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ABSTRACT

This paper examines the role that formal logic ought to play in
representing and reasoning with commonsense knowledge. We take issue
with the commonly held view (as expressed by Newell [1980]) that the use
of representations based on formal 1logic is inappropriate in wmost
applications of artificial intelligence. We argue to the contrary that
there 1s an important set of issues, lnvolving incomplete knowledge of a
problem situation, that so far have been addressed only by systems based
on formal logic and deductive inference, and that, in some sense,
probably can be dealt with only by systems based on logic and deduction.
We further argue that the experiments of the late 1960s on problem—
solving by theorem—proving did not show that the use of loglc and
deduction 1in AT systems was necessarily inefficient, but rather that
what was needed was better control of the deduction process, combined

with more attention to the computational properties of axioms.
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I INTRODUCTION

In his AAAT presidential address, Allen Newell [1980)] presented his
view of the role that logic ought to play in representing and reasoning
with commonsense knowledge. Probably the most concise summary of that
view 1s his proposition that "the role of logic [1s] as a tool for the
analysis of knowledge, not for'reasoning by intelligent agents" {p. 16].
What 1 understand Newell to be saying is that, while logic provides an
appropriate framework for analyzing the meaning of expressions 1in
representation formalisms and Judging the wvalidity of inferences,
logical languages are themselves not particularly good formalisms for
representing knowledge, nor is the application of rules of inference to

logical formulas a particularly good method for commonsense reasoning.

As to the first part of this position, I could not agree more.
Whatever else a formalism may be, at least some of its expressions must

have referential semantics 1f the formalism 1s really to be a

representation of knowledge. That 1s, there must be some sort of
correspondence between an expression and the world, such that it makes
sense to ask whether the world i1is the way the expression claims it to
be. To have knowledge at all 1s to have knowledge* that the world is
one way and not otherwise. If one”s "knowledge” does not rule out any
possibilities for how the world might be, then one really does not know
anything at all. Moreover, whatever AI researchers may say, examination
of thelr actual practice reveals that they do rely (at least informally)
on being able to provide referential semantics for their formalisms.
Whether we are dealing with conceptual dependencles, frames, semantic
networks, or what have you, as soon as we say that a particular plece of
structure represents the assertion (or belief, or knowledge)} that John
hit Mary, we have hold of something that is true if John did hit Mary
and false if he didn”t.

* or at least a belief; most people in AI don"t seem overly concerned
about truth in the actual world.



Now, mathematical 1logic (especially model theory) is simply the
branch of mathematics that deals with this sort of relationship between
expressions and the world. If one is going to provide an analysis of
the referential semantics of a representation formalism, then, a
fortiori, one 1is going to be engaged in logic. As Newell puts it
fp. 17], "Just as talking of programmerless programming violates truth

in packaging, so does talking of a non-logical analysis of knowledge.”
It may be objected that Newell and I are both overgeneralizing in
defining 1logic so broadly as to dinclude all possible methods for
addressing this issue, but the fact remains that the only existing tools
for this kind of semantic analysis have come from logic. I know this
view 1is very controversial in AT, but I will not argue the point any
further for two reasons. First, it has already been argued quite
eloquently by Pat Hayes [1977], and second, I want to go on to those

areas where I disagree with Newell.

The main point on which I take issue with Newell is his conclusion
that logical languages and deductive Inference are not very useful tools
for implementing (as opposed to analyzing) systems capable of
commonsense reasoning. Newell does not present any real argument in
support of this position, but instead says [p. 17] "The lessons of the
sixtles taught us something about the limitations of using logics for
this role.” 1In my view, Newell has seriocusly misread the lessons of the

sixties with regard to this issue.

It appears to me that a number of important features of commonsense
reasoning can be implemented only within a logical framework. Consider
the following problem, adapted from Moore [1975, p. 28]. Three blocks,

A, B, and C, are arranged as shown:

A is green, C is blue, and the color of B 1is unstated. In this
arrangement of blocks, is there a green block next to a block that is

not green? It should be clear with no more than a moment”s reflection



that the answer is "yes.” If B is green, it is a green block next to
the nongreen block ; if B is not green then A-is a green block next to

the nongreen block B.

How is a person able to solve this problem? What sort of reasoning
mechanisms are required? At least three distinetly "logical” factors
seem to be involved: {1) the ability to see that an existentially
quantified proposition 1s true, without knowing exactly which object
makes it true, {2) the ability to recognize that, for a particular
proposition, either it or its negation must be true, and (3) the ability
to reason by cases. So far as I know, none of these abilities are
possessed by any AI system not explicitly based on formal logic.
Moreover, I would claim that, in a strong sense, these 1ssues can be

addressed only by systems that are based on formal logic.

To justify this claim we will need to examine what it means to say
that a system uses a Jlogical representation or that it reasons by
deductive inference. Then we will try to re-evaluate what was actually
shown by the disappointing results of the early experiments on problem—
solving by theoremproving, which we must do if the arguments presented
here are correct and i1f there is to be any hope of creating systems with
commonsense reasoning abilities comparable to those possessed by human

beings.



II  WHAT IS A LOGICAL REPRESENTATION?

The question of what 1t means to use a loglec for representing
knowledge 1in a computer system 1s less strafightforward than it might
seem. In mathematlcs and philosophy, a logic 1s a language--i.e., a set
of formulas——with either a formal inference system or a formal semantilcs
(or both)-* To use a logic in a computer system, we have to encode those
formulas somehow as computer data structures. If the formulas are in

"Cambridge Polish” notation, e.g.,
(EVERY X (IMPLIES (MAN X) (MORTAL X))),

we may be tempted to assume that the corresponding LISP S—expression
must be the data structure that represents the formula in the computer.
This 1is 1in fact the case in many systems, but using more sophisticated
data structures certainly does not mean that we are not lmplementing a
logical representation. For example, Sickel [1976] describes a theorem-
proving system in which a collection of formulas is represented by a
graph, where each node represents a formula, and each link represents a
possible unification (l.e., pattern match) of two formulas, with the
resulting substitution belng stored on the 1link. Furthermore, Sickel
notes that the topology of the graph, plus the substitutions assoclated
with the 1links, carries all the information needed by the theorem-
prover—-—so the actual structure of the formulas 1s not explicitly

represented at all!

This example suggests that deficiencies attributed to logical
representations may be artifacts of nalve implementations and do not

necessarily carry over when more sophlsticated technlques are used. For

* For example, for several decades there were formal inference systems
for modal 1loglc [Hughes and Cresswell, 1968], but no semanties;
Montague s [1974] iIntensional 1logic has a formal semantics, but no
inference system.



instance, one of the most frequently claimed advantages of semantic nets
over logic as a representation formalism is that the links in the
semantic net make it easler to retrieve Iinformation relevant to a
particular problem. Sickel”s system (along with that of Kowalski
[1975]) would seem to be at 1least as good as most semantic net
formalisms in this respect. In fact, 1t may even be better, since
following a 1link in a semantic net usually does not guarantee that the
subsequently attempted pattern match will succeed, while in Sickel”s or

Kowalski“s system, it does.

Given that the relationship between a logical formula and its
computer implementation can be as abstract as it 1s in Sickel”s system,
it seems doubtful to me that we could give any clear criteria for
deciding whether a particular system really implements a logical
representation. I think that the best way out of this dilemma 1s to
give uwp trying to draw a 1line between 1logical and nonlogical
representations, and instead ask what logical features particular
representation formalisms posses. If we adopt this point of view, the
next question to ask is what logical features are needed in a general-
purpose representation formalism. My answer 1s that, at a minimum, we

need all the features of first-order classical logic with equality.

Perhaps the most basic feature of first-order logic is that it
describes the world in terms of objects and thelr properties and
relations. I doubt that anyone in AI could really complain about this,
as virtually all AI representation formalisms make use of these
concepts. It might be argued that one needs more than just objects,
propertles, and relations as primitive notions, but 1t should be kept in
mind that first-order loglc places no limits on what can be regarded as
an object. Times, events, kinds, organizations, worlds, and sentences—-
not just concrete physical objects——can all be treated as logical
individuals. Furthermore, even 1f we decide we need "nonstandard”
features such as higher-order or 1intensional operators, we can still

incorporate them within a loglcal framework.



For me, however, it 1s not the basic “metaphysical" notions of
object, property, and relation that are the essential features of logic
as a representation formalism, but rather the kinds of assertions that
logic 1lets us make about them. Most of the features of loglc can be
seen as addressing the problem of how to describe an incompletely known
situation. Specifically: existential quantification allows us to say
that something has a certain property without having to know which thing
has that property. Universal quantification allows us to say that
everything in a certain class has a certain property without having to
know what everything in that class i1s. Disjunction allows us to say
that at least one of two statements is true without having to know which
statement 1s true. Negation allows us to distinguish between knowing
that a statement i1s not true and not knowing that it is true. Finally,
logliec 1lets us use different referring expressions without knowing
whether they refer to the same object, but provides us with the equality

predicate to assert explicitly whether or not they do.

One way that logic has been criticized is not to claim that the
above features are unnecessary or harmful, but rather to argue that
logic lacks some other essential feature-—-for instance, the ability to
express control information. This was the basls of the early MIT-led
criticism of theorem—proving research (e.g., [Winograd, 1972, Chapter
6]1), which was, I believe, largely justified. This sort of problem,
however, can be addressed and, 1in fact, has been [Hayes, 1973]
[McDermott, 1978] [Kowalski, 1979] [Moore, 1975] by extending logic in
various ways (see Section III), rather than by throwing it out and
starting over. Moreover, the criticism quickly turned into a much more
radical attack on any use of loglec or deduction at all in AI [Hewitt,
1973] [Hewitt, 1975] [Minsky, 1974, Appendix]. That assault, in my
view, was tremendously detrimental to serious research on knowledge
representation and commonsense reasoning and 7represents the position I

primarily want to argue agailnst.

The major reason I regard the features of first-order logic as

essentlal to any general-purpose representation formalism i1s that they



are applicable to expressing knowledge about any domain. That 1s, 1t
doesn“t really matter what part of the world we are talking about; it
always may be the case that we have only partial knowledge of a
sltuation and we need some of these logical features to express or
reason with that knowledge. This can be seen 1n the example presented
in Section I. Reasoning about the position and color of blocks 1s
certainly no more Inherently logical than reasoning about anything else.
The logical complexity of the problem comes from the fact that we are
asked whether any blocks satisfy a given condition, but not which ones,
and that we don"t know the color of the middle block. If we had a
complete description of the situation——1f we were told the color of the
middle block=—we could just "read off" the answer to the question from

the problem description without doing any reasoning at all.

Similar situations can easily arise In more practical domalns as
well. For instance, in determining a course of treatment, a physician
may not need to decide between two possible dilagnoses, elther because
the treatment is the same in elther case or because only one of the two
1s treatable at all. WNow, as far as I know, none of the inference
methods currently being used in expert systems for medical diagnosis are
capable of doing the sort of general reasoning by cases that ultimately
justifies the physician”s actions in such situations. Some systems have
ad hoc rules or procedures for these special cases, but the creators of
the systems have themselves had to carry out the relevant instances of
reasoning by cases, because the systems are unable to. But thls means
that, 1in any situation the system designers failed to anticipate, the
systems will fail 1f reasoning by cases is needed. It seems, though,
that the practical utility of systems capable of handling only special
cases has created a false i1mpression that expert systems have no need

for this kind of logic.

To return to the main i1ssue, I simply do not know what it would
mean for a system to wuse a nonloglcal representation of a disjunctive
assertion or to use a nonlogical inference technique for reasoning by

cases, It seems to me that, to the extent any representation formalism



has the logical features discussed above, it is a loglie, and that to the
exXtent a reasoning procedure takes account of those features, 1t reasons
deductively. It is concelvable that there might be a way of dealing
with these 1ssues that 1s radically different from current logics, but
it would still be some sort of logic and, in any event, at the present
time none of the systems that are even superficially different from

standard logics have any way of dealing with them at zll.

Furthermore, the idea that one can get by with only special~purpose
deduction systems doesn”t seem very plausible to me either. No one in
the world is an expert at reasoning about a block whose color is unknown
between two blocks whose color 1s known, yet anyone can see the answer
to the problem in Section I. Intelligence entails being able to cope
with novelty, and sometimes what 1s novel about a situation 1is the

logical structure of what we know about it.



IIT WHY DID EARLY EXPERIMENTS FAIL?

The bad reputation that logic has suffered from in AT circles for
the past decade or so stems from attempts in the late 1960s to use
general-purpose theorem-proving algorithms as universal problem-solvers.
The idea was to axiomatize a problem situation in first-order logic and
express the problem to be solved as a theorem to be proved from the
axioms, usually by applying the resolution method developed by Robinson
[1965]. The results of these experiments were disappointing. The
difficulty was that, in the general case, the search space generated by
the resolution method grows exponentially (or worse) with the number of
formulas used to describe a problem, so that problems of even moderate
complexity could not be solved in reasonable time. Several domain-
independent heuristics were proposed to try to deal with this issue, but

they proved too weak to produce satisfactory results.

The lesson that was generally drawn from this experience was that
any attempt to use logic .- or deduction in AI systems would be hopelessly
inefficient. But, if the arguments made here are correct, there are
certain 1issues In commonsense reasoning that can be addressed only by
using logic and deduction, so we would seem to be at an impasse. A more
careful analysls, however, suggests that the failure of the early
attempts to do commonsense reasoning and problem—solving by theorem—
proving had more specific causes that can be attacked without discarding
logic itself.

I believe that the earliest of the MIT criticisms was in fact the
correct one, that there is nothing particularly wrong with using logic
or deduction per se, but that a system must have some way of knowing
which inferences 1t should make out of the many possible alternatives.
A very simple, but nonetheless important, instance of this is deciding

whether to use Iimplicative assertions in a forward-chaining or backward-




chaining manner. The deductive process can be thought of as a
bidirectional search, partly working forward from premises to
conclusions, partly working backward from goals to subgoals, and
converging somewhere Iin the middle. Thus, if we have an assertion of
the form (P -> (), we can use it to generate elther the assertion Q,

given the assertion P, or the goal P, given the goal Q.

Some early theorem—proving systems utllized every implication both
ways, leading to highly redundant searches. Further research produced
more sophisticated methods that avoid some of these redundancies.
Eliminating redundancies, however, creates cholces as to which way
assertions are to be used. In the systems that attempted to use only
domain-independent control heuristies, a uniform strategy had to be
lmposed. Often the strategy was to use all assertions only in a
backward-chaining manner, on the grounds that thls would at least
guarantee that all the Iinferences drawn would be relevant to the problem

at: ﬁand.

The difficulty with thls approach 1s that the question of whether
it 15 more efficlent to use an assertion for forward or backward
chaining can depend on the specific form of that assertion. Consider,

for Instance, the schema
(EVERY X (IMPLIES (P (F X)) (P X)))
Instances of thils schema include such things as:

(EVERY X (IMPLIES (JEWISH (MOTHER X)) (JEWISH X)))

(EVERY X (IMPLIES (LESSP (SUCCESSOR X) Y)
(LESSP X Y)))

That 1s, a person is Jewlsh if hilis or her mother 1s Jewish,* and a
number X 1s less than a number Y 1f the successor of X 15 less than Y.

Suppose we were to try to use an assertion of this form for

backward chaining, as most "uniform” proof procedures would. It would

I am indebted to Richard Waldinger for suggesting this example.
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apply to any goal of the form (P X) and produce the subgoal (P (F X}).
This expression, however, 1s also of the form (P X), so the process
would be repeated, resulting in an 1infinite descending chain of

subgoals:

GOAL: (P X)

GOAL: (P (F X))

GOAL: (P (F (F X)))

GOAL: (P (F (F (F X}))), etc.

If, on the other hand, we use the rule for forward chailning, the number
of applications 1is limited by the complexity of the assertion that

orlginally triggers the inference:

ASSERT: (P (F (F X)))
ASSERT: (P (F X))
ASSERT: (P X)

It turns out, then, that the efficent use of a particular assertion
often depends on exactly what that assertion is, as well as on the
context of other assertions in which 1t is embedded. Other examples
illustrating this point are given by Kowalski [1979] and Moore [1975],
involving not only the forward/backward-chaining distinction, but other

control decisions as well.

Since specific control information needs to be assoclated with
particular assertions, the question arises as to how to provide it. The
simplest way is to embed it in the assertions themselves. For instance,
the forward/backward-chaining distinction can be encoded by having two
versions of implication—--e.g., (P ~> Q) to indicate forward chaining and
(Q <~ P) to indicate backward chaining. This approach originated in the
distinction made in the programming language PLANNER between antecedent
and consequent theorems. A more sophisticated approach is to make
decisions such as whether to use an assertion in the forward or backward
direction themselves questions for the deduction system to reason about
using “metalevel” knowledge. The first detailed proposal along these
lines seems to have been made by Hayes [1973], while experimental
systems have been built by McDermott [1978] and de Kleer et al. [1979],

among others.
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Another factor that can greatly 1ianfluence the efficiency of
deductive reasoning is the exact way in which a body of knowledge is
formalized. That 1s, logically equivalent formalizations can have
radically different behavior when wused with standard deduction
techniques. For example, we could define ABOVE as the transitive

closure of ON in at least three ways:*

(EVERY (X Y)
(IFF (ABOVE X Y)
(OR (ON X Y)
(SOME Z (AND (ON X Z) (ABOVE Z Y))))))

(EVERY (X Y)
(IFF (ABOVE X Y)
(OR (ON X Y)
(SOME Z (AND (ON Z Y) (ABOVE X Z))))))

(EVERY (X Y)
(IFF (ABOVE X Y)
(OR (ON X Y)
(SOME Z (AND (ABOVE X Z) (ABOVE Z Y))))))

Each of these axioms will produce different behavior im a standard
deduction system, no matter how we make such local control decisions as
whether to use forward or backward chalning. The first axiom defines
ABOVE 1in terms of ON, 1in effect, by 1iterating upward £rom the lower
object, and would therefore be useful for enumerating all the objects
that are above a given object. The second axiom iterates downward from
the upper object, and could be used for enumerating all the objects that
a given object 1is above. The third axiom, though, 1s essentially a

"middle out" definition, and is hard to control for any specific use.

The early systems for problem—solving by theorem~proving were often
inefficient because axioms were chosen for theilr simplicity and brevity,
without regard to their computational properties—-a problem that also

arises in conventional programming. To take a well-known example, the

———y g o o

* These formalizations are not quite equivalent, as they allow for
different possible interpretations of ABOVE 1If infinitely many objects
are 1involved. They are equivalent, however, 1f only a finite set of
objects is being considered.
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simplest LISP program for computing the nth Fibonacel number is a doubly
recursive procedure that takes O0(20) steps to execute, while a sligthly
more complicated and less intultively defined singly recursive procedure

can compute the same function in O(n) steps.

Kowalski [{1974] was perhaps the first to note that choosing among
alternatives such as these involves very much the same sort of decislions
as are made in conventional programming. In fact, he observed that
there are ways to formalize many functions and relations so that the
application fo standard deduction methods will have the effect of
executing them as efficient computer programs. These observations have
led to the development of the field of "logic programming” [Kowalskd,
1979] and the creation of new computer languages such as PROLOG [Warren

and Pereira, 1977].
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Iv SUMMARY AND CONCLUSIONS

In this paper, I have tried to argue that there 1s an Important
class of problems in knowledge representation and commonsense reasoning,
involving incomplete knowledge of a problem situation, that so far have
been addressed only by systems based on formal logiec and deductive
inference, and that, in some sense, probably can be dealt with only by
systems based on logic and deduction. I have further argued that,
contrary to the conventicnal wisdom in AI, the experiments of the late
1960s did not show that the use of logic and deduction in Al systems was
necessarily inefficient, but only that better control of the deduction
process was needed, along with more attention to the computational

properties of axioms.

I would certainly not claim that all the problems of deductive
inference can be solved simply by following the prescriptions of this
paper. Further research will undoubtedly uncover as yet undiagnosed
difficulties and, one hopes, thelr solutions. My objective here 1s to
encourage consideration of these problems, which have been ignored for a
decade by most of the artificial-intelligence community, s¢ that at
future conferences we may hear about their solution rather than just

thelr existence.
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