
theventire'problem space can be admitted.. As a consequence, heuristic
information which typically  is based on incomplete knowledge can be
easily treated (Reiter 1978). In addition, procedural systems allow for
specifying which knowledge should be used to solve a given problem.

PLANNER, the prototype for-a procedural representation language
(Hewitt- 1972), was designed to expedite the inferences that were expec-
ted to be needed within an-actual reasoning process rather than facili-

tate the class of inferences that were logically possible. The . nature



of the possible inferences did not change by these inference-guiding

control features. However, other inference methods beyond those found

in classical Tlogic systems can be implemented. This includes non-
monotonic reasoning and the various forms of default reasoning.

Production systems (Newell and Simon 1972, Waterman and Hayes-Roth -

1978) offer a.procedural scheme that is in many ways similar to PLANNER.

. A knowledge base is-a collection of production: rules and: a global data
base. Production rules, like PLANNER theorems, consist of a pattern and
a body 1involving one or more actions. The data base begins in some
initial state and rules are tried out in some prespecified order until
one is found whose pattern matches the data base. The body of that rule
is then executed and matching of other rules continues. This account is
an idealization of production systems and most of them vary in the form

" of rules and in the order in which they are tried (Davis and King 1977).
Production systems have been used extensively for the implementation of
expert systems (Nilsson 1980).

1.4° Frame-based representations

Since 1974, when Minsky proposed the notion of frame (Minsky 1975),
it has played a key role in knowledge representation research. ~A frame
is a complex data structure fdr representing stereotypical situations
such as being in a certain kind of Tiving room or going to a child's

birthday party. The frame has slots for the objects that play a role in

the stereotypical situation, for relations between these slots, and also
for frames themselves. Attached to each frame are different kinds of
information such as how to use’it, what to do if something unexpected
happens, default values for each slot, etc. A knowledge base is now a
collection of frames organized in terms: of some of the  organizational

axes discussed earlier but also other 'looser' principles such as the.

notion of similarity between two frames. Schank and Abelson's (1977)
script§ have much in common with the concept. of frames.

Examples for frame representation languages include FRL ~(Go1d§tein
and Roberts 1977),. KRL (Bobrow et al. 1977), OWL (Szolovits et al.
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1977), AIMDS (Sridharan 1978), KL-ONE (Brachman 1979}.  Frames can be
viewed as a procedural extension of the semantic net formalism. It is
unclear how knowledge can be segmented best to obtain 'natural’ or

" efficient representations based on the frame concept.

1.5 Direct (analogical) representations

Direct representations are schemes in which ‘“properties of and
relations between parts of the representing configuration represent
properties of and relations between parts in a complex represented
configuration, so that the structure of the representation gives infor-
mation about the structure of what is represented” (Sloman 1971). For
some problems, - .direct representation has 'significant advantages (Palmer
1978, Dirlich et al. 1983). In particular, the problem of updating the
representation to refléct changes .in the world is simpler, since chang-
ing one fact may cause several relations to become imp]iéite]y‘updated.
Hayes (1974) points out the difficulties of making precise the
distinction between descriptive and direct representations.

Direct representations can facilitate search (Gelernter 1963} and
are usually more exhaustive and specific; thus admitting fewer models
(Funt 1976) and making for more efficient problem solving. " This can be
a disadvantage, when more generality is needed for problem solving
processes. Certain kinds of incomplete information are difficult to

-represent in direct representations.

1



2 ISSUES RELEVANT TO REPRESENTATION SYSTEMS

We . now focus on specific issues related to the mapping of real-
world knowledge into a representation formalism; the processing of this
know]edge, aspects of notation and system~env1ronment, forms of logic-

based reasoning; and aspects:of control interaction between different
system 1evels.

2.1 Representation aspects
During the development of representation formalisms, a number of

_topics ‘have attracted particular attention. The present section discus-
ses methods and problems related to those topics.

2.1.1 RepresentIng incomplete know]edge, default reasoning, common
sense reasoning ’ ' :

Except for situations where a knowledge - base models artificial

microworlds (e.g. Winograd 1972), it cannot be assumed that the know- .

ledge base is a'completé‘description of the world it is intended to
model. This  observation has important consequences for the operations
defined over a knowledge base (inference, . access, matching) as well as
the design methodologies for knowledge bases. '

In the beginning of AI; much of the work on knowledge representa-
tion  ignored the issue of incompleteness or dealt with it in ‘an ad hoc
way. Examples for systematic approaches to dealing with 1ncomp1ete
knowledge are given by Collins et al. (1975), Moore (1975), Levesgue
(1983) and Reiter (1983). :

Closely connected with the issue of incomplete knowledge is the
issue of default reasoning. In every day situations, decisioqs have to
be made in absense of explicit information about certain facts. In

=12

these cases, general knowledge can be very useful for inferring reason-
able conclusions. Nilsson (1980) presents a method for default reason-
ing in semantic nets realized through h1erarch1ca1 mechanisms. Reiter
{1978) and Levesque (1983) deve]op systematical approaches for default

' reasoning.  Minsky's (1975) frames offer elegant ways for representing

and handling incomplete knowledge by means of "slots® and “default
fillers". h '

McCarthy‘ (1980) addresses the issue of " common sense reasonihg"
from an ep1stemo]og1ca1 po1nt of view, formalizing human reasoning
processes based on 1ncomp1ete knowledge as a special non-monotonic
inference method within first-order logic. " Zadeh (1983) offers an
approach to common sense knowledge representation based on the approxi-
mate reasoning paradigm of fuzzy Togic. Here, specific knowledge ‘about
a restricted domain can be extended by means of'"elastic . constraints®.

“The elast1c1ty influences the degree of certa1nty assoc1ated w1th the

infered knowledge.

2.1.2 Representing fuzzy knowledge and uncertainty; approximate and
~ plausible reasoni ng '

. The role of fuzzy knowledgenand uncértéinty:is a much debated issue
in the Al community. The standpoints cover a wide spectrum of views:
on one extreme, the position is held that noth1ng in the world is fuzzy
and that efforts should be directed at representing this world rather
than the fuzzy knowledge about it.  On the other extreme, the position
is held that our know]edge about the world is inherently fuzzy and that
any 1nte1]1gent process must have ways of ut1]1z1ng this type of know-
ledge.

. ‘Among the advocates for representing fuzzy knowledge, the proposed
approaches vary widely: some researchers apply probab111st1c techniqugs ,
developed in the context of stochastic events to mode] fuzziness. They
argue,' we]14developEd existing methods are preferable over new approa-
ches which do not exhibit substantially different behavior, in most
cases. - Other researchers propose to model fuzziness within classical

13



(non—fuzzy)‘logic (Schefe 1980, Bibel 1983a). Zadeh (1975) developed a
unified approach for a fuzzy logic, maintaining that intrinsic fuzziness
cannot be captured adeéuate1y'within a é]assical logic system. ~In his
approach, classical - logic becomes a degenerate special case of fuzzy
logic. . Zadeh's work stimuléted a lot of research into the same (e.g.
Goguen 1974) or into alternate directions. :

_The work mentioned above focusses on formal aspects of representa-

tion. In real wor]d‘applications,' the correspondence between fuzzy
concépts in natural language and its representation is an additional
issue (Freksa 1982, Freksa and Lopez de Mantaras 1982). ‘A qualitative
relational approach to réprésenting fuzzy linguistic éoncépts has been
proposed by Freksa (1981).

The nature of various types of fuzziness has not yet been ' suffi-

ciently clarified to evaluate the various approaches conclusively

. {Shapiro 1983a). An example of the debate can be found in the sequence
of papers by Kandel and Byatt (1978), Tribus {1979), and Zadeh (1980).

Based on the fuzzy sét approach, Zadeh'(1975, 1977) developed a
theory of approximate reasoning. Collins (1978) stresses the importance
of meta-knowledge in plausible reasoning. Access to the state of the
art in ‘approximate and plausible reasoning can be obtained through
Prade's {(1983) tutorial paper.~ Quinlan (1983) proposes a system in
which a p]ausib1e reasoning process divides an "inconsistent" knowledge
base {cf. section 2.1.3) into internally consistent subsets. Rather
than weighing the validity of individdq] propositions, relative validi-
ties of the subset divisions are consideféd. For example, the greatest
consistent subset could be considered the most plausible choice.

2.1.3 . DeaTing with inconsistencies

Inconsistency in knowledge bases can occur from a variety of sour-
ces.. The knowledge base may be directly supplied with conflicting
information or the system itself may generate conflicting assertions.
Inconsistencies may also arise because of failure to represent informa-
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tion-distinguishing parameters such as time. There exists an obvious
necessity for recognition and proper handling of such inconsistencies.

“The case of conflicts due to the user occurs frequently in building

“up a khowledge base. If the application requires this knowledge base to

be consistent, the user must be supplied with enough information to
allow correction of conflicts. It can, however, be useful to include

“conflicting information in the system as in the case of representing

expertise from several experts (Reboh 1983). Quinlan (1983) describes a
system “which defines “internally consistent subsets of knowledge repre-
senting several possible worlds.

The case of system-generated ihcqnsistenty is a comnon problem in
belief systems working with incomplete knowledge in which decisions are
based ~on default information rather than specific knowledge. These
inconsistencies may be due to conflicting assumptions in choosing de-
fault values or due to updating of the data base.

- Doyle (1979b) describes a "truth maintenance system" to be used in
conjunction ‘with such default réasoning. -Stallman and Sussman (1977)
describe a system for circuit analysis which reasons based on constraint
propagation.  This system remedies inconsistencies through dependency-

- directed backtracking. The capability to locate sources of inconsisten-

cy requires a Iarge overhead in the form of justifications for  beliefs
and deductions but this information is required for the - explanation
component which exposes the system's reasoning process to the user.

2.1.4 Representing evidence and reasoning in belief systems

Knowledge 1is not absolute. Rather, it depends on thé a priori
disposition of the 'knower' and on thé inference and updating methods he
use§ for forming a belief. Shafer (1976) developed a theory of evidence
which acted as catalyst for research in this area (cf. Prade 1983).
Theories of evidence are influenced by their underlying model of vague
and approximate knowledge (Wahlster 1981). A much considered method for
representing attitudes (like beliefs) towards propositions 1is modal

15



Togic with possible world semantics (Kfipke11959), Problems with this
approach are discussed by Moore (1977). and Zadeh (1978).

2.1.5 Representing time and temporal,logics

Time 1is a necessary component of knowledge representation schemes
designed to wmodel dynamic events. - Indeed without reference to time,
such bhenomena as growth, motion, etc.. cannot be . characterized -and
would, in fact, lead to contradictory statements: "John weighs 3600 g";
"John weighs 70 kg". Hence, the.introduction of temporal information
eliminates a possible cause of inconsistency in a knowledge base.

The various aspects of time which must be dealt Witﬁ are: events
which have a beginning and ending time, objects which change during
their lifetimes, and knowledge which arrives to a system at different
times (Long and Russ 1983). There has been greét motivation in the

areas -of linguistics and natural language ‘understanding toward .the

development of formal representations of time (Crystal 1966, Bull 1962,
Bruce 1972, Kandrashma 1983). Problem solving systems have approached
the problem using state spaces. The inadequacy of this approach lead to
attempts to 1ncorporate time explicitely in planning (Hendrix 1973,
Wesson 1977). The logic school has introduced the use of modal and
special temporal logics.

Prior (1957, 1967, 1968) introduces tense operatois to propositio-
mal . Togic resulting in a "tense logic". McCarthy and Hayes (1969)
develop a "situation calculus". An approach aimingvat generality is
that of the time specialist. This is a subsystem which maintains tempo-
ral relations and provides the rest of the system with tools to store,

retrieve, delete, and reason with temporal knowledge.  More recent work )

in the area is exempiified by the'systems of Allen (1981), Bruce (1972),
Kahn and Gorry (1977), and Malik and Binford (1983). The common weak-
ness of all attempts to date is their lack of ability to deal w1th the
full dimensions of temporal logic, as was mentioned earlier.

16

2.1.6  Representing spatial knowledge and spatial reasoning

ln-app]ieations which describe manipulation of physical objects or
navigation .in a physical enviromment, a system must be capable of repre-

‘senting and’ reasoning with spatial knowledge (Kuipers 1977). An over-

view of representation methods for spatial know]edge can be found in the
Proceedings  of the workshop on representing and processing spatial
knowledge, held May 5, 1983, at the University of Maryland (Report Nr.
TR-1275, Dept. -of Computer Science, Univ. of Maryland, College Park,

D).

2.1.7 Reasoning accounting for different~points of view

As a censequence of know]edge being acquired by different means or
being used with different objectives, it may represent dwfferent points
of view. An.  example for a reasoning system accounting for different
points of view is the HAM-RPM/HAM-ANS system (Jameson et al. 1981).

Moore (1977) uses Kripke's possible world model for modal logic to-
represent different viewpoints. McCarthy (1979) develops first-order
theories for the formalization of individual concepts. Applications are
the representation of individual knowledge, belief, wanting, and neces-
sity without modal operators.

In natural language understanding, accounting for different points
of view is essential (Schank and Abelson 1977). Certain difficulties
arise if one reasons based on knowledge of other agents. A distinction
has to be made between knowing something and knowing that someone knows
something.  Approaches to such problems are given by Bibel (1983b).
This has important applications for distributed data bases (iftthey are
considered as reasoning agents). '

17



2.2 User-related aspects

In developing representétion systems, “the necess1ty to include the
_user as part of the system has become evident. The preserit section
deals with facilities to support user part1c1pat10n.

2.2.1 Explanation facility _ -

An explanation facility is that part of an interactive computer
system whose task is to generate for each particular dialogue situation
an . explanation that makes sense to the user. Such explanations may
refer to both, the object-level and the meta-level of a reasoning system
(Wahlster 1981). Through>studies of user interaction with expert sys-
tems it has been found that acceptance of the systems‘is highly depen-

dent on adequate explanation facilities. Such facilities also make the ..

system useful for instructional purposes (Clancey 1983).

Implementation of an explanation facility requires the system to .

have ‘'self knowledge' (Mylopoulos and Levesque 1983).. Most experiénce
in design and development of explanation facilities has been obtained in
. the area of expert systems {(cf. Barr and Feigenbaum;]982),

S 2.2.2  User model

The interaction between a computer system and its user has been.

_dominated by technical considerations about the computer system, in the
past. There is a trend to focus more on cognitiVe aspects of the user.
For example, at the University of California, San Diego, a project UCSD
('User Centered System Design') is being carried out {cf. Dirlich 1983).
Such research may lead to the development and implementation of a user
model which enables natural and individually optimized human - machine

- interaction (Norman 1983). '

18

2.2.3 Programming environment

Due to the complexity of artifici$1 1nte111gence programming, a
knowledge engineer requires powerful tools. Such tools include Tanguage-

"oriented edltors,v tracing and debugging facilities, knowledge base con-

sistency checkers, multiple window-process monitoring facilities, etc.
Examples for such systems are the INTERLISP environment (Teitelman and
Masinter 1983) and the LISP -Machine. Current PROLOG. implementations
offer only minimal programmIng environments. Shap1ro (1983b) advocates
1mp1ementat10n of portable programming tools written in PROLOG.

2.3 Control aspects

In ~a knowledge representation system, we can distinguish three
levels: 1) knowjgdge expressed in a particular formalism; 2) a set of
applicable inference rules allowing for the derivation of not.explicitly
stated knowldege; 3) a controi component descfibing in which order the
inference rules are applied. The subject of this section is the inter-
relationship between levels 1) and 3). Confronted with a certain prob-
lem, - the system attempts to derive a solution as efficiently as pos-
sible, .e.g. by avoiding der1vat1on of redundant or otherwise useless
knowledge. ~ Two related top1cs dom1nate the rather: controversial dis-
cussions on control: programming vs.,;theprem proving;. the.interrela-
tionship between knowledge'and control.

-

2.3.1 Characteristics of progrémming and theorem proving

-We can conceptualize a continuous §pace between the two extremes of
programming and theorem proving.. Theorem prov1ng (Loveland 1978) has
the following typical characteristics:

- the problem formulation consists only of knowledge;

- the control is hidden from the user;
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- “usually, the 1nference mechan1sm is ‘complex and unintelligable to
the user.

N
As a result, the behavior ef a theorem prover in solving a inen probiem
is rather unpredictable. Sufficient knowledge cannot guarantee effi-
cient behavior. To take a rudimentary example, knowledge about 'permu-
tation' and ‘ordering' will not suffice for a theorem prover to solve

sorting problems intelligently. - To obtain efficiency, the formu]at1on'

must be transformed 1nto a better behaving sorting ax1omat1zat1on ('pro-
gram -transformation’ )

In contrast, programming is typified by the following characteris-
tics: o (

- a careful formu]atjbn of relevant knowlédge and control;

< problem formulation with the intention of solving a predicted set
of problems with predictable efficiency;

- a s1mp1e inference mechanism w1th visible control, 1. e., the user
is in control of the behavior (a procedural semantic exists).’

The borderline between programming and theorem proving is mov1ng.
Our understand1ng of the nature of the ongoing process is increasing.
Slogans as ‘computation s controlled deduction’ (Hayes 1973a) and
'algorithm = logic + control' (Bibel 1975, Kowalski 1979a) illustrate
this trend.  The use of Horn clauses with a spec1a11zed theorem prover
_is now considered as programming (Kowalski 1974). As a result of the
better understand1ng, the level of programmlng ‘languages is increasing.
A1l current approaches to expert systems can be classified on the pro-
gramming side of our space. This classification is not restricted to
logic-based systems but also holds for other formalisms such as produc-
tion systems, semantic nets, etc.
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2.3.2 The re]ationship-between knowledge and control

The amount of’ separation between knowledge and control also can be
viewed as a continuous space. Knowledge and control can be completely

'separated as formulated by Lasserre and Gallaire (1982) where control is

considered as metalevel knowledge and can be very general. This tends
to . be computationally inefficient. Efficiency can be restored by re-
stricting control to well-chosen primitives as in MU-Prolog (Naish
1982).  Although. this restricts the expressive power, it is important to
realize that unrestricted control -is not a “philosopher's stone"
(Shapiro 1983b). The equation 'algorithm = logic + control’ (Bibel

1975, Kowalski- 1979a) ‘hes its limitations: ‘twiddling. with- control

cannot. turn -a search for ‘an-ordered permutation into.quicksort.

Control ~information may also appear as an annotation of the know-
ledge, without affecting the content of the knowledge. A typical exam-
ple is IC-Prolog (Clark and McCabe 1979). Prolog also, if carefully
used, falls into this class. Typical is its dual-semantics: on one
hand, declarative semantics allows each fragment of the problem descrip-
tion to be a meaningful piece of knowledge; on the other hand, procedu-
ral - semantics defines how the system behaves in solving a particular
problem.

At the other extreme,. knowledge and control is intertwined. This
is a powerful and efficient approach.- but has . severe drawbacks. The
fragments of the problem statement can only be understood in the context
of the whole. ~ Reading, modifying, and maintaining programs is much
harder. The location of perticular formalisms between the two extremes
is-not absolute. A formalism can be carefully used or abused.

The kind of control which can be efficienfly exercjsed also heavily
depends on implementation aspects, especially on chosen data structures.
This is the case with semantic nets and frames (Hayes 1979, Reiter
1978a, Schubert et al. 1983, Brachmann et al. 1983). As a final remark,
we point to the work of Weyhrauch (1980), Bowen and Kowalski (1982),
Davis (1980a), Smith (1982), which discuss the relationship between
meta-level and obiect-level knowledae.
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2.4 Reasoning methods

Various representation formalisms favor certain reasoning appfoa-
ches. The present section gives a brief overview over logic-oriented
deductive reasoning methods.

2.4.1 Reasoning based on'simplesimplications

Current approaches ﬁo knowledge representation in expert systems
are dominated by so-called rule-based systems, whose 'rules’ are impli-
cations of the form

A <=8y, By, ..., B, .

Best known examples are Horn clauses (Prolog, ‘vhere A, B.i denote predi-
cates) and production rules, where they denote actions and conditions.
The limitation of knowledge to such rules simplifies the required rea-
soning: Simple forward or: backward chaining is. sufficient. In the case
of Horn clauses, where the resolution method is used, expressive power
may be enhanced by use of the 'negation as failure’ convention (Clark

1978) and by allowing for the possibility of using variables as calls; -

this approach permits the use of higher-order predicates.

2.4.2 Resolution-based reésoning

Extending from Horn clause to full first-order 1logic requires
complex resolution-based systems (Robinson 1965) which are driven by the
goal of deriving the empty clause. Control is comp\ex and hidden from

"~ the user. Some systems, most notably graph-based systems, intertwine
knowledge, control, and data structures, e.g. connection graphs.
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2.4.3 Non-resolution-based reasoning

In all deductive reasoning methods, including those ‘discussed in
the present section, the given formulas (representing knowledge, asser-
tions, etc.) are processed by combining their parts into (sometimes vast
amounts of) newly generatéd parts. In contrast to th1s redundant ap-
proach the connection method in automated theorem prov1ng performs the
same processes on a s1ngle copy of the given formulas. A concise intro-

. duction . may be found in Bibel (1983a), while Bibel (1982) provides a

comprehensive treatment,

This method also may be regarded as a 1ink between resolution
{section 2.4.2) and natural deduction (section 2.4.4) since a natural
encoding may be provided for both. Further, the approach for solving
deductive problems by rewriting and generalized unification, treated
extensively 1in the literature, can be easily incorporated into the .
connection method as a (deterministic) control for the actions of the
connection prover (¢f. section V.4 Bibel 1982). ~ Similar remarks hold
with respect to a special handling of equality, = induction, higher-order
features, and others. o

2.4.4 Natural deduction inference rules

In mathematical logic, calculi for natural deduction have been
originated by G. Gentzen'and further studied by D. -Prawitz (among many

- others). They are meant to formalize.the natural human way of exact

reasoning. - In Al there has been a constant interest in these calculi in
order "to provide a more natural interface for interaction with human
users than for instance via resolution. Bledsoe gives a comprehensive
overview of ‘such approaches. A recent work in this direction is
Pellehtier (1982). The naturalness of such calculi may be combined with
the eff1c1ency of ‘more technical calculi by specifying a transformation

‘from one into the other and vice versa. Such a transformation is given

in chapter 4 of Bibel (1982).



3 LANGUAGES

In this section,  we point to several implemented representation

languages which exemplify important developments for knowledge represen-

tation. The section is structured into logic-based, semantic net -
based, procedural, and frame-based languages, followed by expert system

development environments. A1l systems considered are based on symbqlié "

rather than arithmetic computation; they implement 1ist processing as a
basic function; they utilize recursion as a way of describing proces-
ses; and they are interpretative and interactive.

3.1 Logic-based 1angﬁages

ABSYS ('ABerdeen SYStem'; Foster and Eicock'1969, Elcock 1983) is
an - early assertative programming system which contains fea-
tures that were later included in the popular PROLOG language.

PROLOG - was developed in 1973 by Colmerauer and Roussel (Colmerauer et

al. 1973) as a theorem prover based on the resolution princi-
ple (Robinson 1965). This language represents knowledge in
the form of 'IF - THEN rules and implements a depth-first

control strategy with automatic backtracking. Horn-clause »

logic can be'directly represented in the language and does not

" require additional constructs. The system attempts to prove

goal clauses by means of\pattern matching. ControI in present-
-day PROLOG systems is Timited to execution of the clauses in
static order. Developments for an enrichment of the control
facilities are. in progress, - e.g. in 1C-PROLGG. (Clark and
McCabe 1979), in PROLOG 11 (Colmerauer 1983), MU-PROLOG {Naish
1982). ' )

PROLOG is being used extensively for expert system deveiopment

and it is the target language for the Japanese Fifth Genera-
‘tion Computer Project. '
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FoL

LOGLISP
POPLOG
LISLOG

In section 1.1, FOL (Weyhrauch 1979) has already been men-
tioned as.a knowledge representation formalism based on full
first-order logic. Since there 1is no restriction on the
formulas, FOL is considerably richer in expressiveness than
PROLOG.  FOL has a flexible declaration mechanism so that the
user can define his own language constructs like sorts, etc.

A feature in FOL of particular interest is its notion of a
simulation structure, intended to be the mechanizable analogue
of the logical notion of model. It allows the integration of
semantic = computations within formalized reasoning ("semantic

- attachment"). It a}So provides a neat way to _ihcqrporate

efficient . .procedures (e.g. LISP functions) into the logical
formalism... :

These threevilanguages' are - examples of recent attempts to

_integrate logic and functional programming, represented by
. Prolog and LISP, respectively.

3.2 Semantic net based languages

SNePs.

KL-ONE - -

. ('Semantic; Network Processing System'). This system was one

of ‘the first semantic networks to have the expressive power of

“first-order logic (Shapiro 1979b).

is_ a-knowledge representation language developed by Brachman
-(1977b) that grew out of semantic network formalisms. The

primary -unit of information in KL-ONE is called a 'concept’,
which denotes a set of objects. Unlike early semantic net-
works, domain-dependent relations are not represented as
links, but as concepts and ‘rolesets'. A roleset is analogous
to a slot ina ffaﬁe-]iké language. There is only a small
number of types of links in KL-ONE, each corresponding to a
concepﬁ-forming or roleset-forming operator,
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KRYPTON

PSN

'OMEGA

CSRL

" (Brachman et al. 1983, Bfachmaﬂ and Levesque 1983) has two

representation languages, one for forming descriptive terms
and one for makiﬁg‘statements about the world wusing these

terms. The latter “was not present in the KL-ONE: system.

Further, KRYPTON provides a functional view of a knowledge
base, characterized in terms of what it can be asked or told,
not in terms of the particular structures it uses to represent
knowledge. KRYPTON is riow being implemented in INTERLISP-D.

{'Procedural Semantic Network') has been developed by Mylopou-
los et al. (1983). This system aims at integrating semantic

network and procedural notions. With every generic object PSN’

associates programs which specify how to operate on instances

- of that object.

bis,designed to facilitate common sense reasoning (Attardi —and
©Simi 1982). Its mode of expression “include descriptions,
inheritance, quantification, negation,‘attributions, and mul-.

tiple viewpoints. ~Attributions and inheritance are the basic
mechanisms for knowledge structuring.

{‘Conceptual Structures Representation Language'; Bylander et

-al. 1983) is designed to facilitate the development of expert

diagnosis systems based on the paradigm of cooperating diagno-
stics specialists. CSRL is a language for representing the
concepts of ‘a diagnostic-hierarchy and for implementing ~the
establish - refine process. “The knowledge to - establish -or
reject’ a concept is factored into knowledge groups: which cor-
respond to specific decisions in the diagnosis. - -
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3.3 Procedural-languages -

PLANNER

CONNIVER

FUzzyY-

was developed by Hewitt (1969) for goal-directed reasoning ‘in

problem solving. It implements full automatic backtracking:

the PLANNER run-time-environment takes a goal to be achieved

and a collection of theorems and attempts to find a theorem to

achieve the goal; the search strategy is depth-first. Proce-

dures are activated by pattern-directed procedure invocation. .
An important program written in (MICRO-) PLANNER is Winograd's

{(1972) SHRDLU,

was developed ‘as an answer to PLANNER's automated control
structure (Sussman and McDermott 1972): sometimes the automa-
tic backtracking resulted in the worst algorithms for solving
a prdBlem.~ Therefore, .in CONNIVER control was han&ed to the
progratimer, allawing: any. search.strategy to:be pursued. While
PLANNER forgot sub-problem solutions that eventually lead to a
failure, CONNIVER allows access of such solutions from a dif-
ferent branch in the problem tree.

was developed by LeFaivre (1974) to ﬁntégrate the ‘succe$sful

_.aspects of PLANNER. and CONNIVER in a clean and efficient
5implementation_ and -to provide.tools for handling. fuzzy know-

ledge, degreés of certainty, statistical information, or the -
like. = These tools are fully integrated inte the system's
control structure.-

FUZZY is implemented in LISP and contains the full LISP as

_subset. It employs a powerful pattern matcher and allows for

automatic . and programmer-controlled evaluation. Global con-
trol is available via procedure demons which _supervise the
evaluation process. For example, when a Tow degree of belief
is associated with a computed.result, a demon may,suspend'the,
actual 1ine of reasoning and. pursue another poséibflity.

Fuzzy survivgd‘PLANNER and CONNIVER, most notably in the large

natural 1anguagev;reasoning~§ystem HAM-ANS (Hoeppner et al.
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FRL

KRL

OWL

1983). 'This is partly due to the transparency of the tanguage
and due to the ease of implementing a wide spectrum of mecha-
nisms.

3.4 Frame-based )anguages

('Frame ﬁepresentation Language'; "Goldstein and Roberts
1977).  An. FRL knowledge base consists of frames whose slots
carry information such as comments on the source -of a value

bound to. a slot, a default value, constraints,.and procedures

that are activated when a value is bound, unbound, or needed
for a slot. All frames are organized into a hierarchy which
appears to be a combination of classification and - generaliza-

tion. The procedures attaclied to a slot are expressed 1in ..

LISP.

" ('Knowledge Representation Language'; Bobrow afid- w%nograd

1977).  This is a more ambitious project than FRL. Like FRL,

the basic units of a KRL knowledge base aré frames with slots’

and several kinds of information attached to each-slot. Un-
Tike FRL, where this information provides details about how to
instantiate a frame, " KRL is muéh_mofe concerned with a match-
ing operétion for frames. Al on-going proceéseﬁ at any one
time are controlled through a multiprocessor agenda which can
be scheduled by the designer of the knowledge base. KRL also
supports belief contexts which ¢an serve to definé an atten-
tion focusing mechanism. - "Self knowledge" can be included in

" a knowledge base by providing descriptions about other de-
scriptions. 7 ' ‘

Unlike other frame-oriented schemes, - OWL (Szolowitz et "al.
1977) 'bases its features on the syntactic.and semantic struc-

“ture of English, taking as founding principle the wWhorfian

Hypothesis that a person's 1anguége plays a key role in deter-
mining his model of the world and thus in structuring his
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AIMDS

HPRL

thought. ~ An OWL knowledge base can be viewed as a semantic
network whose nodes are expressions representing the meaning
of hatural_language sentences. Each node, called a concept,
is defined by a péir (genus, specia]iier) where ‘genus' speci-
fies the type or suﬁérconcept while 'specializer' serves to

distinguish this concept from all other concepts with the. same

genus.

{Sridharan 1978) is a frame representation Tanguage built on ’
top ‘of FUZZY. 1In AIMDS, relations which are used as attri-
butes of frames can be characterized by properties like refle-
xivity, symmetry, and transitivity.

(*Heuristic Programming and Representation Languagé';
Rosenberg 1983) 1is an extension to FRL. It provides for

uniform -encoding of reasoning knowledge as for domain know-

ledge in a declarative representation. The language contains
the ability to do forward and backward chaining, as well as to
use meta-rules. '

3.5 Expert systém shell languages

AGE

APES

-('Attempt to GEneralize'; Nii and Aiello 1979) is an attempt

to formulate the knowledge that knowledge engineers use in
constructing knowledge-based programs and put it at the dispo-
sal of others in the form of a software laboratory. The task
for AGE . is divided into two main sub-tasks: (1) isolating
techniques Qsed in knowledge-based systems and programning
those that are general and useful, and (2) building.an intel-
tigent agent to guide in the use of these’techniques.<

{'A Prolog Expert system ShHell'; Hammond 1982) is a suite of
PROLOG programs .which can be used as a shell around which
other modules can be added to produce a domain-specific rule-
based expert system which can explain its reasoning. Missing
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EMYCIN

-user facility.

information " for the reasoning process can be supplied by the °

user interactively by the user through a‘so-called query-the-
APES has been implemented on a microprocessor
system, L

" ('Empty MYCIN'; van Melle 1980} consists of the basic control

structure of the MYCIN expert system, but with MYCIN's infec-
§1ous disease knowledge base removed. It uses the production
system formalism to represent knowledge.
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