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KNOWLEDGE REPRESENTATION

The dominant paradigm for building intelligent systems
since the early 1970s has been based on the premise that
intelligence presupposes knowledge. Thus to build a pro-
gram that performs, say, diagnosis for an infectious dis-
ease, it is necessary to identify the units of knowledge
used by human experts as they perform the diagnostic
task and to make them available to the system under
development. Moreover, it is necessary to characterize the
patterns of reasoning used by the human expert (deduc-
tive, hypothetical, or heuristic) and endow the intelligent
system with analogous reasoning capabilities. This meth-
odology is applicable for systems intended to perform any
task requiring intelligence, be it diagnosis, planning, de-
sign or interpretation. Generally, knowledge is repre-
sented in the system’s knowledge base, which consists of
data structures and programs. In addition, the intelligent
system is expected to have a program called an inference
engine that implements the reasoning patterns necessary
for the task at hand. Thus current Al theory and practice
dictate that intelligent systems be knowledge based, con-
sistent with this simple knowledge base plus inference
engine architecture. This emphasis on knowledge has led
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to suggestions that Al can be arguably called applied epis-
temology. More important, it has placed knowledge repre-
sentation and reasoning at center stage in Al research
activity. Although the notion of knowledge representation
may seem straightforward, its task and methods have
stirred considerable controversy. Indeed, it has been re-
peatedly documented in questionnaires, panel discus-
sions, workshops, surveys and reviews of the field that
there is little agreement on how the problem is to be
solved or even what constitutes a solution (Brachman and
Levesque, 1985; Levesque, 1986; Cercone and McCalla,
1987).

This article begins with a short discussion of terms
used to describe the contents of a knowledge base and the
enterprise of knowledge representation, followed by a
brief history of the field. The main body of the article
discusses the basic functionality of a knowledge represen-
tation system and the trade-offs between different para-
digms for representing knowledge. A number of important
issues is also discussed, ranging from the expressiveness
and the semantics of a notation for representing knowl-
edge to structuring facilities for knowledge bases and dif-
ferent categories of reasoning. Examples of knowledge
representation systems are included and some areas of
active research are mentioned. It must be noted that the
discussion does not cover nonsymbolic representations,
such as ones based on neural networks (qv), or analogical
ones (Funt, 1980).

Vocabulary

A knowledge base is a symbol structure representing a
collection of facts about some domain of discourse. The
term object is used to refer to elements in the knowledge
base that are intended to denote entities in this domain.
For example, a knowledge base having ancient Greece as
its domain of discourse might contain an object represent-
ing the person Socrates. Objects are also used to represent
abstract concepts such as the concept of person and sets of
entities such as the set of philosophers. Terms such as
concept, constant symbol, and frame are commonly used
synonymously.

A fact is a statement that certain relationships hold
between entities denoted by some objects. For example, it
might be stated that Socrates’s birthplace was Athens.
Such statements about the world are variously called
propositions, assertions, formulas, sentences, clauses, or
properties of objects in different knowledge representation
schemes. Notations for representing knowledge will be
referred to as knowledge representation schemes, Exam-
ples of schemes include logical calculi, graph-theoretic
notations, and even some programming languages. A
knowledge representation system offers facilities for con-
structing and querying a knowledge base.

History

Philosophy has concerned itself with the nature of knowl-
edge since Aristotle and the formalization of reasoning
since Leibniz. Mathematical logic (see INDUCTION, MATHE.
MaTIcAL) developed at the turn of the century placed math-
ematics and mathematical reasoning on a formal founda-

tion and has served as a linguistic basis and
methodological paradigm for much of the work on the field
of knowledge representation {McCarthy, 1968; Hayes,
1977).

An edited volume (Minsky, 1968) contains one of the
first strong arguments for the advantages of knowledge-
based accounts of intelligence. It includes a collection of
papers describing a first generation of knowledge-based
programs, many of which argue that access to an orga-
nized body of knowledge is necessary for programs to find
solutions to commonsense problems in a reasonable
amount of time. The collection includes a paper by
McCarthy, originally published in 1958, which offers an
account of how the program Advice Taker could use
knowledge about a task, represented in terms of logical
formulas, and could even improve its performance
through external advice. This work prescribes much of the
research on knowledge representation and reasoning that
has unfolded since, although McCarthy’s original concep-
tion of the Advice Taker remains ambitious even by to-
day’s standards. Another important paper in this collec-
tion, authored by Quillian, introduces the notion of
semantic network (qv), a graph-theoretic data structure
whose nodes represent word senses and whose arcs €X-
press binary semantic relationships between these word
senses. This approach to representing knowledge has been
adopted by many subsequent knowledge representation
systems. Moreover, Quillian’s work constitutes an early
attempt to offer a computational account of the associative
features of human memory, including a spreading activa-
tion model of computation that has served as basis for
more recent work on massively parallel machine architec-
tures. .

The straightforward application of mathematical logic
to knowledge representation, originally attempted in the
late 1960s, encountered severe difficulties due to a num-
ber of factors. First, general-purpose theorem proving (Q}’)
is computationally intractable, even with the advances n
efficiency due to the introduction of the resolution princl-
ple. Second, logic, because of its initial focus on mathe-
matics and mathematical reasoning, offered little for the
type of commonsense, nondeductive reasoning required 0
many tasks. An early expression of this difficulty is the s0-
called frame problem: to reason about actions, such as
picking up a book from a table, logical representations
require explicit representation of the myriad facts that d0
not change by the action, eg, the location of the table‘ or
the agent’s car, in addition to those that do. As a reaction
to these difficulties, a number of procedural representa-
tion schemes were introduced in the early 1970s. These
combined the features of programming languages such a8
LISP (qv) with new associative data structures and event-
driven procedure invocations. Notable among these weré
PLANNER (qv) (Hewitt, 1971) and its successor, CON-
NIVER (qv) (Sussman and McDermott, 1972).

Production systems constitute another proposal for rep-
resenting knowledge procedurally, offered during ?he
same period (Newell and Simon, 1972). In a production
system, knowledge is expressed in terms of if—-then TUI,es’
which specify condition-action or premise—conclusio?
pairs (see RULE-BASED sysTEMS). For example, a rule might




state “if the top of a block to be moved is not clear, then
clear it!” This scheme is the basic representation of knowl-
edge used by most early expert systems (qv) (Hayes-Roth
and co-workers, 1983). An early and authoritative collec-
tion of papers on production systems has been published
(Waterman and Hayes-Roth, 1978).

As semantic network representation schemes prolifer-
ated in the 1970s, it became clear that there was no con-
Sensus on their form or their semantics (see SEMANTIC NET-
WORKS). A paper by Woods (1975) notes this difficulty and
Suggests possible solutions toward a well-founded seman-
tics. This influential paper spawned a new generation of
Semantic network schemes (Findler, 1979), including
schemes that treat semantic networks as a graph-theo-
retic notation for logical formulas.

Also during the mid-1970s, Minsky (1975) introduced
the notion of frames (qv) as a means for representing com-
Monsense knowledge, such as the concept of a room or an
?lephant. A frame is a complex data structure containing
Information about the components of the concept being
fiescribed, links to similar concepts, as well as procedural
Information on how the frame can change over time. Ex-
amples of early frame-based representations are KRL (qv)
(Bobrow and Windograd, 1977), FRL (qv) (Goldstein and
?gberts, 1977), and PSN (Levesque and Mylopoulos,

79).

Since the early 1980s there have been attempts to offer
knowledge representation schemes that adopt and inte-
Brate ingredients from logic, semantic networks, and pro-
Cedural representations. An example of this new trend is
KRYPTON (Brachman and co-workers, 1983). A KRYP-

ON knowledge base consists of two components: a se-
Mantic network-based component where terms are de-
Scribed and a logic-based one, including assertions about
the domain of discourse. For example, a KRYPTON
~Nowledge base may include a description for the term
rbachelor”, defined as an unmarried male person, along
}Vith an assertion involving “bachelor”, for example,
John is a bachelor.”

KNOwWLEDGE REPRESENTATION SYSTEMS

At the very least, it would be expected that a knowledge

Tepresentation system would provide functions for incre-

Mentally constructing and for querying a knowledge base.
€se might be defined as follows:

Tell [KB, a] = KB’
Where KB’ is the result of adding fact « to KB,
A8k [KB, &) = yes | no | unknown
flepending on question a and the contents of KB. Underly-
Ing these operations is a notation for representing facts
and queries. Proposed notations will be classified into

three basic paradigms: logic-based, procedural, and se-
Mantic network.
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Logic-Based Representations

Adopting the notation of mathematical logic, one might
express facts such as

Socrates is human.
If someone is human, then she is mortal.

with formulas such as

human (socrates)
(VX) [human (X) = mortal 9.¢)]

A knowledge base can then be viewed as a collection of
such formulas and addition of a new fact amounts to an
extension of the knowledge base to include another for-
mula:

Tell [KB, a] = KB U «

From this perspective, querying the knowledge base could
be defined semantically or syntactically, using the notions
of (logical) consequence and provability from mathemati-
cal logic. In particular, if « is a closed formula, represent-
ing a yes—no question, then a semantic account of the
query operation would be

yes ifKB |= a
Ask [KB, a] = no if KB |= "«
unknown otherwise

In other words, the answer to « is yes (respectively no) if o
is true (respectively false) in all interpretations (or
worlds) where all formulas in the KB are true. A syntactic
account of the query operation, on the other hand, is

yes ifKB|- «
Ask [KB, a] = no if KB |-
unknown otherwise

In this case, the answer to a is yes if « can be proved from
the facts in the knowledge base using the provability rela-
tion associated with the underlying logic. A major advan-
tage of many logics adopted for knowledge representation
is that they are sound and complete, which means that
derivability and provability lead to the same set of conse-
quences, given a knowledge base.

Choosing a logic that is both expressively adequate for
knowledge representation and computationally tractable
has turned out to be an elusive goal. Propositional logic is
generally considered expressively inadequate, whereas
first-order logic is generally conceded to be computa-
tionally intractable. Attempts to find an acceptable com-
promise to the expressiveness versus tractability trade-off
generally use variations of first-order logic, following one
of two approaches. The first approach limits the expres-
siveness of the language of representation by restricting
the form of the formulas that can be admitted in the
knowledge base. The second approach redefines the prov-
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ability relation of first-order logic to make it computa-
tionally tractable.

Relational databases (Date, 1975), widely used to rep-
resent “simple” facts, such as people’s addresses or sala-
ries, constitute a good example of the first approach. A
relational database can be viewed as a collection of ground
formulas of the form P(a;,as, . . . ,a,), where P is a predi-
cate symbol and a;ay, . . . ,a, are constant symbols. Ac-
cordingly, the language of representation (determined by
Tell) disallows logical variables, connectives, and quantifi-
ers. This restriction makes it impossible to explicitly rep-
resent negative knowledge and implications. The query
language (determined by Ask) does, however, maintain
the full power of first-order logic. It should be mentioned
that relational databases have a number of built-in axi-
oms, including the so-called closed world assumption (Rei-
ter, 1984), which states that ground facts not present in
the database may be assumed to be false. Thanks to the
closed world assumption, negative information is repre-
sented in the database, albeit implicitly. Computa-
tionally, it can be easily established that the complexity of
Ask and Tell depends polynomially on the size of the
knowledge base.

Logic programming (qv) constitutes a second popular
approach to harnessing the expressiveness of first-order
logic. Logic programs admit only two types of formulas:
atomic clauses, having the form of positive literals, ie,
formulas P(),ts, . . . ,t,) where #,t3, . . . ,t, are terms
involving function symbols, constants, and (universally
quantified) variables, and horn clauses, having the form
A NASN . . . NA,>B,where Aj,A;,. . . ,Ap,and B
are positive literals. Here queries are restricted to con-
junctions of positive literals known as goals. Evaluation of
a query is equivalent to proving the conjunction with re-
spect to the clauses in the logic program. The restrictions
to the assertion and query languages allow the use of
specialized theorem provers. For example, PROLOG (Ko-
walski, 1979) uses a particular form of resolution called
SL resolution, which always starts from the goal to be
proved and reduces it, using Horn clauses, to a set of
atomic clauses.

Logic programming supports a declarative reading of
the clauses constituting a logic program, ie, a reading
where each clause is treated as a true statement about the
intended domain of discourse. However, it also supports a
procedural reading, treating a Horn clause such as

AINA;N. . . NALD>B

as the statement “to establish B, establish A;,A,,
. ..,A,.” Indeed, in programming languages such as
PROLOG that support the logic programming paradigm
explicit facilities promoting this procedural interpretation
of clauses are provided. For instance, the cut operator lim-
its the search that will be undertaken by a PROLOG in-
terpreter for a particular goal.

Like logic programming, deductive databases attempt
to establish a computationally tractable class of knowl-
edge-representation systems grounded in logic. Deductive
databases impose different types of restriction on the form
of allowable formulas. For example, definite deductive da-

tabases allow Horn and atomic clauses, analogous to those
of logic programs. Hierarchic databases, on the other
hand, restrict Horn clauses to be nonrecursive, thereby
simplifying goal evaluation. Efficient algorithms have
been developed for goal evaluation and consistency check-
ing of definite deductive databases (Hulin and co-workers,
1989). Deductive databases differ from logic programming
in that they assume that the number of atomic clauses in
a knowledge base will be much greater than that for non-
atomic ones. Moreover, deductive databases emphasize
the declarative reading of clauses and rely completely 911
the efficiency of the adopted goal evaluation and consis-
tency checking algorithms.

Turning to approaches that redefine the provability re-
lation in order to render a logical representation computa-
tionally tractable, a logic has been offered that uses the
full expressive power of first-order logic but interprets
(3X) P (X) to mean something like “there exists a known
X such that P (X)” (Frisch and Allen, 1982; Patel-
Schneider, 1985). This apparently slight change in the
semantics of existential quantification has a remarkable
impact on the provability relation. In particular, modus
ponens no longer applies as inference rule, and from
P (@) \/ P (b) it cannot be inferred that (3X) P (X).

Procedural Representations

Declarative representations treat the intended meaning
of a knowledge base as a foundation that imposes cor”
straints on knowledge base operations. Procedural repre-
sentations, on the other hand, reverse this dependence by
identifying the meaning of a knowledge base with its use-

Consider a knowledge base consisting of logical for-
mulas:

(VX) person (X) = mortal (X)
(VX) dog (X) = mortal (X)
person (socrates)

person (helen)

which states that “all persons are mortal,” “all dogs arﬁ
mortal,” “Socrates is a person,” and “Helen is a persor:
Given an inference procedure for first-order logic, it 1%
possible to find out whether Socrates is mortal by attemPt'
ing to prove the formula mortal (socrates) from the facts 10
the knowledge base. If the inference procedure is soun®
inferred facts are true in every interpretation where the
facts in the knowledge base are true. A great strength ©
declarative representations is that the same inferenceé
procedure can be used for any knowledge base and'any
knowledge based system, independently of the domalnt 0
discourse and the task to be performed by the system-

A procedural representation, in its purest form, treati
the knowledge base creator as a programmer who mus
decide on a set of data structures and programs that repre”
sent the intended facts and generate appropriate infer-
ences. The meaning of the knowledge base is now deter;‘
mined by the data structures and programs that!
implement it. For example, the same knowledge bas®




above might be represented in terms of a collection of
Procedures, such as the procedure person:

Procedure person (X)
if (X = ‘socrates’) or (X = ‘helen’) then return (true)

else return (false)

which returns true or false, depending on whether its ar-
Bument is a person or not, or the procedure mortal, which
answers the corresponding question for the predicate
mortal:

procedure mortal (X)
if person (X) then return (true)
else if dog (X) then return (true)

else return (false)

Here it could be asked whether Socrates is a person by
€xecuting person (‘socrates’) and whether Socrates is mor-
tal by executing mortal (‘socrates’). In this case, the facts
Constituting the knowledge have been hard coded into the
Procedures that define the inference engine of the knowl-
edge base.

Clearly, the declarative approach has advantages of
ﬂgxibility and modularity. First, declarative representa-
tions, including logic programming, allow queries such as
™Mortal (X), where X is a variable. The variable X is inter-
Preted in this query existentially and the inference proce-
dure can return all bindings of X that make the clause
true with respect to a knowledge base. This facility is
Possible in the procedural representation but requires
fOI‘esight on the part of the knowledge base creator who
Much define a separate procedure, say AlIMortals (), that
Teturns a list of all mortals. Note that the list returned by

€ new procedure may not be consistent with the rest of
€ procedures that define the knowledge base.

The advantages of declarative representations are also
%bvious when a fact is inserted or removed. For example,
adding the fact that horses are mortal,

(VX) horse (X) = mortal (X)

to the declarative knowledge base is quite simple. In the
Procedural case it would be necessary to modify several
existing procedures to effect this change.
_ The main advantage of the procedural representation
les in the control of search that can be exercised by the
Nowledge base creator, given that the inference engine is
efined for each particular knowledge base and each us-
age of that knowledge base. In the above simple example,
the Procedure mortal (X) first checks whether X is a per-
%on and then whether X is a dog. This choice of alterna-
tiveg may be based on the programmer’s knowledge that
€ argument of this procedure is more often a person
an a dog. In a knowledge base using a declarative repre-
Sentation, on the other hand, there is no room for such
Pragmatic consideration in the conduct of search by the
Inference procedure. Note, however, that meta-level con-
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trol (discussed below) is an attempt to exercise precisely
this kind of control within a declarative setting.

Some of the drawbacks of procedural representations
can be overcome by generalizing procedural mechanisms
such as those found in conventional programming lan-
guages. One such proposal concerns the generalization of
the mechanism for invoking procedures so that neither
the procedure’s name nor its arguments need be provided
explicitly in a procedure call. Thus instead of writing mor-
tal (‘socrates’) to invoke the procedure called mortal with
the string ‘socrates’ as its argument, goal (mortal (‘socra-
tes’)) could be written to specify “run any procedure whose
description states that it might be able to find out if Socra-
tes is mortal.” For this invocation mechanism to work,
procedures must have an associated pattern that specifies
what the procedure can accomplish and that is matched
against the argument of a goal statement to determine
whether the procedure can help. This kind of procedure
invocation is known as pattern-directed invocation and is
clearly akin to the procedural interpretation of Horn
clauses.

Procedural representations that support pattern-
directed invocation generally allow more than one proce-
dure to be called during the evaluation of a goal expres-
sion. If a procedure is unable to provide an answer
(because it fails during its execution) others are tried,
with the knowledge base restored to its original state.
This search regime is called backtracking (qv) and is also
used by PROLOG interpreters. However, by incorporating
pattern-directed invocation and backtracking into a sys-
tem, some control of search has been given up.

Another approach to overcoming some of the draw-
backs of procedural representations is to combine them
with declarative ones. For instance, some authors have
proposed knowledge representation schemes that contain
both a declarative and a procedural component. In knowl-
edge bases using this representation scheme, some infer-
ences are done by using the inference procedure that
comes with the declarative representation. However, un-
der certain conditions, inference is performed by exter-
nally defined procedures contained within the knowledge
base. For example, it might be specified that the successor
property of numbers should be computed by the LISP
function ADD1 rather than through inference. Likewise,
procedural representations have been combined with se-
mantic network ones leading to frame-based and object-
oriented representations (see below). The language
PLANNER (qv) and production systems are generally
viewed as pioneering proposals for procedural representa-
tions.

Semantic Networks

As indicated earlier, semantic networks (qv) (Sowa, 1991)
were originally motivated by cognitive models of human
memory. However, their popularity and success can best
be understood when they are viewed as a convenient com-
promise between the declarative and procedural ex-
tremes. Self-styled semantic network proposals for knowl-
edge representation abound in the literature. One
striking feature of this collection is the small number of
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common themes and the great number of variations that
can be found among them. One such theme is that knowl-
edge is represented on a labeled, directed graph whose
nodes represent concepts and entities in the domain of
discourse, while its arcs represent relationships between
these entities and concepts. For example, a knowledge
base might be viewed as in Figure 1. In Figure 1a, the
nodes represent generic concepts such as Person, Student,
Professor, and Number, or particular entities such as 23,
Maria, and Harry; the arcs represent binary relationships,
such as supervisor, age, instance-of, and is-a. This depic-
tion can be thought of as a convenient data structure for
representing the knowledge base displayed in Figure 1b.

In general, it has been argued (Shapiro, 1971; Schu-
bert, 1976) that semantic networks simply offer a graphi-
cal notation for logical formulas restricted to unary and
binary predicates and the two types of quantification illus-
trated in the example (declaring, respectively, that some
concept “is-a” other and that some concept is “part-of”
another). Others have argued that semantic networks of-
fer a fundamentally different representational paradigm
that is object centered in the sense that it is based on
object descriptions rather than arbitrary propositions, and
focuses on knowledge organization. Advantages claimed
for this paradigm include efficient retrieval, because all
facts about Maria, for instance, are directly accessible
from the node named Maria, as well as the obvious perspi-
cuity of graphic representations.

An interpreter for such a semantic network would be
expected to support some inferences, for example, the
transitivity of is-a and the typing constraints of part-of
(“ages must be numbers and supervisors professors”).
However, beyond these, opinions differ on how to repre-
sent other kinds of facts involving disjunction, negation,

-a

Studgnt - Peggon
isor age
Professordlis-a umper
instance-

igstance-of .

. ingtance-of

Maga _
age
supe et
i | 23
Harry

(a)

(VX) student (X) = person (X)
(VX) professor (X) = person (X)
(VX) person (X) = (Y) [number (Y) /\ age (X,Y)]
(VX) student (X) = (DY) [professor (Y) /\ supervisor (X,Y)]
student (maria)
professor (harry)
number (23)
(b

Figure 1. A semantic network proposal for knowledge represen-
tation. A labeled, directed graph () is used to represent a knowl-
edge base ().

and unconstrained quantification. One approach to this
dilemma involves offering a graph-theoretic representa-
tion of general logical formulas. This allows the inference
procedure to perform retrieval and certain inferences (eg,
ones involving is-a and part-of) efficiently, whereas others
are handled using general theorem proving techniques. A
second approach allows the attachment of procedures t0
each node that specify operations on instances of that node
and support “local” inferences with respect to the concept
being represented by the node. The first approach over-
comes some of the drawbacks of logical representations
because special-purpose inference procedures can be used
for the “built-in” features of semantic network representa-
tion. The second approach removes some of the ad hoc
nature of procedural representation because the represen-
tation fixes the data structure and offers a method for
defining the procedures that constitute the knowledge
base. There are interesting similarities between the se¢-
ond approach and object-oriented programming systems
(Keene, 1989). ,

A major feature of semantic networks since Quillians
proposal was the idea of default inheritance, according t0
which attributes associated with a node, say Person, aré
only inherited by its is-a descendents, such as Student an
Professor, provided they are not redefined explicitly (think
of ageless mythical persons or gifted students supervise
by committee or by no one at all!). Default inheritanceé
simply acknowledges the fact that descriptions of concepts
are not absolute and that they may be contradicted by
their specializations or their instances. This aspect of se-
mantic networks is not captured in the simple logical re-
formulation of semantic networks suggested above. In-
deed, default inheritance constitutes an important
example of commonsense reasoning that cannot be ad-
dressed adequately within the framework of traditiomll
mathematical logic. Minsky’s proposal of a frame theory
(qv) can be seen as an attempt to extend and refine the
semantic network paradigm by adopting a partiCUI?r
stand on what is represented by a node (a frame n
Minsky’s terminology). A frame is a complex data struc-
ture representing a prototypical concept or situation. For
example,

Frame Myrto
AKO $value Person
name $value [Myrto Wong|
address $value |65 Elm Street]
interests $value ‘Al

defines the frame identified as Myrto and declares it to be
a kind of (hence AKO) Person, with particular name ag-
dress, and interests. A frame consists of slots that deﬁni
its constituent parts. Each slot has a number of facets tha
specify local information such as the slot’s value, as W€
as inferences and consistency checks that should be per
formed when the slot value is retrieved or updated. Adop?
ing the principles of default inheritance, all slots ar¢ -
herited along AKO links by default. For example, if the
frame Person includes the following in its definition,




frame Person

state $require [member (:value, States) or
(member (:value, StateAbbr)]

Number
lcalcYearOfBirth (:age)

age $type
yearOfBirth $value
salary $ifAdded [if (:value > $100,000)

then add (:frame, VIPList)]

Myrto inherits a state slot with a constraint that its value
facet be a member of the list States, a yearOfBirth slot
whose value is computed by the expression calcYearOf-
Birth (:age) where :age refers to the age slot of Person, and
a salary slot that, when updated, will cause Myrto to be
added to the list VIPList if the person’s salary value is
greater than $100,000.

Frame representations focus on the problem of repre-
Senting prototypical concepts. Terminological languages,
on the other hand, offer facilities for the definition of
terms that might be used as vocabulary in expressing
facts about a given application. To build a knowledge base
about persons, for example, it is possible to start with
Primitive terms such as Person, MaritalStatus, and Sex
(which are predicates of one, two, and two arguments,
respectively) and then proceed to define other terms such
as Unmarried, Man, and Bachelor as follows:

Unmarried « (VRgeneric Person MaritalStatus single)
Man « (VRgeneric Person Sex male)

Bachelor « (Congeneric Man Unmarried)

VRgeneric and Congeneric are term-forming operators;
VRgeneric defines a term from another by restricting a
slot value and Congeneric defines a term as a conjunction
of two terms. Thus Unmarried is defined as a person
}Vhose marital status is single, Man as a person whose sex
18 male, and Bachelor as someone who is both a man and
Unmarried. Subsumption is another important operation
on terms, intended to compare two terms and determine
Whether one is more specialized than another. For in-
Stance, the term Man subsumes the term (Congeneric
(VRgeneric Person Sex male) Unmarried) in the sense that
€very instance of the latter is also an instance of the
former. Much recent research has focused on the trade-offs

etween the set of term-forming operators provided by a
t?l'minological notation and the tractability of subsump-
tion for that notation (Brachman and Levesque, 1985).
KL~ONE (Brachman, 1979) has played a key role in shap-
Ing terminological languages and raising a host of re-
Search issues related to their design.

KnOWIedge Organization

Both the semantic network and the frame examples given
above adopt primitives for organizing knowledge. In the
Case of the semantic network example, these primitives
are is-q and instance-of links. In the case of the frame
€Xample, they include AKO links as well as the slot mech-
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anism. This is not an accident. Knowledge organization
constitutes a major strength of semantic network and
frame-based representations.

Organizing the knowledge included in a knowledge
base is important from a cognitive science viewpoint [after
all, human memory seems to be highly structured (Ander-
son, 1990)] as well as for reasons of computational tracta-
bility. Human factors considerations also contribute to the
importance of knowledge organization. Both developers
and users of a large knowledge base will find it easier to
understand its contents if it can be visualized as a struc-
tured artifact. In this respect, an analogy can be drawn
between knowledge bases and programs. Abstraction
mechanisms and other means for structuring programs
have been accepted for some time as essential tools for
addressing the complexities of understanding, using and
maintaining large programs.

A review of structuring mechanisms that have been
adopted for knowledge organization finds remarkable con-
sensus based on a few themes, but there is also a large
number of variations.

Instance-of (or Classification). This structuring mecha-
nism classifies an object into one or more generic classes
(makes the object an instance-of these classes), thereby
endowing it with properties shared by similar objects. For
example, some objects in a knowledge base might be clas-
sified under Person and can, therefore, have an address
and an age, whereas others are classified under Dog and,
therefore, possess four legs. °

Classification has been used in a variety of notations to
support syntactic and semantic consistency. For example,
sorts in mathematical logic (Cohn, 1989) and types in pro-
gramming languages are used mostly for syntactic check-
ing. In semantic networks, classification distinguishes be-
tween tokens, which represent particular individuals in
the domain of discourse, and types or classes, which repre-
sent generic concepts. Besides syntactic and semantic con-
sistency, classification can also lead to more efficient
search algorithms for a knowledge base. If, for instance,
the system is looking for an object whose student number
is 98765432 and it is known that only students have stu-
dent numbers, then only the set of instances of Student
must be searched.

Some representation schemes (eg, PSN) allow classifi-
cation to be recursive, ie, classes may (or must) them-
selves be instances of other classes. In this case the class
Person might be an instance of the (meta)class Animate-
Class, which has as instances all classes describing ani-
mate objects. In such situations classification may be un-
constrained, allowing both a token and a class that it is an
instance-of to be instances of some common class, or con-
strained in the sense that there is a linear order of strata
(or levels) and that every object in the knowledge base
belongs to a unique stratum and that an object at stratum
7 can only be an instance of classes at stratum = + 1.

Is-a (or Generalization). Generic objects in a knowledge
base have been traditionally organized into taxonomies,
referred to as is-a, or generalization, hierarchies, which
organize all classes in terms of a partial order relation
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determined by their generality or specificity. For example,
GradStudent may be declared as a specialization of Stu-
dent (“Every graduate student is a student”), which is in
turn a specialization of Person (“Every student is a per-
son”).

Inheritance is a fundamental ingredient of is-a hierar-
chies. Inheritance is an inference rule that states that
attributes and properties of a class are also attributes and
properties of its is-a descendants. Thus the address and
age attributes of Person, are inherited by Student and,
transitively, by GradStudent. This inheritance may be
strict in the sense that constraints on attributes and prop-
erties can be strengthened but cannot be overridden or
defaulted, in which case overriding is allowed. For exam-
ple, if the age of persons has been declared to range from 0
to 100 years, with strict inheritance the age of students
can be declared to range from 5 to 80 but not from 5 to 120.
Default inheritance, on the other hand, allows students to
be 120 years old, although persons were declared to live
only up to 100 years, or penguins to not fly although birds
were declared to do so.

Another source of variation among generalization
mechanisms is their form. In single inheritance, every
class has at most one immediate is-a ancestor, hence the
graph formed by classes and is-a relationships is a tree. In
multiple inheritance, a class is allowed to have multiple
immediate is-a ancestors. Single inheritance is computa-
tionally and conceptually preferrable but expressively in-
adequate for sophisticated applications. Multiple inheri-
tance, on the other hand, is expressively more powerful
but also computationally expensive and semantically
troublesome, particularly when combined with default in-
heritance.

Part-of (or Aggregation). This mechanism views objects
as aggregates of their components or parts. Thus a person
can be viewed as a (physical) aggregate of a set of body
parts (arms, legs, head and the like) or as a (social) aggre-
gate of a name, address, social security number, etc. Com-
ponents of an object might themselves be aggregates of yet
other simpler components. For example, the address of a
person might be declared as the aggregation of a street
number, street name, city, etc. Aggregation may be
strictly hierarchical or recursive. For instance, Employee
may be defined as the aggregation of a department, a sal-
ary, and an employee, where the latter defines the role of
the employee’s manager.

A fourth way of organizing objects in a knowledge base
is through partitions (Hendrix, 1979) or contexts. A parti-
tion is simply a subset of the objects and facts in the
knowledge base. One use of a partition is to group to-
gether all of the facts about a given situation, eg, the case
history of a particular patient. Here partitioning is a use-
ful mechanism for limiting search for relevant facts. A
second use of partitions involves the representation of dif-
ferent possible worlds (say, this world versus the world
that would have resulted if Napoleon had won the battle
of Waterloo) or the representation of facts believed by dif-
ferent agents known to the system. Partitions are usually
organized into a hierarchy by a relationship that might be
called “obtained from.” How a partition B is formed from a

partition A is specified by stating what objects and facts
have been added to or deleted from A to obtain B. An
object that belongs to a partition is said to be visible in
that partition. In particular, all objects in A that were not
removed in forming B will be visible in B.

Inference. For Ask to return a correct answer with re-
spect to a given query and a knowledge base, it must g0
beyond the facts contained in the knowledge base and
draw conclusions from these facts. Inference procedures
provide knowledge representation systems with this capa-
bility. In general, an inference procedure is a multistep
process. Each step of the process involves an inference
rule, a set of premises and, if the premises match the rule,
a set of conclusions. Returning to an earlier example, ifa
knowledge base contains

Socrates is human.
If someone is human then he is mortal.

then an inference rule can be applied to these premises to
conclude that Socrates is mortal:

Socrates is human.

Socrates is mortal.

This inference makes use of modus ponens, an inference
rule that is sound in the sense that in any situation where
its premises are true, its conclusions will also be true.
Inference based on sound inference rules is known as de-
ductive inference. Frequently, however, conclusions must
be drawn on the basis of their plausibility because infor-
mation in the knowledge base is incomplete. For example,
concluding that all ravens are black from the fact that all
ravens observed so far are black involves inductive infer”
ence, an important form of learning. Likewise, hypothe:
sizing that a patient has a cold after observing that he or
she has a running nose involves a form of abductive infer-
ence, which uses as premise a fact such as “If someone has
a cold then he has a running nose” and an inference rule
that drives the implication backward, unlike the deduc-
tive inference rule (modus ponens) illustrated above. An2”
logical inference is a form of reasoning where similaritie®
between situations is used as a basis for drawing conclu-
sions. For example, on the basis of the fact that Charl('es
De Gaul was president of France and was more than si¥
feet tall, and the fact that Francois Mitterand is also pres”
ident of France, it might be concluded, (erroneously) §ha‘1t
Francois Mitterand is more than six feet tall. Probabilfstfc
inference involves reasoning on the basis of probabilisti®
information, in quantitative or qualitative terms. Defau
inference involves drawing conclusions in the absencé 0
information. These and other forms of inference have beert
found useful in endowing a knowledge representation Y 8
tem with a reasoning capability and have been forma
studied.

Inference procedures are needed independently of _the
knowledge representation paradigm adopted for a partic”
lar knowledge representation scheme. However, these
procedures are quite different, depending on the underly”




ing paradigm. Inference procedures for logic-based para-
digms are founded on few inference rules (often some vari-
ation of the resolution principle) that are independent of
the knowledge base and the task being performed by the
System using the knowledge base. Procedural representa-
tions offer tools for defining both the inference rules and
the search strategy used by an inference procedure. This
mMeans that both can be tailored to a particular knowledge
base and a particular task, say diagnosis or design, if the
designer of the knowledge base so desires. For semantic
hetwork representations, on the other hand, a limited in-
ference procedure is required for the axioms that underlie
Is-a or part-of links. Beyond this, however, Ask behaves
}:ike a retrieval procedure defined for a graph data struc-
ure,

The canonical example of an (deductive) inference pro-
cedure is a theorem prover for predicate logic (Stickel,
1982). A second, very different, example is an inference
mechanism that might be called spreading activation in-
troduced by Quillian. The idea here is that certain prob-
lems, such as interpreting the phrase dog food, can be
Solved by searching for paths connecting particular nodes
In a semantic network, say

dog — (eats) — food
In general there are several paths, for example
dog — (made-of) — meat — (a-kind-of) — food

In these examples parentheses are used to indicate edge
labels, Moreover, these paths can be discovered by an al-
8orithm that starts from the nodes that define the path
endpoints and proceeds by iteratively propagating mark-
€IS to neighbouring nodes. Such marker passing mecha-
Nisms have been adopted in Fahlman’s (1979) NETL sys-
em. A third example of an inference procedure involves
the subsumption operation supported by terminological
anguages. At the heart of any inference procedure is
found some form of matching, used to select facts that will
€ used as premises in an inference step, and a control
stl‘ucture, which determines the sequence of inference
Steps that will be used to evaluate a query.

Matching. Matching involves the comparison of a pat-
tern with an object in the knowledge base. The match
su_cfteeds if the object is unstructured and the pattern
Primitively matches the object or if the object is structured
and each part of the pattern successfully matches one or
More parts of the object. For example, if objects are either
letters or lists of letters, the pattern (A B C) would match

he object (4 B 0).

Pattern matching would be uninteresting if a pattern
only matched itself, What makes it powerful are the vari-
%Us ways of specifying a range of objects that can match

€ pattern. In the above example a pattern element that
Matcheg any letter might be allowed. For example, (A ? C)
CO‘{ld be a pattern that matches any list of three letters of
Which the first is in A and the last a C. Another common
Mechanism is a notation that matches more than one ele-
Ment, The pattern (A * C), for example, might match a list
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starting with an A, ending with a C, and having any num-
ber of intermediate elements. A large variety of mecha-
nisms are possible, and the choice depends on the repre-
sentation language. There is also a trade-off between the
complexity of the pattern and the computational efficiency
of the pattern matcher.

A third important ingredient of pattern matching is
the ability to associate variables with pattern elements.
When a match succeeds, the values of these variables are
the parts of the ohject that matched the corresponding
pattern elements. For example, the pattern (A *x C) might
match any list beginning with A, ending with C, and hav-
ing any number of elements in between, and that when
the match succeeds, the value of x will be the list of ele-
ments in between. Thus after matching (A W X Y C), the
value of x would be (W X Y).

When both the pattern and the object may contain vari-
ables corresponding to pattern elements that can match
any object element, the resulting operation is a form of
unification. In effect, there is no distinction between pat-
tern and object. This was introduced as part of the resolu-
tion methods for proving theorems in logic (Robinson,
1979) (see THEOREM PROVING). In this case, both the pattern
and object can be viewed as general expressions including
variables. The result of unification is the most general
substitution of variables that makes the pattern and ob-
Jject identical. Unification has in the past been used in
matching linear expressions: recent work has extended
unification to frame-based structures (Ait-Kaci, 1983).

The above discussion focused on a kind of matching
where the parts of a structured pattern are put into corre-
spondence with the parts of an object having the same
structure. This is known as syntactic matching. Semantic
matching, on the other hand, involves finding a correspon-
dence between the pattern and object based on some de-
scription of the function or role of the parts in an object.
For example, a pattern might specify that a successful
match would be a set of two people, one of whom is the
husband in a marriage and the other the wife in the same
marriage; this might be written as x: (a husband), y: (the
wife of x).

Various knowledge representation notations make dif-
ferent uses of matching. First, in pattern-directed proce-
dure invocation, such as that found in PLANNER (qv), the
pattern associated with a procedure is matched with the
current object of interest to see whether that procedure is
relevant. Matching is similarly used in production sys-
tems to determine whether a rule is eligible for firing.
Second, unification plays a fundamental role in resolu-
tion-based inference procedures. A third use of matching
involves determining the type of an unknown input by
treating the input as object and the types under which it
could be classified as patterns. The KL-ONE (qv) classifier
is an example of this kind of matching.

Control Structures. When a procedural representation
makes use of pattern-directed invocation, it is often the
case that more than one procedure matches the pattern.
One aspect of the control structure determines how such
conflicts are resolved. A second aspect of the control struc-
ture involves the direction of inference, ie, the mechanism
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that chooses the patterns used to select procedures. In the
past, the mechanism for conflict resolution has usually
been wired into the inference engine. Examples of strate-
gies that have been used include choosing the procedure
appearing first in the knowledge base or choosing the pro-
cedure with the most complicated pattern. More recently,
there has been research into the use of an inference en-
gine using control knowledge to resolve conflicts (Davis,
1980; Genesereth, 1983; Kramer, 1986). This has the ad-
vantage that new knowledge about resolving conflicts can
be added without the need to recode the inference engine.

An inference engine may use two possible directions to
generate inferences. Forward-chaining inference arises
when procedures are invoked if their patterns match facts
about to be added to or removed from the knowledge base.
Generally, such procedures will add and remove facts of
their own thus triggering yet other forwardly chained in-
ferences. In contrast, backward-chaining inference works
by matching rule patterns to goals. Trying to match a
given pattern against the knowledge base may trigger
procedures that set other pattern-matching goals in an
attempt to achieve the original goal (see ProcessiNg,
BOTTOM-UP AND TOP-DOWN).

EXAMPLES OF KNOWLEDGE REPRESENTATION SYSTEMS

Planner. PLANNER (qv) is a procedural language ex-
tending LISP with a number of mechanisms, including
pattern-directed invocation of procedures, an associative
database and a backtracking control regime. A system
written in PLANNER consists of a database of assertions;
these are simply LISP data structures. For example, the
fact that Socrates is a man might be represented with the
assertion (MAN SOCRATES). In addition to the database
of assertions a set of procedures can be defined, called
theorems, or demons. A theorem is executed when its pat-
tern matches the argument of a database operation. There
are two basic kinds of theorems. Antecedent theorems are
invoked when their patterns match structures that are
being added to the database and correspond to a forward-
chaining control structure. Consequent theorems, on the
other hand, are invoked in response to a goal statement
and, therefore, correspond to backward chaining. A goal
statement is used to retrieve information from the data-
base; when the pattern of a goal matches the pattern of a
consequent theorem, the theorem is used to derive im-
plicit knowledge matching the goal pattern. The body of
the theorem can assert or remove facts or try to prove
other goals. For example, a consequent theorem for solv-
ing the goal (MORTAL ?x) might try to prove the goal
(MAN ?x). This theorem will fail if it cannot establish this
goal. Because more than one theorem might match a goal
pattern, if one fails, the system automatically tries an-
other. Note that when this backtracking occurs, it is nec-
essary to undo the effect of all changes to the database
resulting from the body of a theorem to the point of its
failure. There are obvious analogies between PLANNER
theorems and PROLOG Horn clauses, pattern-directed
procedure invocation and clause invocation, and even the
backtracking control structure used by both PLANNER

and PROLOG. At the same time there are important dif-
ferences between the two representation schemes. PRO-
LOG offers both a procedural and a declarative semantics
and its matching operation, unification, is cleaner and
more general than that of PLANNER. PROLOG origi-
nated from logic whereas PLANNER was an outgrowth of
LISP.

Production Systems. Production systems constitute an-
other class of procedural schemes using pattern-directed
invocation. Most commercial expert system shells aré
based on some form of production system. The basic fea-
tures of such systems include a global database containing
data structures relevant to a computation and a set of
production rules that operate on the database. A produc-
tion rule consists of a procedure called the body of the rule
and an associated pattern. Inference is a cycle where the
pattern of each rule is matched against the database, 2
choice is made from the rules whose patterns matched,
and the body of the chosen rule(s) is executed. Executing
the body of a rule will generally result in changes to the
database caused by the addition or deletion of structures:
Because rules cannot invoke other rules directly, all com-
munication between rules is done through the database.

There are many sources of variety in production sy
tems. First, the size and complexity of the global database
can vary. The early production system proposed by Newe
(1973) restricted the contents of the database to a small
number of lists. In this work the database was viewed as 2
model of human short-term memory, and all knowledge
stored in long-term memory was to be represented 85
rules. HEARSAY-II (qv) (Erman and co-workers, 1980),
on the other hand, uses a global database called a black-
board, which stores a large number of frames partitione
into layers. Second, production systems can vary in the
complexity of the pattern allowed: sometimes the pa'ﬁ'“?rrl
may contain calls to arbitrary functions that decide
whether, and how, the pattern matches. Third, the set ©
actions in the body of rules can vary. Actions can include
adding and removing elements from the database, adding
and removing rules, and interacting with the user
Fourth, production systems vary in the control structures
that are available. When a rule body must always remove
the database elements that triggered its evaluation 8™
otherwise may only add elements to the database, .the
production system can be run using backward-chaining:
This control regime has been used by many expert sys
tems.

The final source of variation among production system?
is the conflict-resolution mechanism that is used to dea
with situations in which more than one rule matches the
database. MYCIN (qv) (Shortliffe, 1976), eg, simply €¥¢’
cutes all of the matching rules. A strict Markovian sys-
tem, on the other hand, would simply choose the first r€
according to some ordering of the rules. Systems such &
OPS-5 (qv) (McDermott and Forgy, 1978) have an exter”
sive set of heuristics that use such factors as the complex”
ity of the patterns and the relative ages of competing I es
to choose in the case of conflicts. The systems describe m
Waterman and Hayes-Roth (1978) include a number ©
additional conflict-resolution schemes. Production sys”




tems share features with both PLANNER and PROLOG.
Unlike PLANNER and PROLOG, however, production
Systems offer a lean representational and control struc-
ture framework which can be tailored to particular appli-
cations.

SNePS. This is a semantic network-based system that
Trepresents a subset of logic in terms of a network struc-
ture (Shapiro, 1979). A SNePS network consists of nodes
of several kinds: nodes corresponding to constant symbols
in logic, nodes corresponding to variables, and rule nodes
that correspond to propositions. Links are either represen-
tations of binary relations or are auxiliary links that are
used to represent the properties of nonconstant nodes. The
logical foundations of the representation have been ex-
Ploited in defining a semantics and an inference mecha-
nism,

KRL. KRL (qv) is perhaps the most ambitious frame-
based system among early efforts (Bobrow and Winograd,
1977). The basic representational structure is called a
unit. A unit consists of several descriptions, each giving a
different perspective on the entity. As prescribed by
Minsky, a primary form of description is via further speci-
fication of a prototype where the prototype is a typical
member of a category. Other kinds of description include
description of the role played by an object, a logical for-
Mmula that is true of the entity, membership in a set, and
relationships to other objects. Inference in KRL is called
Mmatching and is set up as a match between a pattern and
an object. However, through information attached to slots,
the matcher can do complex inferencing, such as following
chains of implications. For example, a slot might specify a
Subtask that should be done in place of a direct match. The
Matcher makes use of an agenda (see AGENDA-BASED SYS-
TEMs) that can be controlled by the application to schedule
these subtasks.

KL-ONE. KL-ONE (qv) is by far the most influential
Semantic network proposal, having spawned a number of
terminological and hybrid systems (Brachman, 1979). KL-

E frames are called concepts and the slots are called
Yoles. Roles can have the usual attached procedures, de-
faults, constraints, etc. One interesting contribution is the
oncept of structural descriptions as a mechanism for con-
Straining the value of more than one role in a concept. For
€xample, one could specify that the enrollment date of a
Student in school precedes the graduation date with a
Structural description that is linked to the roles for enroll-
Ment date and graduation date and to the concept describ-
Ing the precedence relationship.

KL-ONE concepts are purely descriptive. Therefore, al-
thmlgh there is a subconcept link, there is no instance-of

Ink. However, to distinguish concepts describing individ-
Uals rather than classes, there is an individuation link

at connects individual concepts to their subsuming class
“oncepts. For example, the individual concept (a student
"_’hOSe name is John) would be linked by an individuation
link to the generic concept Student, which might be de-

Ned as (persons who go to school). Also, in order to be able
to assert the existence of objects, an assertional compo-
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nent consisting of nexi was introduced. A nexus would be
linked to all descriptions that are true of that object in the
world. Nexi could be placed into various contexts, allow-
ing several different models of the world to be explored.
Finally, concepts that supply necessary and sufficient con-
ditions on the entities described can be placed automati-
cally into the specialization hierarchy. This was done by
the KL-ONE classifier, the primary inference mechanism
of the system.

KRYPTON. Krypton (Brachman and co-workers, 1983),
a direct successor of KL-ONE, was one of the earliest hy-
brid knowledge representation systems. KRYPTON offers
a clear distinction between the descriptive terminological
component, called the TBox, and the assertional compo-
nent, called the ABox. KL-ONE’s nexi are replaced in
KRYPTON by sentences in first order logic which use
unary and predicates corresponding to concepts and roles
defined in the TBox. The prototype implementation used a
modified version of Stickel’s (1982) nonclausal resolution
theorem prover to implement the ABox. The KL-ONE
classifier became the TBox term subsumption operation,
which tests whether one concept subsumes another. Anal-
ysis of this operation has since resulted in a great deal of
research on tractability vs expressiveness in the context of
subsumption (see below). In addition, the KRYPTON
work motivated the development of a host of hybrid
knowledge representation schemes.

BACK. BACK is another hybrid representation based
on KL-ONE (Nebel, 1977; Nebel and von Luck, 1988;
Petalson and co-workers, 1989). As in KRYPTON, the de-
signers of BACK emphasize the tractability of the termi-
nological language. But in contrast to KRYPTON, BACK
offers an ABox reasoner that is designed to answer que-
ries in polynomial time. Assertions in the ABox are non-
disjunctive, variable-free, and negation is not allowed.
The assertional language of BACK is in fact two lan-
guages, a Tell language for asserting facts and an Ask
language for querying the knowledge base. The Tell lan-
guage allows the user to define objects using descriptions
and to assert relations between them. The Ask language,
on the other hand, is designed to correspond to the rela-
tional database query language SQL: the answers to que-
ries are sets of tuples and set operations corresponding to
the relational operators of SQL are provided. In addition,
there is a formal semantics for BACK, although TBox and
ABox operations are implemented with algorithms that
are incomplete with respect to this semantics.

OMEGA. The OMEGA system also combines a lan-
guage for forming descriptions with a logical language
(Hewitt and co-workers, 1980; Attardi and Simi, 1981).
This combination is done in a uniform framework that
combines a calculus of descriptions with operations for
forming logical statements. For example, the descriptions
charles and ((a man) (with son = harry)) and the operator
is can be related to make the assertion charles is ((a man)
(with son = harry)). An interesting innovation was that
logical variables could appear inside descriptions. Infer-
ence is based on a form of subsumption that takes into
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account the logical statements (also called rules). There is
a complete semantics for OMEGA and a complete prov-
ability relation that is known to be undecidable, so incom-
plete but sound inference procedures are used in the im-
plementation. OMEGA was also interesting in that it was
reflexive: it allowed statements containing descriptions of
OMEGA objects to be made within the language, and a
complete axiomitization of the language written in the
language itself has been presented. The reflexivity also is
used to specify the behavior of the inference engine in a
domain-specific fashion.

CycL. A different approach to hybrid knowledge-repre-

sentation is illustrated by CycL (Lenat and co-workers,

1990). CycL contains an epistemological component that
uses a logic-based representation language offering the
ability to refer to propositions as objects and a predicate
called ab for representing defaults. CycL also has a heu-
ristic level where special-purpose representations are
used to support the epistemological component and where
special-purpose reasoners are defined using these repre-
sentations. For example, special-purpose reasoners are de-
fined to handle transitive relations. Moreover, CycL pro-
vides a facility for automatically translating expressions
(in both directions) between these two levels.

RESEARCH ISSUES

Nonmonotonicity and Defaults

When a knowledge base is incomplete, it is often neces-
sary to make assumptions or jump to conclusions to arrive
at an answer. For example, there might be an instance of
the class Bird but what kind of bird it is might not be
known. Under such circumstances, it is often reasonable
to assume that because the system has not been told oth-
erwise, this bird flies. Such assumptions have tradition-
ally be represented in semantic networks through attri-
butes and properties that are inherited by default and in
frame-based representations through default values for
slots (Fahlman, 1979). Inferences based on defaults raise
some difficult problems. First, suppose that the knowledge
base has been used to make inferences about some bird. If
it is later discovered that this bird is in fact a penguin, any
inferences arising from the assumption that it flies be-
come invalid. This differs from knowledge bases using
conventional logics where new knowledge never causes
the retraction of inferences based on previously available
knowledge. Schemes that have the latter property are
called monotonic, whereas schemes that support any form
of default reasoning are nonmonotonic (see REASONING, DE-
FaULT, REASONING, NoNMONOTONIC). A second problem that
arises is that different defaults may lead to contradictory
inferences. If Nixon, for instance, has been declared to be
both a Republican and a Quaker, and there are defaults
that state that “unless otherwise told, a Quaker is a paci-
fist” but also “unless otherwise told a Republican is not a
pacifist” there is clearly a problem in having the system
. determine Nixon’s attitude toward pacifism. The closed-
world assumption and frame axioms are other examples of

default rules. These have been extensively used both
within and outside Al, often as unstated assumptions.

There have been numerous formal proposals that at-
tempt to deal rigorously with nonmonotonic reasoning. A
pioneering proposal is Reiter’s (1978) default logic, which
allows inference rules of the form “if « is true and it is
consistent to assume B then conclude y.” Using such rules,
the default nature of the flying property of birds can be
expressed with “If X is a bird and it is consistent to as-
sume that X flies, conclude that X flies.” Another pioneer-
ing approach to defaults, and perhaps the one most stud-
ied, is McCarthy’s circumscription (qv) (McCarthy, 1980),
which provides a mechanism for specifying schemata that
state “all that is true about property P is all that is known
about P.” Circumscription can be used, for example, over
the property of nonflying birds leading to a schema of the
form “the only nonflying birds are those objects that are
known to be nonflying birds.” More recently, attempts
have been made to formulate default reasoning in proba-
bilistic terms (Pearl, 1989). Here “Birds fly” is interpreted
as “If X is a bird, there is high probability that it flies.”
Such probabilistic accounts attempt to justify default in-
ferences in terms of the (probabilistic) nature of the do-
main of discourse, rather than as conversational conven-
tions.

Inconsistency

A knowledge base is inconsistent if it is possible to deri‘/"e
contradictory conclusions from it. As discussed above, !
making default inferences, the resulting knowledge base
will become inconsistent if a default is later found to be
wrong. Inconsistency may also result when new knowl-
edge simply contradicts facts already in the knowledge
base. In conventional logics, inconsistency has cata-
strophic consequences because of so-called paradoxes ©
implication, which state that “anything implies a true
proposition” [formally, A = (B => A)] and “a contradiction
implies anything” (formally A A 1A = B). One approach
to dealing with inconsistency is to support truth mainte-
nance (qv) mechanisms (Doyle and London, 1980). Suc

mechanisms maintain a network of links representing
logical relations among facts. These can be used when
inconsistencies are discovered, to identify the source ©
these inconsistencies and to determine what facts in the
knowledge base need to be revised. A second approach to
inconsistency involves using logics that explicitly exclude
the above paradoxes of implication. Relevance logics (An-
derson and Belnap, 1975) achieve this by narrowing .the
notion of proof: A entails B in relevance logics if there isa
proof of B that actually uses A during one of its steps-
Relevance logics have turned out to be interesting bot

from a computational point of view (Patel-Schneider’
1985) and as a useful vehicle for formal models of knowl-
edge and belief (Levesque, 1984).

Incompleteness

Except for toy situations, knowledge bases have incom”

plete information about their universe of discourse. Thls
incompleteness may arise due to insufficient informath
about that universe (consider a knowledge base that ha




not yet been told anything, for instance). It may also come
about because of a weak provability relation. For in-
stance, a logic-based knowledge representation system
with no inference rules will not be able to infer o \/ 8 from
a knowledge base containing both « and 8. Alternatively,
incompleteness may arise because the inference procedure
(implementation of the provability relation) is incomplete,
for computational economy, say, or even because the logic
is powerful enough so that Godel’s incompleteness theo-
rem holds.

From an expressiveness point of view, incompleteness
Poses serious problems. The facts below, for instance, con-
tain incomplete information.

1. “George or Mary graduated from the University of
Toronto.”

2. “There are 40,000 registered students at the univer-
sity.”
3. “The morning star is the same as the evening star.”

For example, sentence 1 does not specifically relate the
state of affairs, sentence 2 declares that all members of a
class have a property without specifying who the members
are, and sentence 3 declares that two nonidentical expres-
sions refer to the same individual. Moreover, there may be
a need to express facts about the completeness or incom-
Pleteness of the knowledge base itself, such as the closed-
world assumption, used by databases (see above), or

4. “There is an unknown student.”

Logic-based schemes that subsume first-order logic can
handle sentences 1-3 in a satisfactory way using logical
Connectives and quantifiers. Expressing these facts in pro-
cedural and semantic network schemes is more problem-
atic. Sentence 4, however, is a problem even in first-order
logic and has been studied at length in the literature. For
€xample, Levesque (1984) introduces a new operator K
that when placed in front of a fact is read as “it is known
that . . ” It is then possible to state that there is an
unknown student with

(3X)[student (X) N -1Kstudent (X)]

that is, there is a student who is not known to be so. On
_the other hand, there have been attempts to deal with
Incompleteness within the framework of first-order logic
(Moore, 1980) by introducing a predicate Know, which
akes as arguments an agent (the “knower”) and an en-
¢oded formula (the known fact). In both proposals possible
World semantics serve as a basis for a semantic theory.

Expressiveness vs Tractability

Expressiveness vs. tractability trade-offs are a fact of life
In computer science and have been known at least since

e development of formal language and automata theory

opcroft and Ullman, 1969). In the context of knowledge
Tepresentation, Brachman and Levesque (1985) are cred-
ed with the introduction of this issue as well as first
Tesults focusing on the terminological language FL, a
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cleaned-up subset of KL-ONE. FL includes, among others,
a term-forming operator RESTR that allows type con-
straints on attributes, as in

(AND person (ALL (RESTR friend male))

which designates the class “persons all of whose friends
are male.” Brachman and Levesque show that subsump-
tion in a language without RESTR can be determined by
an algorithm of complexity O(n?), where n is the size of
the operands, while the same operation in FL is as hard as
satisfiability for propositional calculus and, therefore, in-
tractable. This surprising result has led to a broad study
of trade-off issues for terminological languages, with more
noteworthy results. For example Schmidt-Schauss (1989)
proves that subsumption in KL-ONE is, in fact, undecid-
able, while (Patel-Schneider, 1986) establishes that sub-
sumption can be made tractable even for expressively rich
terminological languages if the semantics of the language
is weakened.

More recently, complexity results have been reported
for many knowledge representation problems. (Borgida
and Etherington, 1989) proves, for example, that fast ap-
proximate algorithms exist for query evaluations in
knowledge bases that include ground clauses, generaliza-
tion hierarchies, and disjunctive formulas, whereas exact
query evaluation algorithms are expensive due to the
presence of disjunctive information. Kautz and Selman
(1989) studied the complexity of problems such as finding
a maximal consistent set of conclusions given a proposi-
tional default theory and showed that this problem is trac-
table only in special cases. Their results suggest that it is
easier to fill-out (vivify) an incomplete knowledge base
using default rules than to use these rules as extension to
normal resolution-type theorem proving. Villain and
Kautz (1986) and Villain, Kautz, and van Beek (1989)
summarize complexity results on inference with respect to
a temporal logic based on intervals, originally proposed by
Allen (1981). The decision problem with respect to the
original temporal logic is shown to be intractable, but
several examples of weaker logics are proven to have trac-
table decision problems.

Ontologies

The nature of the domain of discourse plays an important
role in determining the features of a knowledge represen-
tation scheme. For example, if the domain involves time,
the knowledge representation scheme may offer appropri-
ate constructs, such as time points or intervals along with
temporal relations, for representing temporal facts such
as “Mary married before graduating from university.” In
addition, a specialized inference engine may be used for
reasoning with respect to temporal knowledge, using
results such as those reported by Allen (1981).

Work on ontologies involves formalizing the properties
of a particular class of objects that are supposed to popu-
late the universe of discourse, be they time points or spa-
tial segments, agents performing actions and having goals
or knowledge items. Here is a quick overview of some
ontologies studied in the literature.
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Entities and Relationships. Most representation schemes
assume that the world is populated by entities that are
endowed with a unique and immutable identity, a life-
time, and relationships to other entities. Basic as this on-
tology may seem, it is by no means universal. For in-
stance, Hayes (1985) offers an ontology for material
substances where entities (say, a liter of water and a
pound of sugar) can be merged resulting in a different
entity.

Causality and Time. As indicated earlier, time can be
modeled in terms of points or intervals, ordered linearly or
partially (Allen, 1984). Causality imposes existence con-
straints on events. If event A causes event B and A has
been observed, B can be expected as well, possibly with
some time delay. Formal models of causality have been
published (McCarthy, 1968; Rieger, 1976).

Space. Space is thought of in terms of two- or three-
dimensional points or larger units, including spheres,
cubes, pyramids, etc (eg, Davis, 1986).

Agents and Actions. The domain of discourse includes
here agents having beliefs and goals and being capable of
carrying out actions (Allen, 1981). Maida and Shapiro
(1982), among others, address the problem of representing
propositional attitudes, such as beliefs, desires, and inten-
tions for agents.

Existence. A distinction is made here between different
modes of existence, including physical existence, such as
that of the editor of this volume; abstract existence, such
as that of the number 7; nonexistence, characteristic of
Santa Claus or a canceled trip to Japan; and impossible
existence, such as that of the square root of —1 or the
proverbial square circle (Hirst, 1989). General ontologies
have been studied in philosophy (Carnap, 1967; Bunge,
1977) and may prove useful starting points for future
work on ontologies.

Knowledge Base Management

The practice of building and using large knowledge bases
imposes a number of requirements on knowledge repre-
sentation systems. In particular, experience in develop-
ing, deploying, and maintaining knowledge bases sug-
gests a number of management facilities that may be
supported to a greater or lesser extent by a knowledge
representation system. Explanation facilities, available
since the very first expert systems (Shortliffe, 1976), allow
the system to explain its line of reasoning through why
and how questions, thereby helping the user accept it or
determine where it is faulty. Knowledge acquisition has
been recognized as a bottleneck in building knowledge
bases. State-of-the-art acquisition facilities support a
number of mechanisms for acquiring knowledge, includ-
ing learning of rules from raw data (Boose, 1989) and
extraction of knowledge from linguistic expressions.
Truth maintenance facilities allow the system to main-
tain information on logical interdependencies among facts
(such as fact « was derived from facts 8 and y), which can

then be used to restore a knowledge base (that contains
nonmonotonic inferences) to consistency after updates
(Doyle, 1979). Validation facilities help the user validate
the contents of the knowledge base in a systematic fashion
(Ginsberg, 1988). Documentation facilities document the
contents of the knowledge base, using natural language
and recent technologies such as hypertext (Jansen and
Compton, 1988). Maintenance facilities include ones for
knowledge base evolution, forgetting, summarizing, and
related functions humans find useful in managing a bedy
of knowledge.

In addition, effective management of large knowledge
bases presupposes some of the functionality of data-base
management systems, including the following. Persistence
is the ability of a knowledge base to persist beyond the
execution of the processes that create and access it. Per-
sistence mechanisms for databases are supposed to be
both local (ie, can be associated with a particular datum
independently of its type) and implicit (in the sense that
the user does not need to specify explicitly that data are t0
persist). Secondary storage management is another stan-
dard management feature for databases. Database man-
agement systems offer a variety of techniques, such as
index management, data clustering, data buffering, ac
cess path selection, and query optimization to support the
efficient use of secondary storage. Concurrency and recov-
ery are taken for granted for database management sys-
tems and allow multiple users to efficiently share a data-
base. Mylopoulos and Brodie (1986) and Schmidt and
Thanos (1989) present collections of ideas about knowl-
edge base management and the research issues it raises.

CONCLUSIONS

Controversies about what knowledge representation is 0
does notwithstanding, many schemes have been propose

as general frameworks for knowledge representation an

reasoning. These have, in turn, led to hundreds of com”
mercial products and thousands of industrially deploye

knowledge bases, mostly as components of expert systems:
Despite these successes, many research issues remain u?”
resolved, including ontological and semantic ones for
knowledge representation schemes as well as implemen-
tation-oriented ones for knowledge representation S¥S”
tems. Apart from expert system applications, knowledge
representation is increasingly influential in other areas 0

computer science, such as databases (Mylopoulos and Bro-
die, 1988) and software engineering (Rich and Waters:
1986), where “capturing knowledge about the world” 18
becoming an integral part of the process of building soft-
ware systems.
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KOKON

KOKON is a system that generates contracts for selling
real estate. It was developed in 1988 in collaboration at
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Technical University Munich and Systemtechnik Berner
& Mattner GmbH under the sponsorship of the German
government. KOKON integrates techniques of legal rea-
soning and belief revision (qv). (See D. Kowalewski, J.
Schneeberger, and S. Wiefel, “KOKON-3: Ein prototypi-
sches System zur wissensbasierten Vertragskonfigu-
rierung,” in M. Paul, ed., GI-19. Jahrestagung, Springer,
1989, pp. 79-92.)
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TH Darmstadt

KRL

A frame-based language for knowledge representation
(qv), KRL was developed by Bobrow and Winograd in
1977 (see D. Bobrow and T. Winograd, “An Overview of
KRL, a Knowledge Representation Language,” Cog. Sci.
1, 3-46 (1977); T. Winograd, “Frame Representations and
the Declarative/Procedural Controversy,” in D. Bobrow
and A. Collins, eds., Representation and Understanding:
Studies in Cognitive Science, Academic Press, New York).

T. WINOGRAD
Stanford University
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