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Awidely recognized goal ofartificial intelligence (AI) is
the creation ofartifacts that can emulate humans in
their ability to reason symbolically, as exemplified in
typical AI domains such as planning, natural language
understanding, diagnosis, and tutoring. Currently most
of this work is predicated on a belief that intelligent
systems can be constructed from explicit, declarative
knowledge bases, which in turn are operated onby
general, formal reasoning mechanisms. This fundamen­
tal hypothesis ofAI means that knowledge represen­
tation and reasoning-the study offormal ways of
extracting information from symbolically represented
knowledge-is ofcentral importance to the field. In
this article, we review some of the basics of this impor­
tant research area and briefly survey the kinds of
techniques typically used for representation inAI pro­
grams. We also consider some important current
research directions.
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Introduction
Almost all current attempts atartificial intelligence systems have

distinct knowledge bases (Kbs), which areexplicit, declarative state­
ments ofthesystem's knowledge about itsdomain. For instance, the
typical expert system hasitsdomain knowledge (of, say, medicine)
encoded asasetofrules ofthumb (for example, relating disease symp­
toms totheir probable causes). Knowledge ina KB isencoded insome
formal language, and isoperated onby adomain-independent interpreter.
This general-purpose reasoning mechanism looks at theKB and thefacts
about thecurrent situation (e.g., thepatient's current symptoms) and
draws inferences, leading it, one hopes, tosome important conclusion or
solution toaposed problem (e. g., adiagnosis orcourse oftherapy).

This simple picture ofa set ofexplicit domain facts and a gen­
eral"inference engine" is by now a cliche, and is by itself unrevealing.
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However, this simplistic view is really a reflection ofa
more significant and fundamental hypothesis about intelli­
gence-one that is filled with substantial implications for
how work in the field should proceed and be judged. Brian
Smith ralls this the knowledge representation hypothesis: 1

"Any mechanically embodied intelligent process will be
comprised ofstructural ingredients that (a) we as external
observers naturally take to represent a propositional
account ofthe knowledge thatthe overall process exhibits,
and (b) independent ofsuch external semantical attribu­
tion, playaformal butcausal and essential role in
engendering the behaviour thatmanifests that knowledge."

Smith's account highlights two crucial facets of
intelligence:
- In orderfor the symbolic structures ofa system to rep­

resentknowledge, it must be possible to interpret them
propositionally-as expressions in some language that
have truth values. In otherwords, these structures
must be akin to sentences, which can be eithertrue or
false. Ina sense, we should be able to point to one of
them and say what the world would have to be like for it
to be true. This means that the symbols used informing
the sentences must subscribe to a consistent
interpretation.

- It must be the presence ofthese structures thatcauses
the system to behave in the way that it does. This is
crucial, since sentences thatwere like comments ina
program would be ofno consequence to intelligent
behavior.

While the claim that intelligent behavior can arise
outofthe computational manipulation ofpropositional sym­
bolic structures is certainly open to argument, AI has not
yetdeveloped a serious alternative to this working hypoth­
esis. At the moment, this stance is responsible for the vast
majority ofwork in the field; one could even say that
"knowledge-based systems"-virtually synonymous with
"AI systems"-are exactly those systems that satisfy the
knowledge representation hypothesis bydesign. Thus it is
crucial to understand the consequences ofthis view, and to

use it as a context for judging the adequacy ofwork in the
field.

It should be pointed outthat the view ofthe possi­
bility ofmechanized intelligence is notnew. It seems to
have originated with Leibniz' (1646-1716) dream ofa cal­
culus ofideas, wherein truthscould be determined by
manipulating an"alphabet of thought" (characteristica uniu­
ersalis) insome combinatory way, much akin to the way
numerical expressions are manipulated inNewton's calcu­
lus. Thecrucial thing about suchmanipulation is thatit
would be required to preserve truth, similar to the way
thatnumerical manipulation preserves value.

Inany case, the study ofinterpreted symbolic
structures and theirformal manipulation ina truth­
respecting way is now the cornerstone ofAI. While Leib­
niz was notaround to see it, the invention ofmathematical
logic byFrege at the endofthe 19th century provided the
crucial technical ingredient for the development ofmecha­
nized reasoning. Thework ofFrege and his successors
gives AI a solid technical foundation onwhich to build rea­
soning systems.

In AI, studies ofthe application oflogic to reason­
ing have generally beenpursued in the area known
somewhat loosely as knowledge representation (KR), or
knowledge representation and reasoning. In general terms,
this subfield is concerned with the forms inwhich knowl­
edge can be expressed, the meanings ofsuch forms, and
the complexity ofreasoning with them.

Our interest here is with the basic goals and tech­
niques ofKR, and in the following sections we consider the
logical basis ofrepresentation and reasoning and some of
the implications that it has for work inthe field. We survey
the most commonly used representational styles, and con­
clude with a brief account ofsome currently important
research issues. Along the way, we will mention some rele­
vant efforts hereat AT&T. We will nothave time to discuss
directly any applications ofKR technology, but given the
ubiquity ofthe KR point ofview; it should be easy to spot
the crucial role played byrepresentation inalmost all ofthe
otherarticles in this special issue.
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Foundations of Computational Inference
Throughout its history, KR work hasbeen primar­

ily concerned with particular technical mechanisms for
expressing different kinds ofknowledge. Agreatdeal of
effort hasgone into the study and development ofvarious
notations and formalisms, with ratherlessattention paid to
logical foundations and inferential consequences ofthe
notations. However, given that this work owes its very
existence to the knowledge representation hypothesis, it is
important to consider the more basic issues before we can
discuss notations and implementations.

Logical Consequence. Imagine thatwe were building
a knowledge-based system to assist indesigning a course
ofmedical treatment. Among the things we might want to

include inthe system's knowledge would. bea description
ofwhich patients were known to be allergic to which medi­
cations. Atfirst, a simple database would seem to do:
Ralph is allergic to sulfa, Trixie is allergic to penicillin,
Alice is allergic to tetracycline, etc. In this case, we could
determine by a simple retrieval operation whether or not
to usea certain drug inthe therapy.

However, drugs are related to one another, and
shared pharmacologic properties can predict similar reac­
tions. We might know; for example, thatall patients
allergic to penicillin are also allergic to ampicillin. We
would certainly want the system's knowledge base to con­
tain such animportant, universally true fact. No\\', if we
were to consider administering ampicillin to Trixie, what

9
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should oursystem recommend? We would expect the sys­
temto realize that the specific fact about Trixie's allergy
and the general fact about patients and the two drugs
together determine thatTrixie will also be allergic to ampi­
cillin. The system would be incompetent ifit did notwarn
against using the drug.

This fact cannot be obtained bya simple retrieval
operation. We have notincluded inourKB any explicit fact
about Trixie and ampicillin. Further, it does notrequire
knowledge ofmedicine to see that the generalization about
allergies and the simple fact ofTrixie's allergy to penicillin
together imply the third fact. It is simply the case thatif
the world is such that someone is allergic to drug A, and
all who are allergic to drug Aare allergic to drug B, then
the world must be such that the person in question is
allergic to drug B. The truth ofthat conclusion is implicit
inthe truth ofthe two premises. Inmore formal terms, we
would say that the conclusion is entailed by the premises.
(See Panel l.)

The trick is to get ourtherapy system to realize
this relationship. While the truth ofthe conclusion is
dependent only on the way the world works and a straight­
forward notion oftruth, it will take some work to get a
knowledge base to be able to see the logical consequences
(entailments) ofwhat is explicitly stated. For one thing,
intuitions about the meanings ofEnglish words, which are
available to us and allow us to make inferences without
conscious effort, are notmagically present inthe machine.
In any case, it should be clear thata knowledge-based sys­
temmust be concerned notso much with what is explicitly
statedinits KB, but instead, with what those explicit
structures taken together tellit about its domain.

Computing Entailments: Inference. Our primary need is
for a knowledge-based system to be able to realize all of
the things that the sentences inits KB determine to be
true about the world. In otherwords, when asked a ques­
tion, a, the system needs to determine whether or not
KB Fa ("F " means "entails"). This is a question about
the way the world described by the KB is, butourmachine
cannot just look to see the truthofa-it must have some

mechanical (algorithmic) way ofcomputing the answer to
the question. Since a may be only implicit inKB, simple
database-style retrieval will not suffice.

Fortunately, thanks to some deep insights about
mathematical logic by Frege, Godel, and others, there is a
way to determine mechanically the entailments ofa KB.
Notice that the argument we made about Trixie's ampicillin
allergy is ofthe same form as one ofAristotle's classical
syllogisms: Socrates is a man; all men are mortal; there­
fore, Socrates is mortal. Aristotle, inhis attempt to
characterize the valid forms ofargumentation, determined
thata conclusion ofa certain form can be seento follow
from premises ofa certain form (thus the origin ofthe
term "formal logic"). What is required is consistent behav­
ioronthe partofcertain special words or symbols, namely
"all" and "is" and "are." Theparticular conclusions and
premises are not ofconcern as much as the forms used in
a valid derivation.

The derivation ofa valid conclusion is notdepend­
ent onthe meaning ofany ofthe "nonlogical" symbols, like
"Socrates," "man," and "mortal." Rather, what is taken into
account is only the form ofthe two premises, along with a
rule ofinference thatstates that, ifit is given that\j xP(x)
:=J q(x) ("for any x, ifx has property p, thenit hasproperty
q"), and it is given thatP(a) for some particular a ("a has
property P"), thenit is acceptable to conclude thatq(a)
holds. We can say that the conclusion is'derivable from the
given premises, and write

v x P(x):=J q(x), p(a) ~ q(a)

(the symbol "~" means "derives"). The notion ofa formal
proof is thenspecified as any sequence offormulas such
thateach member ofthe sequence is given or is derivable
from previous members bya rule ofinference. The given
formulas are called axioms; the derived formulas are called
theorems.

Since proofs are justa matterofform, and not
content, it would seemthat they are just the kind ofsym­
bol manipulation thatcomputers are good at. If we could



show this forcertain, andcould tie the notion ofderivation
directly to the notion ofentailment, then we would have a
way fora computer to mechanically produce facts implicit
ina KB. Indeed, there are twocrucial relationships
between entailments andderivations that close the loop for
us: soundness andcompleteness theorems forpredicate
logic tellus that fora set ofsentences, KB,

KB 1= a ifand only ifKB f- a

Thatis, ifsomething is implicitly.true ina KB, there exists
a proof for it (and vice versa). Further, it is indeed possible
to mechanize proof procedures for standard logics, andit is
onthispossibility of"automatic theorem proving" that the
entireenterpriseofknowledge representation andreason­
ing rests. If the logical language weuse to express our
facts is appropriate, then wecanindeed writea computer
program that directly manipulates symbols like "Trixie,"
"ampicillin," "is," and"all," anddetermines thatwe should
avoid prescribing the drugforour patient.

Torecapitulate, it is centralto the goals ofartifi­
cial intelligence that knowledge-based systems be able to
determine truths about the world implied bythe contents
oftheir knowledge bases-to gobeyond the explicitly
statedfacts. A deepcorrespondence between this "seman­
tic" relation ofentailment andthe "syntactic" relation of
derivability (inference) suggests that it is possible to imple­
mentsystems that canindeed infer truths about the world
byformal manipulation ofsymbols. It is the notions oflogic
and theorem-proving that make the knowledge representa­
tion hypothesis coherent, ifnotplausible.

Before moving on, we should note that our investi­
gation ofparticular KR formalisms will appear to takeus
faroutof the realm ofstandard logics (like that offirst­
orderpredicate calculus) andtheorem-proving. KRsys­
tems come in many stylesandforms, with a veritable
Babel ofnotations, from graphs to heuristic rulesof
thumb. Mosthave been developed bylooking only at nota­
tional syntax, withutility generally assessedbyappeal to
intuitive mappings onto isolated natural language exam-

pies. Butdespite the apparent diversity andlack of
resemblance to first-order predicate calculus, it is crucial
forus to remember that knowledge representation all
comes down to logic andtheorem-proving. We should
always keep inmind that meaning is primary; despite the
appeal ofintuitive datastructures, interpretation and
entailment should always be in the driver's seat. In order
to be taken seriously, a KR language mustcome with an
interpretation specified. Thisgives an independent mea­
sure ofcorrectness ofthe code andtells the user what
inferences to expect the system to be capable ofdrawing.
Otherwise, the supposed KR systemis simply a means for
manipulating meaningless datastructures, andwill notcon­
nect to the primary goal ofcomputing entailments.

A Fundamental Tradeoff
The notion ofderivability, so fundamental to the

mechanical proof of theorems, depends only on the exis­
tence ofcertainsequences offormulas, related byrules of
inference. It does notdepend onwhether a particular deri­
vation can be found ina reasonable amount of time.

Unfortunately, ifwetake standard first-order logic
(FOL), which uses quantifiers like "all" and operators like
"and" and "not," as well as predicate andfunction symbols,
deciding whether a sentenceis a theorem is in general
unsolvable.s That means that our therapy assistant, ifgiven
knowledge of the rightform (i. e., that uses the full expres­
siveness ofFOL), may never return with ananswer to a
question. This is clearly unacceptable in mostcontexts.
Even ifweeliminate the quantifiers from the KB, compu­
tation oftheoremhood canbe intolerably expensive (the
problem is "NP-hard" forpropositional logic, andtherefore
believed to have at best an exponential solution).» These
are worst-case analyses, but since wecannot in advance
predict how good a casewehave, or what an average case
might look like, wemustalways be prepared to fall off the
computational deepend.

Thisbodes rather poorly for the whole notion of
mechanized inference; at the very least it demands the
direct attention ofthose in the business ofbuilding AI sys-
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tems. The trickiness here is that the complexity barrier is
nota matterthat can be taken careofbyclever algorithm
design or optimization-it is inherent in the problem of
reasoning itself. Nor is it the fault ofthe specific language
ofstandard first-order logic-any language as precise as
FOL that allows the same kind ofdistinctions to be made
is inherently just as intractable (any language sufficient to
axiomatize arithmetic will have thisproblem, for example).
Theproblem is that FOL allows us to leave many things
unspecified-adesirable property inbuilding knowledge
bases-but thisincompleteness multiplies the number of
cases to be considered, sometimes infinitely.

This leaves us with animperative for research in
knowledge representation: since the problem is insur­
mountable in the general case, are thereways to avoid it or
live with it inspecial cases? Thereare several alternatives:
we can try to push back the computational barriers by
developing special-purpose hardware or algorithms, and
hope that we can sufficiently cover the commonly occur­
ring cases; we can relax correctness, and be prepared to
accept incorrect answers from ourreasoning system; or
we can use logics simpler than FOL, eitherspecially
designed for use in limited cases, or with weaker notions
ofentailment.

Indeed, experience shows us that we have some
hope. Systems have beenconstructed thatare farweaker
than full FOL, buthave proven useful inlimited practical
applications. But the fact is that inthe KR business we
must be prepared to bite the intractability bullet-the diffi­
culty ofcalculating entailments in sufficiently expressive
languages is anever-present obstacle. As Hector Levesque
puts it, " . . . we can understand much ofKR research as
attempts to reconcile simultaneously the demands oflogi­
cal coherence and computational tractability?' (for a more
thorough treatment ofthe tradeoff between complexity and
expressiveness as applied to KR, see Reference 5).

Some Common Knowledge Representation Schemes
The common techniques of knowledge represen­

tation that we will now discuss can be understood as

attempts to deal with only limited kinds of knowledge in
exchange for reasonable complexity behavior. It should
be pointed out, however, that this is rarely the view
taken by those responsible for the invention and develop­
ment of these commonly used representational
formalisms (except for predicate logic). Most attention
has been paid to matching constructs in the representa­
tion directly with phenomena in the domain, and to
considerations of implementation. This has indeed led to
a number of undeniably useful tools for building knowl­
edge bases and inferring things from them. However,
since so little attention has been paid directly to the
semantics of the languages, there have been occasions
where systems have not met users' expectations about
their behavior, not to mention cases where systems have
been found to have inconsistent or meaningless behavior
(the interested reader should consult References 6 and 7
for discussions of particular cases).

In the KR work being pursued at AT&T Bell
Laboratories, we have paid close attention to the formal
semantics ofourrepresentation logics, as well as to the
computational complexity ofourinference problems (see
below). Also, recentwork inthe field hasbegun to be
infused with a senseofrespect for both semantic and com­
plexity issues.

UsingPredicate LogicDirectly. In a sense, artificial
intelligence as a whole got its start when John McCarthy
suggested in1956 that interesting commonsense problems
could be solved by manipulation ofexpressions inpredicate
calculus." Since that time, one ofthe important strains of
KR research has usedclassical forms offirst-order logic
directly inprograms to represent knowledge. This type of
representation has been especially useful informal
approaches to planning, where predicates are used to rep­
resentsituations and goals, such as aul,airport) or
on(blockA,blockB), and deduction rules are used to corre­
spond to actions.

The goal ofa planning system is to find a
sequence ofexecutable actions thatwill transform the ini­
tial state to a state that satisfies the goal. This can be



thought ofdirectly as a theorem-proving task, with the
goal state being the theorem we wish to prove and the ini­
tial state anaxiom (orset ofaxioms); the rules of
inference correspond to actions that transform one state
into another. (This is anoversimplification. See the article
by Kautz and Pednault? inthisissue for a discussion ofthe
complexities involved inrealplanning.)

Natural language processing programs (seethe
paper by Hirschberg et al.'? inthisissue) have also made
extensive use offormal logic representations, primarily
because the nuances ofinteractions in languages like
English demand greatexpressive power ofwhatever lan­
guage is usedto represent word, sentence, and discourse
meanings. Inmany cases, there seems to be a somewhat
direct map from English (especially expressions with quan­
tifiers) onto predicate calculus expressions. For example,
we might represent a sentence like "no woman likes a man
who does notlike all vegetarians" as

--, :3 x:3y:3z Woman (x) A Man (y) A Vegetarian (z) A
--, Likes (y,z) Likes (x,y)

Or, we may take

--, V x Glitters (x) =:J Gold (x)

to mean "noteverything thatglitters is gold." While it is
easy to get started this way, there are many subtleties
here, involving the correct interpretation ofnatural lan­
guage quantifiers, "opaque" belief contexts, pronoun
resolution, etc., and it is notclear thatstandard logics are
sufficient or appropriate for the full range ofneeds ofnatu­
rallanguage programs.

The greatappeal ofusing formal predicate logic
directly, ofcourse, is the existence ofthe standard theo­
rem-proving procedures thatrespect meaning, as
mentioned above. Theprimary key to the implementation
ofmechanical deduction systems hasbeen Robinson's reso­
lution rule ofinference, 11 which yields a simple
straightforward algorithm for proving theorems. Since

1965, therehasarisen a substantial automatic theorem­
proving (ATP) community, with a raftofimplemented
theorem-provers, as well as numerous refinements to res­
olution thatattempt to speed upthe deduction process. A
number ofspecial-purpose theorem-provers, built more for
AI applications than for general-purpose ATp, have also
been implemented.

Theadvantage ofusing formal logic as animple­
mentation medium for knowledge representation
systems-its generality and the existence ofgeneral
deduction procedures-is also its Achilles' heel. As noted
above, computational complexity can be deadly (theorem­
proving for full first-order logic is ingeneral undecidable).
While many ofthe refinements have helped to streamline
resolution systems, they can never completely overturn
the inherent intractability. As a result, the ultimate role of
general-purpose ATP inAI is still quite cloudy. ATP pro­
grams have beenofhelp to researchers attempting to solve
open problems inmathematics (which may take months,
and require significant user intervention inproofs). But
the mode ofoperation inAI programs attempting to deal
with everyday commonsense problems is so different that
ultimately, general theorem-provers may be oflittle use in
everyday domains.

Inany case, formal logic is certainly animportant
tool for modeling and understanding the consequences of
what is ina knowledge base, 12 and despite its potential
problems, its direct use inAI programs hasbeen impor­
tant. For a comprehensive treatment oflogic inAI, the
reader is referred to a new textbook byGenesereth and
Nilsson. 13

Production Systems. Since the advent and wide­
spread exposure ofexpert systems, production rules have
become one ofthe most popular means ofrepresenting
knowledge inAI systems. Incertain tasks-especially
diagnosis and configuration-it appears thatwhat an
expert knows about a domain can veryconveniently be
encoded as a set of"if-then" associations. For example, a
rule like thismight be useful in the context ofanexpert
system for processor design (see the article by Kowalski"
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in this issue):

IF: the most current active context is bus allocation
and there is a link from a module to a bus
and there is a link from the bus to a multiplexer
and there is a link from the module to the multiplexer

THEN: check to see ifthe bus is idle during the control
step needed to multiplex the values

Similarly, ina medical context, we might see a rule whose
antecedent (the "if' part) recognizes certain symptoms and
whose consequent (the"then" part) increases confidence
ina disease hypothesis.

Aproduction system generally has threeparts:
- Arule base, which holds the complete set ofrules that

constitute the generic knowledge ofthe system; some­
times theserule sets have substructure.

- Aworking memory, which contains elements thatrepre­
sent the current particular situation; theseelements
usually represent the situation ina fairly simple fashion,
using attribute/value pairs.

- Arule interpreter, which applies the rules insome cycli­
cal fashion, changing working memory according to the
consequents ofrules found applicable to the current
state.

The interpretation cycle proceeds by (in essence)
matching the antecedents ofall rules against all elements
inworking memory, thereby determining a subset ofrules
thatare currently applicable (theconflict set). Some or all
ofthe rules in the conflict set are activated or "fired,"
depending onthe method ofconflict resolution. These acti­
vations change working memory according to the
consequents ofthe fired rules, and thenthe cycle repeats.

Somewhat incontrast to predicate logic, produc­
tion systems typically force users into thinking about
issues relating to the control ofthe inference process. In
order to write a successful production system, one must
choose carefully the strategy for conflict resolution (use
the most specific rule? use the rule thatmatches the most
recently changed working memory element? use the least

recently used rule?). It is also a good idea to segregate a
taskinto subtasks, to keep rules from getting ineach oth­
er's way. This is the role played by "the most current
active context" inthe above example.

Production systems are clearly useful for some
tasks, although it is awkward to try to represent generali­
zation hierarchies (see the next section) and otherkinds of
facts ina strict"if-then" format. Typically they arevery
weak inexpressive power, at leastwhen compared to first­
order logic, so they on the one hand will be unable to rep­
resentcertain kinds offacts, but onthe other, will run
predictably quickly. Technically, they seemto be equivalent
to the Horn subset ofpropositional logic; thus, deciding
entailment can be shown to be calculable in linear time.

There are some who believe that production sys­
tems are a viable model ofvirtually all human intelligence,
and have developed elaborate frameworks that allow
"meta"-rules to help guide the search for ananswer to a
complicated problem. However, for the most part, the
notion ofa rule-based representation ofknowledge has led
to the development ofsome veryuseful tools for building
systems ofa fairly constrained nature. For details onone
ofthem-C5, a version ofOPS5-see the article by
Vesonder inthis issue. 15

Semantic Networks. Another popular representation
technique emphasizes the connectivity of one's knowledge,
inanalogy to the construction ofa dictionary. Each word is
defined intermsofothers, creating a linked structure that
interrelates virtually everything known. This suggests a
gigantic network, with word meanings tangled together in
anassociative fashion. This is the inspiration for the
semantic network, a linked data structure thatdirectly
reflects the massive connectivity ofknowledge.

Semantic nets have evolved into a large family of
related, but often quite different, systems. Despite differ­
ences indetail, they generally share a number offeatures:
nodes inthe graphs represent individual entities inthe
domain, or classes ofentities; links between nodes repre­
sent binary relationships between the things denoted by
the nodes. There is usually a special link thatdesignates



Figure 1. A semantic
network.
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the sub/superclass relation (often called is-a); this link
induces a generalization hierarchy overclasses. Because of
the meaning ofgeneralization, more specific nodes can be
considered to "inherit" the properties specifed for their
ancestors in the hierarchy.

For example, consider the simple semantic net
in Figure 1. This is a partial taxonomy of kinds of gath­
erings. The is-a links connect classes to other classes
of which they are specializations. For example, a
business-meeting is a kind of meeting. Since
that is the case, business-meetings should have
all of the properties that meetings in general have,
e.g., topics-discussed, participants,
location, etc. (note that some of these come in turn
from gathering). These properties are considered to
be inherited from nodes higher up in the network.
Classes can also further specialize those properties (the
means of a telephone conversa tion is more
tightly restricted than the means of a tele-meet­
ing), or simply add features that members of the more
general class do not universally have (e.g., not all
meetings have a business-purpose, but all
business-meetings do).

Semantic network systems differ from one
another ona host ofissues. For example, some allow the
"cancellation" ofinherited properties. In this way, excep­
tions to general rules can be crudely represented. Some
networks have a single topnode; some a single bottom
node; some are complete lattices. Some nets allow all link
names (relations) to be specified by the user; otherspre­
define a subset (orall) of the binary relations that are the
building blocks of the system. And some even have
extended notations that allow the representation ofall
first-order logic expressions ina graphical form.

The typical semantic net system comes with a set
ofstructure-manipulation procedures foradding and delet­
ing nodes and links, and for traversing the graph invarious
ways. This allows users to build theirown search proce­
dures. Semantic nets always come with some core ofbuilt­
ininheritance mechanisms, although these vary quite a bit
indetail and incompleteness.

Indeed, because semantic nets so often allow the
user to directly manipulate the data structures, and also
allow exceptions (thereby undermining the meaning of
what appear to be true universal statements, like "all
mammals bear theiryoung live"), the completeness and
correctness of theirinference mechanisms is extremely
hard to predict. To the extent that onecan determine what
logic is implemented inthese Tinkertoy-like mechanisms,
it does seemto be considerably lessgeneral thanfirst­
orderlogic. For example, there is usually noform ofnega­
tion or disjunction in these notations, and the places where
quantification can occur are verylimited.51'here have not
beenany careful analyses of the complexity ofinference in
semantic nets ingeneral, although work on"frames" (see
below) is related closely enough that results there may
carryover.

Semantic net notations are popular inlanguage
understanding programs, especially forrepresenting lexical
(dictionary) information. Since theyhave norule-like com­
ponent, semantic networks have found little use inexpert
systems. However, theyare especially nice incontexts
where recognition ofobjects is at issue (as, for example, in
some vision systems), since theyallow convenient repre­
sentation ofcomplex objects, and the generalization
hierarchy lends itself to successive refinement of
hypotheses about the identification ofobiects. Also, the
style oforganization ofcode inobject-oriented program­
ming systems can be seen to be directly related to
semantic network notations. Finally, semantic nets have
had a strong influence onwork onsemantic data models in
database management, with the notions of is-a and part-of
figuring veryprominently in most such models. (Panel 2
addresses the differences between knowledge bases and
more traditional databases.)

Frames. While semantic networks seemto empha­
sizeverysmall and primitive units (thenodes themselves
are unstructured) and theirrelations to oneanother, frame
systems emphasize much larger and more complicated
units ofknowledge. For example, wemight postulate a
"restaurant frame," with enough information to allow us to
recognize and act appropriately inalmost any restaurant
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we encountered. This frame would encode an ofour
expectations about common restaurant features (e.g., that
they servefood, take cash, have waiters, have tables, etc.)
as wen as details ofparticularly memorable experiences we
have had with unorthodox restaurants (Legal Seafoods in
Boston is usually cited as anexample, for its "pay when
you order" policy). Theframe would include pointers to
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subframes, which would handle particular kinds ofrestau­
rants, such as fast food, cafeteria, elegant, etc. It would
also include default assignments for many particular fea­
tures ofrestaurants-the features would be captured in
"slots" ofthe frame, and a default would specify a particu­
larvalue to use for a slot inthe absence ofany evidence to
the contrary, such as the assumption thatthe right place to
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look for descriptions offood isa menu, which you will be
given by a hostor hostess.

The original conception offrames" focused on
theiruse in recognition, especially invisual contexts. Simi­
larly, frames were considered the right style of
representation for prediction-based tasks, such as reading
a paragraph or story. By setting uppredictions based on
the general context ofthe storyand the known events, we
might get a system to interpret subsequent events and
integrate them. This was found particularly useful in
accounting for how readers can infer implicit connections
among sentences like "John went to a restaurant. Heasked
the waitress for a hamburger. Eventually, he paid the tip
and left." By setting upexpectations from the restaurant
frame, we can interpret "the waitress," where no such
person had beenpreviously mentioned. We can understand
the relations ofthe tip to the waitress and John, and can
assume thatJohn received and ate his hamburger and was
reasonably pleased with it. While these conclusions are

only assumptions, they are ofthe same sort thatwe seem
to make ineveryday commonsense situations.

These are all nice desiderata for a representation
and inference system, butthey are far from a technical
specification. Subsequent to Minsky's original paper, a
number offrame system implementations sprang up, with
most concentrating onthe structure ofslots and arranging
frames inan is-a hierarchy. While thesestructured frames
often allowed default values, they gradually diverged from
Minsky's original intent. Some framelike approaches did
attempt to remain true to the recognition/prediction goals
ofthe original conception, and a greatdeal ofwork was
done onprototypical sequences ofevents ineveryday life
(like what happens ina restaurant), called scripts. Anum­
ber ofsystems, mainly usedinprocessing natural language
stories, were built ontop ofthe scripts mechanism, with
some limited success indealing with common scenarios by
invoking complex knowledge ofpreviously encountered
events.



Scripts aresometimes hard topin down, and their
logical and complexity characteristics areunknown, inpart
because typically theonly definition ofascript system isits
Lisp implementation. On theotherhand, while lessambi­
tious, themore structural type offrame hasledtosome well­
defined and broadly usedrepresentation systems.

This latter type offrame is defined bya set of
superframes and slotrestrictions. Superframes specify
other descriptions thatare more general, and the restric­
tions specify constraints onthe "fillers" ofthe slots when
the frames are instantiated (i.e., when-an individual is to
bedescribed byone). For example, Panel 3 illustrates what
a frame for a department meeting might look like. Such a
representation includes
- Absolute restrictions onitems thatcan fill slots (for

example, the actual-duration ofa meeting must
be a time interval, and the meeting's date must be on
a weekday)

- Preferences and defaults for such fillers (e.g., after­
lunch meetings are preferred; ifno location is spec­
ified, assume 3 D- L;7 3)

- Embedded frames (e.g., DATE, TOPIC)
- "Attached procedures" for computation ofvalues (e.g.,

expected-end-time) and consistency mainte­
nance (adding a location should cause a change to
the s c he d u1e slotofthe frame representing the
room).

In many languages (and as inFigure 2) frames mix
structures intended to be descriptions (like "a MEETING
with at least three DEPARTMENT-MEMBERS") and
assertions (like "a 11257-DEPARTM'ENT-MEETING
has an expected-duration ofONE-HOUR"). In the
former case, a description specifies necessary and suffi­
cient conditions, which will aid in recognizing or classifying
individuals; in the lattercase, anassertion gives only nec­
essary conditions, which allow the inference ofproperties
ofindividuals once appropriately classified. In either case,
inheritance ofproperties from superframes to subframes
works much like it does insemantic networks.

Let us for the moment take a view offrames
strictly as structured descriptions. In this view a frame is a

complex type with internal structure. Pairs offrames can
thenbe considered to have a subsumption relationship­
some frames are more general than others, onthe basis of
theirstructure. For example, "a PERSON all ofwhose
children are DOCTORS" subsumes "a MAN all ofwhose
relatives are SURGEONS" (assuming thatit can be
proven that DOCTOR is more general than SURGEON,
PERSON more general than MAN, and relative more
general than child), because it is notpossible under any
interpretation for there to be someone described by the
latterdescription and notthe former. This subsumption
relationship can be computed justonthe basis ofthe struc­
tureofthe terms, without recourse to any knowledge of
particular individuals. This is akin to finding logical tautolo­
gies (like pV-, P), which are necessarily true independent
ofany particular facts about the world.

Thefact that subsumption can be computed auto­
matically means that, as new descriptions are entered into
a frame system, it can be determined where they should fit
with respect to previously specified frames. This classifica­
tion inference, as it is called, has been found to be
extremely useful ina number ofsituations, including keep­
ing a knowledge base consistent when adding new
information, providing a more powerful query language for
retrieving items that satisfy a description, and allowing
more flexibility ininvoking rules. (by allowing more complex
matches to be made onthe antecedents). Classification is
only available insystems with a strict interpretation ofthe
meaning offrames (i. e., as necessary and sufficient
conditions).

Structural frame systems have recently been the
subject ofmathematical analysis. Elsewhere," we have
described a reasonably complex frame language informal
terms, with a formal semantics specified. We have also
analyzed the complexity ofsubsumption determination ina
set ofsimple languages, with some surprising results: in
even a verysimple frame language, computing subsump­
tion is co-NP-hard (see Panel 4).

Hybrid Reasoning Systems
Each oftherepresentational methodologies dis-
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Panel 4: Complexity In a Simple FrameLangua
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cussed iII theprevious section has itsniche, However, in
many cases, acomplex problem will call for multiple types of
reasoning competence. While itisoften possible toforce one
representation tohandle iII anawkward way what another
handles smoothly, it isusually more desirable toattempt to
integrate more than one system into ahybrid system. As the

field has gotten abetterfeel for what production rules,
frames, etc., aregood-and notsogood-for, ithas seena
strong trend toward hybrid reasoning systems.

Hybrids can beconstructed from any ofthe stan­
dard representation methodologies, as well as more adhoc
schemes geared toward particular narrow applications. In



dividing the representational labor, it becomes much easier
toconstruct a knowledge base, and to try different reason­
ing strategies onvarious problems. It also makes it
possible to compensate for inadequacies ofone approach by
appealing to the strength ofanother. For example, CEN­
TAUR is a hybrid system that integrates production rules
and frames ina medical diagnosis context. 18 It usesthe
frame generalization hierarchy to organize rules into
groups relevant to particular diseases. This overcomes the
difficulty indealing with one large undifferentiated rule
base (and having to deal with it by-creating artificial "con­
text" variables). Thereare at least two projects at AT&T
working onhybrids ofrules 'and frames-MCL and
PRESTO. MCL is being usedin the Programmer Produc­
tivity System (PPS) at Indian Hill Park; the PPS knowledge
base now contains approximately 600 MCL rules.

Acloser look at the goals ofknowledge represen­
tation reveals a more fundamental reason for integrating
two kinds ofrepresentation systems. Thereare at least
two different kinds ofknowledge that go into sophisticated
reasoning: one that we might call "terminological," having
todo with the meanings ofthe complex termswe use to
talk about domains, and the other"assertional," having to
do with actual statements offacts using those terms. For
example, the relationships between "employee" and
"employer" and "job" have to dowith knowledge ofterms,
independent ofthe existence and identification ofany par­
ticular objects. On the otherhand, "this transistor hasa
threshold voltage of0.4 V" is a matteroffact whose truth
can be determined only byverification in the physical
world. Terminological knowledge tends to be timeless, and
complete; it is often concerned with types ofobjects.
Assertional knowledge tends to be relational, and it is
often incomplete (e.g., "thereis a dog barking outthere"
does notspecify which individual is involved; "the cause of
the metabolic acidosis is notshock" does notspecify what
the cause is).

Of the representation styles of which we have
spoken, two fit this split rather nicely. Frames are used
for object-centered, structured descriptions. They are

rather poor for making general statements, especially
incomplete ones. Logic, on the other hand, was created
to allow expression of general facts, especially incom­
plete ones. But in standard logic, all predicates are
primitive, and thus unrelated to one another. With this in
mind we developed an integrated hybrid system, called
KRYPTON,17 in which a frame component provided com­
plex, interrelated predicates for use in a first-order logic
assertional component. KRYPTON was developed at
Schlumberger and subsequently improved at Bell Labora­
tories. 19 Deductions in the assertional part take
advantage of relations established between termsin the
terminological part. Further, because of special-purpose
code for efficient classification in the frame component,
some deductions proceed much more rapidly than if the
rough equivalents of the frame definitions were encoded
directly in first-order logic. 20

KRYPTON is ratherlarge and cumbersome. Ina
related project," we created a hybrid system inthe spirit
ofKRYPTON, butwith more reasonable computational
properties. We used roughly the same frame language, but
instead ofusing first-order logic, we created a verysimple
assertional mechanism ofthe sort more typical inother
frame systems. Theresultant system, called KANDOR, is
small and simple and has been found extremely useful ina
knowledge-based information retrieval system.> In the AI
Principles Research Department, we are currently
engaged ina redesign and reimplementation ofKANDOR,
to extend its expressive power somewhat and to make it
available internally to interested parties inAT&T. Subse­
quently we intend to integrate ournew system­
CLASSIC-with a Horn clause assertional component; we
have implemented a frame unification procedure thatwill
facilitate this merger.

Research Topics in Knowledge Representation and
Reasoning

Despite the potential leverage to be gained by
integrating different types ofreasoning components, there
are still some fundamental and serious obstacles to achiev- -
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ing the ideal KR component for knowledge-based systems.
In light of this, there are several other currentresearch
directions worth noting, although we will nothave timeto
dwell ondetails.

First, in the kind ofproblem-solving tasks for
which weenvision AI systems, it would be virtually impos­
sible to have complete information. When planning a trip,
for example, we simply cannot know whether a plane will
leave on time, whether ourcar will start, or exactly what
the transit time will be between home andairport.
Humans cope withthis constantincompleteness bymaking
assumptions, based on their priorexperience and on
"common sense."The making ofassumptions, however, is
nota deductive activity, andonce an assumption is adopted
it can(usually) easily be revoked. This presentsa chal­
lenge for reasoning systems based in any way on standard
logics, since theyare monotonic: once a conclusion has
beenreached it will still standeven with the addition of
new information. Butmuch ofhuman reasoning is nonmon­
otonic, in that new information caninvalidate old
assumptions. Assoon as I discover that my batteryis
dead, I drop the assumption that my car will start-and
any conclusions I basedon it.

Systems forsemantically coherent butnonmono­
tonic reasoning are oneof the hottest research topics in the
field. Investigation is proceeding on new, nonstandard log­
ics, especially to deal withdefaults andexceptions (both of
which lead to nonmonotonicity). More practical work is
proceeding on "truth-maintenance" systems that allow
assumptions anddependent conclusions to be retractedin
a reasonable manner. Etherington> andReiter> have writ­
ten excellent introductions to this research andthe
problems it is trying to solve.

Second, it appears that inmany caseshuman rea­
soning looks very littlelike theorem-proving, andmuch
more like manipulating direct"models" ofits domain. 25

Humans seem to dobetter onproblems specifying con­
crete situations thantheydoonabstractproblems with the
same logical structure. All of this leads us to believe that
there is an important role to be played bywhat has been

called "model-based" reasoning-using directdatabase­
like, or "vivid'?" representations ofitemsin the domain.
For one thing, manipulating suchmodels would be tremen­
dously more efficient thanhandling the general casesthat
logical theorem-provers do. The trickis to find a reason­
able way ofconstructing a vivid model (presumably, default
assumptions will almost always be needed), with as little
loss ofgenerality as possible (although the tradeoff tells us
that some mustbe sacrificed). We have beeninvestigating
thisarea, with initially slightly discouraging results-even
a verysimple technique for fleshing outa vivid model with
default values is computationally problematic." However,
the idea still seems to hold much promise.

Finally, it should be pointed out that while vir­
tually all work in the field assumes that a declarative,
propositional knowledge base canbe the basis ofintelligent
behavior, there are thosewho have expressed reservations
about thispoint ofview. While much ofthe response has

. beenphilosophical, there is a small amount of technical
work onnonrepresentational problem-solving and planning
systems, and a growing amount ofwork on"connectionist"
architectures that claim to do reasoning without the use of
symbols. The juryis still out on thiswork.

Conclusion
Knowledge representation isbasically a "back­

stage"operation. If the representation andreasoning
system that supports a knowledge-based system is appro­
priate, the end user should not even know that it is there.
The system will draw the same obvious conclusions thata
human would without hesitation. Onthe other hand, given
the prevalence ofthe knowledge representation hypothe­
sis, it is probably fair to saythat KRis a fundamental
technology essential for virtually all work in artificial intel­
ligence. Just about all AIresearchers anddevelopers do
knowledge representation, whether or not theyare aware
ofit or consider it part of theirjobs.

We have characterized the KR enterpriseas the
determination ofwhat semantically coherent information
can be extracted from whatforms ofrepresentation ina



computationally dependable way. The need to have repre­
sentations be meaningful and interpreted consistently puts
the field squarely in the areaoflogic, albeit the need for
computational tractability steers it ina different direction
than traditional studies inmathematical logic. Given the
problems approached byAI research, we continually face
the tradeoff between expressive power and tractability.

As should be evident, knowledge representation
takes its inspiration from a wide variety ofsources, includ­
ing philosophy, psychology, and mathematics of
computation. Unfortunately there is notyeta textbook that
would allow one to explore the entire field indepth. The
reader interested ininvestigating this areafurther would
have to look into a number ofpapers onindividual issues
and systems. Perhaps the best resource one can find now
isa collection ofreadings covering the most important
research contributions to the field. 28 This collection has a
general introduction and each paper is introduced with
notes thatattempt to show its place with respect to the
others.

Finally, we have mentioned some ofthe types of
tools currently popular inAI. These systems are quite use­
ful, and a number ofthem are being developed and used at
AT&T. But there is still a vastamount ofresearch to be
done. Thehuman commonsense reasoning thatwe attempt
toemulate is robust and flexible; it is only roughly logical
and right enough ofthe time to get by. Implemented KR
systems tendto be rigid and deal only with strictly logical
truths. Those thatattempt to deal with "fuzziness" fall a
long way shortofthe power ofhuman reasoning, and we
have barely scratched the surface ofnonmonotonic reason­
ing. We are justbeginning to get below the surface of
competent reasoning ina few ofits forms.
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