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REASONING, CASE-BASED

Case-based reasoning is the technigue of solving new
problems by adapting solutions that were used to solve old
problems. This reliance on previous experiences (or cases)
is a hallmark of case-based reasoning. Each case can con-
tain a great deal of information including a description of
the situation that was encountered, ways in which the
situation differed from similar situations, and how the
system reacted to the situation.

There are many examples of people using case-based
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reasoning in their daily lives. A caterer who remembers a
meal served at a previous banquet and adapts it to fit the
demands of a new client is using case-based reasoning. So
is a car mechanic who suspects the problem when a car is
brought into the shop with symptoms similar to a previous
one that has been fixed. A business executive uses case-
based reasoning by remembering past experiences when
doing long range planning for the future.

In particular, case-based reasoning can mean adapting
old solutions to meet new demands, using old cases to
explain new situations, using old cases to critique new
solutions, or reasoning from precedents to interpret a new
situation (much like lawyers do) or create an equitable
solution to a new problem (much like labor mediators do).

Case-based reasoning is used extensively by people in
both expert and commonsense situations. It provides a
wide range of advantages.

+ Case-based reasoning allows the reasoner to propose
solutions to problems quickly, avoiding the time nec-
essary to derive those answers from scratch.

+ Case-based reasoning allows a reasoner to propose
solutions in domains that are not completely under-
stood.

+ Case-based reasoning gives a reasoner a means of
evaluating solutions when no algorithmic method is
available for evaluation.

« Cases are particularly useful for use in interpreting
open-ended and ill-defined concepts.

+ Remembering previous experiences is particularly

useful in warning of the potential for problems that

have occurred in the past, alerting a reasoner to take
actions to avoid repeating past mistakes.

Cases help a reasoner to focus on important parts of a

problem by pointing out what features of a problem

are the important ones.

Below, the development of the case-based reasoning
(CBR) paradigm is traced and the advantages of CBR as a
problem-solving methodology are discussed in more de-
tail. The general CBR algorithm and some of the funda-
mental issues that must be dealt with in any CBR system
is described. Next, a survey of CBR systems that have
been built to perform various tasks along with pointers for
further reading is presented, and finally, a short discus-
sion of the implications of CBR as a cognitive model and
some pointers on how to go about building a CBR system
are included.

EVOLUTION OF THE CBR PARADIGM

Case-based reasoning differs markedly from other types of
reasoning and problem-solving techniques and is, in some
instances, a direct reaction to the problems of these other
techniques. Two important factors have contributed to the
evolution of the CBR paradigm.

Theories of Memory

CBR evolved in part from research on human memory,
particularly the theory of Dynamic Memory (qv) devel-

oped by Schank (1982). This theory introduced the mem-
ory organization packet (MOP) memory structures which
can be considered the intellectual precursor to cases.
MOPs are used to store not only general information
about the world, but specific experiences as well. The the-
ory of dynamic memory provided a framework for describ-
ing how these individual experiences can be stored in
memory, how they may be combined and abstracted, and
how they can be retrieved and used when the need arises.
Specifying the content and process of memory in this way
provided the groundwork for some of the ideas of CBR.

Problems with Rule-based Reasoning

A second driving force in the evolutionary history of CBR
was dissatisfaction with rule-based reasoning (expert sys-
tems (qv)), the predominant problem-solving technique at
the time. Three problems with rule-based systems which
prompted a search for an alternative paradigm for prob-
lem-solving concern knowledge acquisition, memory, and
robustness.

Knowledge Acquisition. Under the rule-based problem
solving paradigm, collecting knowledge to encode into the
systems was a very difficult endeavor. Knowledge engi-
neers found it hard to uncover the hundreds of rules that
the “expert” used to solve problems, mainly because the
expert often had a hard time trying to articulate his or her
problem-solving skill in the form of IF-THEN rules. This
problem became known as the knowledge acquisition bot-
tleneck (Hayes-Roth and co-workers, 1983). Furthermore,
it became unclear whether experts were actually using
rules at all; often experts will say that it is their experi-
ence that makes them experts. In addition, while rules
seemed like nice compact representations to collect, it is
often the case that rules have many exceptions, making
the knowledge acquisition problem that much harder. To
complicate matters even further, it was necessary to trace
the interactions between rules to ensure that they could
chain together properly, and that contradictions were
eliminated.

No Memory. A second major criticism of rule-based
reasoning systems is that most did not have any memory;
that is, the system would not remember previous encoun-
ters with the same problem, and would have to solve them
again from scratch. This, of course, is terribly inefficient,
but even dismissing efficiency issues for a moment, ar
even more important point is that a system with no mem-
ory will not be able to remember past mistakes. Without
this ability, the system is surely condemned to repe%t
those mistakes again and again. This type of stupidity 18
not tolerated in human problem solvers, and many people
were dissatisfied with rule-based systems’ inability t©
learn from their mistakes.

Robustness. A third serious criticism of rule-based sy5
tems is that they were brittle. Since all their knowledgé
was recorded in terms of rules, if a problem did not match
any of the rules, the system could not solve it. In other
words, rule-based systems had little or no ability to wor




beyond their rule base; they could not adapt to handle
novel situations very well, if at all.

ADVANTAGES OF THE CBR APPROACH

CBR has many advantages as a theory and methodology
of reasoning and problem-solving. Many of these advan-
tages are in direct response to the factors, outlined above,
that led to the development of the CBR paradigm.

Psychological Plausibility

Given that it grew out of research on human memory, it is
not surprising that one of the things that makes CBR
appealing as a model of reasoning and problem solving is
that it is based on the way in which humans reason and
solve problems. Reasoning from past cases, as opposed to a
(large) set of rules, has been thought to be a more psycho-
10:">'ically plausible model of how people reason (Holyoak
and Koh, 1987).

There is much evidence that people use case-based rea-
soning in their daily reasoning. Ross (1989a, 1989b), for
example, has shown that people learning a new skill often
refer back to previous problems to refresh their memories
on how to do the task. Other research has shown that both
Novice and experienced car mechanics use their own expe-
Nences and those of others to help them generate hypothe-
Ses about what is wrong with a car, recognize problems
(eg, a testing instrument not working), and remember

OW to test for different diagnoses (Lancaster and Kolod-
Der, 1988; Redmond, 1989). In an unpublished study, Ko-
1‘_’dner found that physicians use previous cases exten-
Sively to generate hypotheses about what is wrong with a
Patient, to help them interpret test results, and to select
therapies when several are available and none are under-
stood very well. Goel and Pirolli (1989) observed archi-
tects and mechanical engineers recalling, merging, and
adapting old design plans to create new ones. Klein and
Calderwood (1988) have observed routine use of case-

ased reasoning among experts making decisions in dy-
Namically-changing situations. Read and Cesa (1991) ob-
Served people using old cases to construct explanations of
Social situations.

Cases vs Rules

As discussed above, the ideas of CBR developed, in part, as
areaction to the problems of rule-based reasoning. Case-

ased reasoning offers advantages over rule-based sys-
tems in the following ways:

Knowledge Acquisition. Cases are more memorable
han abstract rules. It is often easier for experts to remem-
er and articulate specific examples of the problems they
lave encountered and their solutions to those problems
(19,-their “war stories”), than it is for them to describe

€Ir problem-solving technique in terms of potentially
eal‘ge numbers of rules. In fact, several people building
Xpert systems that know how to reason using cases have
tg“g}i_it easier to build case-based expert systems than
lgagé)tlonal ones (Barletta and Hennessy, 1989; Goodman,
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Learning from Experience. Case-based reasoning sys-
tems, by definition, are built on a memory of prior cases.
Each time the system solves a problem, that problem and
its solution are stored in memory as a case. In this way
CBR systems can easily learn from experience; they don’t
have to waste effort re-solving a problem that is just like
one they have seen before, nor will they repeat the mis-
takes they may have made solving the problem the first
time around. While systems that do problem-solving from
first-principles spend large amounts of time solving their
problems from scratch, case-based systems have been
found to be several orders of magnitude faster (Koton,
1988a). This ability to learn from experience is discussed
in greater detail in the next section.

Adaptivity. While rule-based systems are brittle, CBR
systems display more robustness upon encountering new
situations. This robustness derives from the techniques of
case adaptation. When trying to solve a new problem, a
CBR system can search its memory for previously seen
problems with similar features and adapt the solutions to
those problems so that they are useful in solving the new
problem (Kass, 1989).

Natural Learning Mechanism

Learning from experience, as mentioned above, is one of
the advantages that CBR has over rule-based systems.
The CBR paradigm provides a natural mechanism for
learning. A case-based reasoner learns in two basic ways.
First, it can become a more efficient reasoner by remem-
bering old solutions and and adapting them rather than
having to derive answers from scratch each time. If a case
was adapted in a novel way, if it was solved using some
novel method, or if it was solved by combining the solu-
tions to several cases, then when it is recalled during later
reasoning, the steps required to solve it won’t need to be
repeated for the new problem. Second, a case-based rea-
soner becomes more competent over time, deriving better
answers that it could with less experience. One of case-
based reasoning’s fortes is its ability to help a reasoner
anticipate and thus avoid past mistakes.

Case-based learning offers many advantages as a
learning paradigm, including:

« Easier knowledge acquisition. Because knowl-
edge is stored primarily in the form of cases, the
start-up threshold is smaller. That is, learning pro-
cesses can begin with much less “data” than rule-
based systems typically require. Debugging the
knowledge base is also easier because there tend to be
far fewer interactions between cases than between
rules. Finally, many domains already have informa-
tion encoded in case format, prime examples being
the law, mathematics, and design domains.

+ Performance enhancements. Because CBR sys-
tems store previous encounters with problems, they
can reuse old solutions instead of having to derive
new solutions from scratch. In addition, by remem-
bering past mistakes, a CBR problem-solving system
can avoid making the same mistakes again. Both of




1268 REASONING, CASE-BASED

these factors contribute to improved performance (ef-
ficiency) of CBR systems.

Straightforward learning. In general, learning in
a CBR system does not require a complex causal
model of the domain or detailed domain knowledge.
Of course, the addition of either or both of these items
can enhance the performance and power of a case-
based system.

« Cases can serve as explanations. One feature
that is often desired in problem solving systems is the
ability to offer an explanation for the solution ob-
tained. In a CBR system, such explanations are sim-
ply the case (or cases) that were used, making them
easy (or even trivial) to generate. In fact, because
CBR solves problems like people do, an explanation
based on a concrete past case may be more satisfying
then explanations constructed out of chains of rules,
the primary method of explanation in rule-based sys-
tems.

Scalability. The common problem encountered
when scaling up a system, that of massive search, is
in some ways avoided in CBR by the use of indexing
(discussed in the section on the Indexing Problem).
With the development of parallel algorithms for re-
trieval, it appears that large CBR systems may be
able to approach, or even achieve, real-time perfor-
mance.

THE BASIC CBR ALGORITHM

The basic processing cycle of CBR is “input a problem,
retrieve relevant past solutions, adapt them to the current
problem, store the new case along with its solution.” In
this section we elaborate on this cycle, spelling out the
various steps in a typical case-based reasoning algorithm.
While different CBR systems may emphasize different
parts of the cycle, all systems address the following steps
in some way.

1. Accept and Analyze. Upon input of a new problem,
the first step of processing is known as the analysis phase.
In this step, the input is analyzed to extract features to
use in retrieving cases with similar features. These fea-
tures, which are given special status in CBR, are called
indexes. Thus, the main task in this step is index extrac-
tion. Index extraction is a very complex problem, dis-
cussed in more detail in the following section.

2. Retrieve Cases from Memory. The indexes computed
in Step 1 are used to retrieve cases from memory. The goal
here is not to retrieve just any set of cases. Those cases
that can be used in the reasoning to be done in the next
steps and that have the potential to make useful predic-
tions about the current problem are the kinds of cases that
should be retrieved. Various techniques for retrieving
cases exist, including iterative, parallel, and constraint-
satisfaction models (see section on retrieval algorithms
following).

3. Select Most Relevant Case(s). The (potentially
large) set of relevant cases obtained in Step 2 often needs
to be narrowed down to just a few “most relevant” cases.

These cases will be the ones considered most worthy of
intensive processing in forming the basis for the new solu-
tion. The problem in this step is assessing how relevant
each case really is. Typical techniques for this include a
variety of ranking schemes and similarity metrics, over-
lap of salient features, and importance of shared features
being two examples. Some of the problems of assessing
similarity are discussed in the section on similarity met-
rics below.

4. Construct Solution. This step uses the cases se-
lected in Step 3 to create a solution or interpretation (de-
pending on the task) for the input case. Along with the
solution, many CBR systems will also construct the justifi-
cations or supporting arguments for the solution at this
point. The retrieved cases are used in constructing the
solution in at least two important ways. First, the actual
solution is constructed by adapting the solutions to the
previously seen cases so that they are relevant to the cur-
rent case. Second, the retrieved cases can be used to warn
of potential snags in solution construction, allowing the
system to anticipate and thus avoid making the same
kinds of mistakes encountered in previous problems.

5. Evaluate Solution. After a potential solution has
been constructed, it is subjected to testing, evaluation,
and criticism. The goal in this step is to assess the utility,
strengths, and weaknesses of the proposed solution. Sev-
eral methods for doing this exist, including testing the
solution against counterexamples (real or hypothetical),
using the solution as an index into memory to see if there
are any examples of this solution that have been known t0
fail in similar circumstances, or simulating the results of
the proposed solution. Examples of systems which use
these methods are HYPO (Ashley, 1987, 1988; Rissland,
1986), which provides guidelines for creating and using
hypotheticals, and CHEF (qv) (Hammond, 1986, 1989a),
which used a simulation to test its solutions. Employing
internal testing mechanisms like these is especially criti-
cal in domains where the cost of an incorrect or inefficient
solution is high (eg, medical diagnosis).

6. Execute Solution and Analyze Results. In this step
the solution is tried out in the real world and the system
obtains feedback about what happened. This feedback is
then subjected to careful analysis to see if the results weré
as expected. This process of obtaining and analyzing feed-
back is crucial if a CBR system is to learn from its mis-
takes and avoid repeating them. If something unexpected
occurred the system attempts to explain the anomalou$
events. The problem of trying to decide which parts of the
solution caused the problems, known throughout the ma-
chine-learning field as the credit/blame assignment prob-
lem, comes into play here. One technique that can be use
to partially avoid this notoriously hard problem is to ré
call similar failures encountered in the past and to use the
explanations of those failures in explaining the feurrent
failure (Rissland and Ashley, 1988). This process is simply
another version of a case-based reasoning problem an
can often be done by a recursive call to the CBR system-

7. Update Memory. After the results of testing the S0
lution in the real world have been analyzed, the next steP
is to update memory by storing the new case. The new




case is composed of not only the solution arrived at, but
also the justifications and supporting arguments con-
§tructed in Step 4. The most important aspect of this step
is where to put this case in memory, or, in CBR terminol-
ogy, how to index it. One common technique is to index a
case by the problems or failures that were encountered (in
Steps 5 and 6) so that these same mistakes can be avoided
when a similar situation is encountered in the future (see
section below for more detail on other indexing tech-
niques). The success or failure of a CBR system depends
heavily on this step. Good indexing strategies will cause
the relevant cases to be recalled when they can best be
Used, resulting in good performance, while a poor index-
ing scheme will not cause the most relevant cases to be
retrieved and system performance will be degraded.

This section was an attempt to give a brief overview of
tl_fle general CBR algorithm. For more detail on CBR ba-
sics, particularly implementation details, an excellent
starting point is Riesbeck and Schank’s (1989), Inside
Case-Based Reasoning. Good general introductions for the
lay reader can be found in Slade (1991) and Kolodner
(1990, 1991).

FUNDAMENTAL ISSUES IN CBR

Because the heart of any case-based reasoning system in-
volves case retrieval and selection, the fundamental is-
Sues of CBR revolve around these issues. Below are pre-
Sented some of the major areas of current research, the
Questions that each is trying to address, and some of the
Proposed solutions.

The Indexing Problem

Retrieval of relevant cases from memory being a corner-
§t0ne of the CBR algorithm, it follows that an extremely
Important issue is how to label cases so that they may be
recalled when needed. The assignment of labels to cases is
called indexing, the labels themselves are called indexes.

The Nature of Indexes. What are indexes comprised of?
his question has long plagued CBR researchers. In gen-
€ral, an index can be any feature used in the representa-
t‘OI_l of a case or computed from that representation. But
Which features should be used as indexes? One option is to
Use concrete features, ie, those features which are either
Included in the description of the case, or can be easily
Computed. These kinds of features, also known as low
evel, or surface features, have the advantage that they
are simple to represent and do not require much (if any)
effort to extract from the input. The simplicity and ease of
Computation of these kinds of features tend to make them
t5}\’0red for use in parallel retrieval algorithms (see sec-
Uon below), The problem with low level features, however,
18 that they may not be adequate to index cases so that
0?113’ the most relevant cases are recalled. Combinations of
:lmple features are often insufficient in describing the
rype qf case being looked for with sufficient specificity,
esulting in a large set of cases, only a few of which are
releVant, being retrieved from memory. If this happens,
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the CBR system must then devote additional effort in
weeding out the less relevant cases.

A second option is to use as indexes more complex,
abstract features which are computed from the input.
These high level features have the advantage of being
able to more accurately represent the type of case being
searched for, resulting in fewer, but more relevant cases
being retrieved from memory. The two main problems
with using high level features as indexes are deciding
which high level features to compute and, of course, the
cost of computing them. The former problem, that of decid-
ing which high level features to compute (out of a poten-
tially infinite set of possibilities) is such a notoriously
hard problem in CBR that it has been given a special
name. The indexing problem is the problem of determin-
ing what other nonobvious features, aside from those di-
rectly provided in the input, should be used as indexes in a
particular domain.

Once a decision to use high level features has been
made, however, there are still several issues that must be
dealt with. First, it must be decided which high level fea-
tures are more likely to help retrieve relevant cases in a
given domain. A second, related issue that must be ad-
dressed is whether the end justifies the means. That is,
will the improvement in system performance due to better
case selection outweigh the extra cost of computing the
high level features? CASEY (qv) (Koton, 1988a), JUDGE
(Bain, 1986), CHEF (Hammond, 1986, 1989a), and ANON
(Owens, 1989a, 1989b) each provide different initial ap-
proaches to this problem.

There has been a great deal of debate among CBR re-
searchers about the relative merits of using low level vs
high level features as indexes. Arguments for low level
features include Thagard and Holyoak (1989b) and Waltz
(1989), while endorsements for the use of high level fea-
tures (like goal and plan interactions) include Collins’
(1987) COACH, other recent work by Collins and Birn-
baum (1989; 1990), as well as Schank (1982), Martin
(1989a, 1989b), Owens (1989a), and Pazzani (1989) among
others. More recently, however, the debate over the level
of indexes used has waned as it has become clear that no
one kind of index is appropriate for all systems. This has
been paralleled by investigations of human analogical
reasoning that have found both surface and deep features
are used for retrieval (Gentner, 1989). Researchers are
now arguing for a more functional approach in which in-
dex selection would be based on an analysis of the task the
system is to perform. Those features, both surface and
deep, which are best suited to the particular task facing
the system would be selected as indexes (Hammond,
1989c¢).

One final trend in addressing the indexing problem has
been to investigate whether there is any way of describing
a general framework for the content of indexes. If such a
method could be developed, it would be a first step towards
automating the choice of indexes for a given domain. This
would at least partially obviate the need for the program-
mer of a CBR system to make this difficult decision. A first
attempt at describing a general content theory of indexes
has resulted in the formulation of the Universal Indexing
Frame (UIF), a representational system whose utility is




1270 REASONING, CASE-BASED

currently being investigated (Schank and co-workers,
1990).

Guidelines for Addressing the Indexing Problem. The in-
dexes of a case are those features that distinguish it from
other cases, because they are predictive of something im-
portant in the case. Guidelines for addressing the index-
ing problem include the following:

+ Feature combinations used as indexes should be pre-
dictive of something important for later reasoning.

« Indexes should be abstract enough to be generally
applicable but concrete enough to be easily recogniz-
able without a great deal of inference.

+ Cases should be indexed in ways that support reason-
ing that a system has to do. For example:

To choose plans that achieve goals according to the
details of a situation, index by goal, constraint,
and feature combinations that led to solving a
problem in a particular way.

To anticipate potential problems, to help explain
problem solving errors, and to help recover
from problem solving errors, index by the com-
binations of features responsible for failures.

To evaluate proposed solutions, index by combina-
tions of features that were responsible for unex-
pected outcomes and by descriptions of those
unusual outcomes.

Guidelines for choosing indexes are still ahead of the
technology for automating index selection. Nevertheless,
several methodologies for choosing indexes automatically
do exist or have been suggested. (See Table 1 for informa-
tion about the CBR systems mentioned throughout this
article).

+ Keep track of norms and index by features different
from the norm (CYRUS (qv), MEDIATOR (qv), PER-
SUADER (gv)).

* Index by a fixed and well-known set of features
known to be predictive (CYRUS (qv), HYPO).

Index by differences between what is already in
memory and the case being indexed (CYRUS, MEDI-
ATOR, PERSUADER).

Index on features that predict failure or unexpected
success as follows: After receiving feedback and ex-
plaining a failure or unexpected success, use explana-
tion-based learning (EBL) techniques to generalize
the explanation. Index by the combination of features
that go into the generalized explanation (CHEF (qv),
JULIA (gqv)).

+ Index on features found to be useful in achieving
some goal or doing some task as follows: Use EBL
techniques to generalize the reasoning that went into
making decisions while solving a problem. Index by

the combination of features that make up that gen-
eral reasoning chain (Lockheed Al Project, JULIA).

Memory Organization

Choosing good indexes is not the only factor that contrib-
utes to a CBR system’s ability to retrieve relevant cases in
an efficient manner. A critical factor, especially for large
CBR systems containing hundreds or even thousands of
cases, is how the system’s memory is organized. Tradi-
tional approaches have used discrimination networks (cf
Feigenbaum, 1963), typical examples being the earlier
work of Kolodner (1983a, 1983b) and Lebowitz (1983).
More recently, work has concentrated on memory organi-
zations that support parallel retrieval methods, eg, Kolod-
ner (1986, 1988). (See the following section for more dis-
cussion on retrieval methods.)

Intrinsically bound up with the question of how mem-
ory is organized is the question of how individual cases are
represented. Should cases be stored in one place or should
they be broken into pieces? The advantage of the former
approach is that by storing the entire case in one place, it
may be retrieved and used to solve a new problem in just
“one shot.” A disadvantage is that it is harder to create
solutions that are based on pieces of several cases. To do
this it would be necessary to go through memory finding
and “collecting” the appropriate pieces from the various
cases. Systems that use a unitary representation for cases
include CASEY, CHEF, and HYPO (see Table 1 for more
information on these and other CBR systems).

An alternative is to use a more piecemeal representa-
tional scheme for cases, that is, breaking cases into parts
which are located in different areas of memory and con-
nected by pointers. This technique makes it easier to cre-
ate solutions based on partial solutions from several dif-
ferent cases because it is easier to identify and access the
parts that are needed. Many feel that this type of solution
construction results in more creative solutions to prob-
lems. The cost incurred by this approach, however, is that
extra work needs to be done to put a single case “back
together” before it can be used as a whole. JULIA and
CELIA (Redmond, 1990) are examples of CBR systems
that use this approach to case representation.

In addition to questions about how memory is orga-
nized and how cases are represented, another issue that
needs to be considered is forgetting. Should case-base
systems ever “throw out” cases? If so, when should this be
done? This issue has received very little attention (but
see, eg, Hunter, 1989), and much work still needs to be
done.

Retrieval Algorithms

Because the CBR paradigm relies on a large memory of
cases to give it problem-solving power, a major issue that
needs to be considered is how to retrieve cases from men-
ory quickly and efficiently. The larger the memory, the
more important this question becomes.

The two main strategies that are used for retrieval aré
based on the two types of memory organizations discussé
above. Memories organized in discrimination nets typY”
cally use a concept-refinement search that takes advan
tage of the generalization—specialization hierarchy built
into the net. In this technique search starts at the top ©




Table 1. Summary of CBR Systems*
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Program Reference Domain Task
ABE Kass (1990) Anomalous events Adaptating explanations
ANON Owens (1989a) Proverbs Indexing prototypical cases
CASEY Koton (1988a, 1988b) Heart failures Explanation of anomalies
CELIA Redmond (1990) Automobile troubleshooting Diagnosis
CHEF Hammond (1986, 1989a); Riesbeck & Recipes Goal-driven design, plan-repair
Schank (1989)
CLAVIER Barletta & Hennessey (1989) Autoclave layout Layout design
COACH Collins (1987); Riesbeck & Schank (1989) Football strategy Plan repair, counterplanning
CSI BATTLE PLANNER Goodman (1989) Military Plan critique and repair
CYCLOPS Navinchandra (1988) Landscaping Design
CYRUS Kolodner (1984) Political events Memory organization
DMAP Riesbeck & Martin (1985); Riesbeck & Natural language parsing Classification, recognition
Schank (1989)
HYPO Ashley (1987, 1988); Rissland (1986); Patent law Evaluation by comparison
Rissland & Ashley (1986, 1988)
JUDGE Bain (1986); Riesbeck & Schank (1989) Criminal sentencing Evaluation by comparison
JULIA Hinrichs (1988, 1989) Catering Goal-driven design
KRITIK Goal (1989); Goel & Chandrasekaran Mechanical assemblies Design
(1989)
MEDIATOR Simpson (1985); Kolodner & Simpson Common-sense disputes Goal-driven design
(1989)
IILAEDIC Turner (1989) Medicine Multiple diagnostic goals
PERADYME Kolodner (1988) Cooking Parallel retrieval
PLI1;SUADER Sycara (1987) Labor contracts Goal-driven design
P XUS Alterman (1986, 1988) Subway riding Execution time plan repair
EROTOS Bareiss (1989) Hearing disorders Diagnosis, learning
SXPEDITOR Robinson & Kolodner (1991) Daily errands Planning for multiple goals
WALE Kass and co-workers (1986); Kass & Death and destruction Explanation of anomalies
Leake (1988); Leake & Owens (1986)
TRUCKER Hammond (1989b) Scheduling Opportunistic planning

* After Slade (1991).

the net and progresses downward only when a match can
€ made at the current level. In this way, large portions of
Fhe memory can be eliminated from the search almost
Immediately. When the search terminates, the set of cases
grouped below the current node can be returned. This set
:Vlll have increasing similarity to the probe to the extent
hat the search progresses further down the net. Thus, the
:ﬁt of cases returned will all, in some sense, be “close” to

€ probe (Kolodner, 1983a, 1983b; Lebowitz, 1983).

The second major class of retrieval algorithms are par-
alle] algorithms. These derive their power by examining
all (or many) cases at once. Generally what is done is that
each Mmatch is given a rating of its goodness (using some
:Eletnc) and those cases with the highest ratings are the

€8 returned by the search. Kolodner’s (1984) CYRUS
Was the first to investigate the use of parallelism in CBR.
wel‘ solution used a combination of shared feature net-

orks and redundant discrimination networks that could
© searched in parallel. Other types of parallel algorithms
at have been developed for use in CBR systems include
Paralle] search of a flat memory (as in MBR (Stanfill and
o altz, }988)), and parallel search of a hierarchical mem-
siroy (as in PARADYME (Kolodner, 1988)). Further discus-
Own of parallel retrieval techniques can be found in
(19;38 (1989b), Thagard and Holyoak (1989b), Domeshek

), and Waltz (1989).

Similarity Metrics

If a CBR system is to solve new problems by adapting
solutions to old problems, immediately one must face the
question of how to recognize one situation as being similar
to another. In trying to choose the best cases to reason
with, the system must first match the input to cases in
memory to retrieve a set of candidate cases and then nar-
row down this set to include only the most relevant cases
(Steps 2 and 3 in the CBR Algorithm section above). Since
it is unlikely that a new case will always match a case in
memory exactly, a system must be able to do partial
matching in order to accomplish the first step of retrieving
relevant cases. The system must also have the ability to
compare the goodness-of-match of the retrieved cases in
order to do the second step of narrowing down the set of
relevant cases to a smaller set of “best” cases. Both of
these processes entail the need to have similarity metrics,
or ways of judging how alike two cases are (along various
dimensions).

A naive method of assessing similarity between two
cases would be to count the number of matching features
that the two cases have. This technique is of limited use-
fulness though, since the relative importance of features
often changes depending on the context. More sophisti-
cated methods use the cases already in memory, along
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with various decision heuristics, in deciding which fea-
tures are important for matching (Ashley and Rissland,
1988; Kolodner, 1988; Owens, 1989a; Rissland and
Ashley, 1988; Stanfill, 1987).

The advantage of the naive approach, however, is that
comparison of simple features is computationally less ex-
pensive than matching complex structures. The issue of
efficiency becomes quite important in deciding on a simi-
larity metric, since assessing similarity between cases
plays a role in many of the steps in the CBR algorithm.
Recent efforts at reducing the complexity of matching
cases have used the UIF to implement flat-matching, that
is, eliminating the use of variable binding in the matching
algorithm by Domeshek (in press).

There remain a number of open issues in similarity
assessment. Bareiss and King (1989) mention the follow-
ing:

« How can similarity be computed when cases are rep-
resented in a uniform manner?

+ How does general domain knowledge come into play
in similarity assessment?

« How can the context of the problem solving situation
affect the determination of similarity?

» Can similarity indeed be assessed independent of the
items being compared? In other words, is similarity
computed from first principles each time a judgment
must be made, or is it recalled from past experiences?
Work on judgments of similarity is relevant here (cf
Holyoak and Koh (1987)).

See Bareiss and King (1989) for an overview of current
work on similarity assessment, other relevant work being
Ashley (1989), Kolodner (1989), Porter (1989), Thagard
and Holyoak (1989a), and Whitaker and co-workers
(1989).

Case Adaptation

Once the case or cases which are to be used in the con-
struction of a solution have been selected, the next step is
to adapt the solutions from the selected cases to the prob-
lem at hand. If the current problem is nearly the same as
one that has already been solved, then the old solution can
be used directly and no adaptation is needed. This, how-
ever, is an unusual occurrence and general strategies for
adapting cases are needed to handle the more frequently
occurring situation in which the solution cannot be used
unaltered. The search for case adaptation strategies is
basically an attempt to find ways to adapt a case to make
it relevant to a new situation.

Techniques for adapting cases vary according to the
type of task being performed by the CBR system and to
the extent that they are dependent on the particular do-
main that the system is operating in. CBR systems that do
planning or problem solving often have strict criteria that
a potential solution must meet. This emphasis on evalua-
tion places limits on the kinds of adaptations that are
permitted. Systems that come up with designs or explana-
tions often place more emphasis on creative solutions, en-
couraging a wider variety of adaptation techniques which,

while they may yield many “bad” solutions, may often
come up with interesting or creative ones.

Another trend in research on case adaptation strate-
gies has been to try to discover very general, domain-
independent rules for modifying cases. If such rules could
be discovered, they could be “plugged in” to any CBR sys-
tem, regardless of whether its task was designing recipes
or diagnosing heart conditions. In addition, these general
rules might also be able to form the basis for the learning
of more specific, domain-dependent rules by the system
itself. Several methods of adaptation have been identified
to date.

Substitution methods are used to substitute an object,
value, or set of objects or values in an old solution for
one or a set that better fit the new situation.

Reinstantiation means instantiating the frame-
work for the old solution with new arguments.

Parameter adjustment is a method of adjusting a
solution parameter from the old case based on
differences between the old and new case de-
scriptions.

Local search is a search in semantic hierarchies
for a substitute for some object in an old solu-
tion that must be replaced.

Query memory is a broader search for a substi-
tute.

Specialized search directs search to portions of
the knowledge base where a substitution i$
likely to be found.

Transformation methods transform a piece of an old
solution to fit the new situation.

Commonsense transformation makes use of com-
monsense knowledge about what kinds of
things can be transformed.

Model-guided repair uses a qualitative model to
guide transformation.

Critic application is a methodology for implementing
several of the types of adaptation listed above. It
also provides a way of implementing ad-hoc adapta-
tion heuristics, especially those that do insertions,
deletions, and reorderings.

Derivational replay replays the method used in the old
case for deriving some piece of the solution rather
than taking the solution itself.

The area of case adaptation is currently a topic of a¢-
tive research. Some early examples of work that used ad-
aptation are CHEF (Hammond, 1986, 1989a), and
SWALE (Kass, 1986; Kass and co-workers, 1986). More
recent work on adaptation includes Collins (1989), Goe
and Chandrasekaran (1989), Hinrichs (1989), and Kas$
(1989). ABE (Kass, 1990) investigates adaptation tech-
niques in the domain of explaining anomalous events.

REASONING USING CASES: APPLICATIONS OF CBR

There are two main styles of case-based reasoning: prob-
lem solving and interpretive. In the problem solving style




of case-based reasoning, solutions to new problems are
derived using old solutions as a guide. This style of CBR is
characterized by heavy use of adaptation processes to gen-
erate solutions and interpretive processes to evaluate de-
rived solutions.

In the interpretive style, new situations are evaluated
in the context of old situations. A lawyer, for example,
uses interpretive case-based reasoning when he or she
uses a series of old cases to justify an argument in a new
case. The interpretive style of case-based reasoning uses
cases to provide justifications for solutions, allowing eval-
uation of solutions when no clear-cut methods are avail-
able and interpretation of situations when definitions of
the situation’s boundaries are open-ended or fuzzy.

This section presents a survey of the various tasks to
which CBR systems have been applied, classified by the
kind of CBR being done by each system. A summary of the
CBR systems is presented in Table 1.

CBR and Problem Solving

Case-based reasoning is useful for a wide variety of prob-
IE_!m solving tasks, including planning, diagnosis, and de-
sign. In each of these, cases are useful in both suggesting
solutions and in warning of possible problems that might
arise, There are additional advantages for each problem
solving task.

CBR for Design. In design, problems are defined as a set
of constraints, and the problem solver is required to pro-
vide a concrete artifact that solves the constraint problem.
Usually the given constraints underspecify the problem
(ie, there are many possible solutions). Sometimes, how-
ever, the constraints overconstrain the problem (ie, there
1S no solution if all constraints must be fulfilled). In addi-
Flon, in design, a solution to one piece of a design problem
1s often tightly coupled to the solution of other pieces.

ile constraints can be used to maintain the connections

etween pieces, methodologies that require backtracking
are too tedious for complex problems. Case-based reason-
Ing addresses all of these issues.

* Cases suggest solutions to underconstrained prob-
lems. The solutions might not be exactly right, but
since many different solutions might be appropriate,
adaptation heuristics can generally create a satisfac-
tory solution easily.

When problems are over-constrained, cases suggest
an alternative set of constraints that has worked in
the past. While some adaptation might still have to
be done, the full application of constraint relaxation
can be avoided.

When problem subparts are tightly coupled, cases
can provide the glue that holds a solution together.
Rather than solving the subparts by decomposing,
recomposing, and fixing discrepancies, as is done in
solving nearly-decomposable problems, a case sug-
gests an entire solution, and the pieces that don’t fit
the new situation are adapted in place.

b Several problem solvers have been built to do case-
ased design. JULIA (Kolodner, 1987; Hinrichs, 1988,
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1989) plans meals; CYCLOPS (Navinchandra, 1988) uses
case-based reasoning for landscape design; and KRITIK
(Goel, 1989; Goel and Chandrasekaran, 1989) combines
case-based with model-based reasoning for design of small
mechanical assemblies. It uses case-based reasoning to
propose solutions and uses the model to verify its proposed
solutions, to point out where adaptation is needed, and to
suggest adaptations. MEDIATOR (Kolodner and Simp-
son, 1989; Simpson, 1985), the earliest case-based problem
solver, solved simple resource disputes, eg, two children
wanting the same candy bar or two faculty members
wanting to use the copy machine at the same time. PER-
SUADER (Sycara, 1987) solved labor management dis-
putes.

At least one design problem solver is being put to use in
the real world. CLAVIER (Barletta and Hennessy, 1989)
is being used at Lockheed to lay out pieces made of com-
posite materials in an oven to bake. The task is appar-
ently a black art, ie, there is no known complete causal
model of what works and why. Pieces of different sizes
need to be in particular parts of the oven, but the size of
some pieces and density of a layout might keep other
pieces from heating correctly. The person in charge of lay-
out kept a card file of the experiences, both those that
worked and those that did not. Based on those experi-
ences, CLAVIER can place pieces in appropriate parts of
the oven and avoid putting pieces in the wrong places. It
works as well as the expert whose experiences it uses, and
is thus useful to Lockheed when the expert is unavailable.
CLAVIER almost always uses several cases to do its de-
sign. One provides an overall layout, which is adapted
appropriately. The others are used to fill in holes in the
layout that adaptation rules by themselves cannot cover.

In almost all design problems, more than one case is
necessary to solve the problem. Design problems tend to
be large, and while one case can be used to solve some of it,
it is usually not sufficient for solving the whole thing. In
general, one case provides a framework for a solution and
other cases are used to fill in missing details. In this way,
decomposition and recomposition are avoided, as are large
constraint satisfaction (qv) and relaxation problems.

CBR for Planning. Planning involves a number of com-
plexities. Charniak and McDermott (1985) provide an ex-
cellent overview. Good plans must be sequenced appropri-
ately so that late steps in a plan do not undo the intended
results of earlier steps, preconditions of late steps in a
plan are not violated by the results of earlier ones, and
preconditions of later plan steps are fulfilled before the
step is scheduled. As the number of plan steps increases,
the computational complexity of projecting effects and
comparing preconditions increases exponentially. In addi-
tion, a planner that must interact with the real world
must deal with the real world’s complexity, including the
fact that it is in many ways unpredictable and that time is
not limitless. Streams of goals might need to be achieved
almost simultaneously. Time used for planning can take
away from the time available for execution. Because con-
ditions in the world can change between developing a plan
and carrying it out, a plan might fail at execution time
and require replanning, recovery, or repair. A planner




1274 REASONING, CASE-BASED

with little time might miss opportunities during planning
that can be better noticed and taken advantage of during
execution. See Marks and co-workers (1988) for better ex-
planations of these problems. Case-based reasoning can
address many of these planning issues.

« Cases provide already worked-out plans in which se-
quencing, protection maintenance, and scheduling of
preconditions have already been worked out. Rather
than reasoning from scratch, the planner is required
only to make repairs in old plans.

« If cases are indexed by the conjunctions of goals they
achieve, they can be used to suggest ways of achiev-
ing several goals simultaneously or in conjunction
with each other.

+ Warnings provided by cases can help a planner antic-
ipate and avoid problems, decreasing the likelihood
of failure at execution time.

+ Adaptation strategies used to adapt old plans to new
situations can be used for execution-time recovery
and repair.

+ Suggestions made by cases shortcut the planning pro-
cess, providing relatively more time for execution.

+ Suggestions made by cases allow the reasoner to no-
tice some opportunities (eg, to achieve goals simulta-
neously) more easily during planning.

« A case-based plan executor can notice opportunities
during execution and use its adaptation strategies to
update its plan accordingly.

Case-based reasoners are addressing many of these issues.
PLEXUS (Alterman, 1986, 1988), a program that knows
how to ride a subway, is able to do execution-time repairs
by adapting and substituting semantically similar steps
for those that have failed.

CHEF (Hammond, 1986, 1989a), one of the earliest
case-based planners, addresses the problem of anticipat-
ing problems before execution time by learning from its
problematic experiences. When problems happen at exe-
cution time, CHEF attempts to explain them and then to
figure out how they could be repaired. It stores its hypoth-
esized repair in memory and indexes the case by features
that are likely to predict that the problem will recur. Be-
fore it begins plan derivation, it looks for failure situa-
tions and uses any it finds to anticipate the problems they
point out. Later, it uses the repaired failure situations to
suggest a plan that will avoid the problem it has antici-
pated.

Case-based planners that address some of the other
problems mentioned above have also been built.
TRUCKER (Hammond, 1989b) is an errand-running pro-
gram that keeps track of its pending goals and is able to
take advantage of opportunities that arise that allow it to
achieve goals earlier than expected. MEDIC (qv) (Turner,
1989) is a diagnosis program. It is able to reuse previous
plans for diagnosis but is flexible enough in its reuse to be
able to follow up on unexpected turns of events. EXPEDI-
TOR (Robinson and Kolodner, 1991) plans the events in
the life of a single parent who must deal with kids and
work. It caches its experiences achieving multiple goals

by interleaving them. While it is slow in its initial plan-
ning, it gains competence over time as it is able to reuse
its plans. The CSI BATTLE PLANNER (Goodman, 1989)
shows how cases can be used to criticize and repair plans
before they are executed.

CBR for Diagnosis. In diagnosis, a problem solver is
given a set of symptoms and asked to explain them. A
case-based diagnostician can use cases to suggest explana-
tions for symptoms and to warn of explanations that have
been found to be inappropriate in the past. Of course, one
cannot expect a previous diagnosis to apply intact to the
new case. Just as in planning and design, it is often neces-
sary to adapt an old diagnosis to fit a new situation.
CASEY (Koton, 1988a) was able to diagnose heart prob-
lems by adapting the diagnoses of previous heart patients
to new patients. CASEY is a relatively simple program
built on top of an existing model-based diagnostic pro-
gram. When a new case is similar to one it has seen previ-
ously, it is several orders of magnitude more efficient at
generating a diagnosis than is the model-based program
(Koton, 1988a). CASEY’s adaptations are based on a valid
causal model (CASEY uses model-guided repair as its
method of adaptation). Thus, its diagnoses are as accurate
as those made from scratch based on the same causal
model.

Cases are also useful in diagnosis in pointing the way
out of previously-experienced reasoning quagmires. PRO-
TOS (qv) (Bareiss, 1989) is designed to ensure that this
happens in an efficient way. PROTOS diagnoses hearing
disorders. In this domain, many of the diagnoses manifest
themselves in similar ways and are difficult to differenti-
ate. While novices are not aware of these subtle differ-
ences, experts are. PROTOS begins as a novice, and when
it makes mistakes, a “teacher” explains its mistakes to it-
As a result, PROTOS learns these subtle differences. As it
does, it leaves difference pointers in its memory that allow
it to move easily from the obvious diagnosis to the correct
one.

Generating a diagnosis from scratch is a time-consum-
ing task. In almost all diagnostic domains, however, there
is sufficient regularity for a case-based approach to diag-
nosis generation to provide efficiency. Of course, no person
or program can assume that a case-based suggestion is
correct. The case-based suggestion must be validated. of-
ten, however, validation is much easier than generation-
In those kinds of domains, case-based reasoning can pro-
vide big wins.

Interpretive CBR

Interpretive case-based reasoning is a process of evaluat-
ing situations or solutions in the context of previous expe-
rience. It takes a situation or solution as input, and it
output is a classification of the situation, an argument
supporting the classification or solution, and/or justifica-
tions supporting the argument or solution. It is useful for
situation classification, evaluation of a solution, argumen-
tation, justification of a solution, interpretation, or plan,
and projection of the effects of a decision or plan.
Interpretive case-based reasoning is most useful for
evaluation when there are no computational methods




available to evaluate a solution or position. Often, in these
situations, there are so many unknowns that even if com-
putational methods were available, the knowledge neces-
sary to run them would usually be absent. A reasoner who
uses cases to help evaluate and justify decisions or inter-
pretations is making up for his lack of knowledge by as-
suming that the world is consistent.

Justification and Adversarial Reasoning. Adversarial rea-
soning means making persuasive arguments to convince
others that we or our positions are right. A persuasive
argument states a position and supports it, sometimes
with hard facts and sometimes with valid inferences. But
often the only way to justify a position is by citing rele-
vant previous experiences or cases. Law thus provides a
good domain for the study of adversarial reasoning and
Case-based justification for this reason, and much research
in this area uses the legal domain (Ashley, 1987, 1988;
Bain, 1986; Branting, 1989; Rissland, 1983).

HYPO (Ashley, 1987, 1988; Rissland, 1986) is the earli-
est and most sophisticated of the case-based legal reason-
ers, HYPO’s method’s for creating an argument and justi-
fying a solution or position has several steps. First, the
new situation is analyzed for relevant factors. Based on
these factors, similar cases are retrieved. They are posi-
tioned with respect to the new situation. Some support it
and some are against it. The most on-point cases of both
sets are selected. The most on-point case supporting the
hew situation is used to create an argument for the pro-
Posed solution. Those in the nonsupport set are used to
Pose counter-arguments. Cases in the support set are then
Used to counter the counter-arguments. The result of this
18 a set of three-ply arguments in support of the solution,
each of which is justified with cases. An important side
effect of creating such arguments is that potential prob-
lem areas get highlighted.

In general, cases are useful in constructing arguments
and justifying positions when there are no concrete princi-
Ples or only a few of them, if principles are inconsistent, or
If their meanings are not well-specified.

Classification and Interpretation. Interpretation in the
context of case-based reasoning means deciding whether a
Concept fits some open-ended or fuzzy-bordered classifica-
tion. The classification might be derived on the fly based
on the task at hand or it might be well known but not
Well-defined in terms of necessary and sufficient condi-
tions, Many of the classifications assumed to be defined
'fmé classifications of the open-ended variety. For example,
It is assumed that a vehicle means a thing with wheels
used for transportation, but when a sign says “No vehicles
In the park,” it is probably not referring to a wheelchair or
a baby stroller, both of which fit our simple definition.

One way a case-based classifier works is to ask whether

€ new concept is enough like another one known to have
t}}e target classification. PROTOS (Bareiss, 1989), which
lag‘ltnoses hearing disorders, works like this. Rather than
:_lasmfying new cases using necessary and sufficient condi-
ons, PROTOS does classification by trying to find the
Closest matching case in its case base to the new situation.
t classifies the new situation by that case’s classification.
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To do this, PROTOS keeps track of how prototypical each
of its cases is and what differentiates cases within one
classification from each other. It first chooses a most likely
classification, then chooses a most likely matching case in
that class. Based on differences between the case it is
attempting to match and the new situation, it eventually
zeros in on a case that matches its new one well.

When no case matches well enough, it is sometimes
necessary to consider hypothetical situations. Much of the
work on this type of interpretation also comes from the
study of legal reasoning. HYPO (Ashley, 1987, 1988;
Rissland, 1986) uses hypotheticals for a variety of tasks
necessary for good interpretation: to redefine old situa-
tions in terms of new dimensions, to create new standard
cases when a necessary one does not exist, to explore and
test the limits of reasonableness of a concept, to refocus a
case by excluding some issues, to tease out hidden as-
sumptions, and to organize or cluster cases. HYPO creates
hypotheticals by making “copies” of a current situation
that are stronger or weaker than the real situation for one
side or the other. This work is guided by a set of modifica-
tion heuristics that propose useful directions for hypothet-
ical case creation based on current reasoning needs.
HYPO's strategies for argumentation guide selection of
modification heuristics. For example, to counter a coun-
terexample, one might propose variations on a new situa-
tion that make it more like the counterexample.

Projecting Effects. Projection, the process of predicting
the effects of a decision or plan, is an important part of the
evaluative component of any planning or decision making
scheme. When everything about a situation is known, pro-
jection is merely a process of running known inferences
forward from a solution to see where it leads. More often,
however, in real-world problems, everything is not known
and effects cannot be predicted with accuracy based on
any simple set of inference rules.

Cases provide a way of projecting effects based on what
has been true in the past. Cases with similar plans that
were failures can point to potential plan problems. Cases
with similar plans that were successes give credence to
the current plan. In addition, when parts of a plan are
targeted for evaluation, cases can help with that.

Automated use of cases for projection has not been a
focus of case-based reasoning research, but aid to a person
doing projection is being addressed. CSI's BATTLE
PLANNER (Goodman, 1989) is a case-retrieval system
whose interface is set up to allow a person to use cases to
project effects. A student commander can propose a solu-
tion plan to the system. The BATTLE PLANNER re-
trieves the best-matching cases that use a similar plan
and divides them into success and failure situations. The
person can examine the cases, use them to fix a plan, and
then attempt a similar evaluation of the repaired plan.
Or, the person can use the system to do a sensitivity anal-
ysis. By manipulating the details of the situation and
looking at the changes in numbers of wins and losses (in
effect, asking a series of “what-if” questions), he or she
can determine which factors of the current situation are
the crucial ones to repair and which should be left un-
changed.
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Interpretive Case-Based Reasoning and Problem Solving.
Much work on interpretation has centered on the law do-
main and has looked at justifying an argument for or
against some interpretation of the law. Case-based inter-
pretation is not merely for interpretive problems, how-
ever. It is very useful as part of the evaluative or critical
component of problem solving and decision making when-
ever strong causal models are missing. Though there has
been little work in this area, the processes involved in
interpretive case-based reasoning have the potential to
play several important roles for a problem solver. First, if
the framework for a solution is known, or if constraints
governing it are known, these methods could be used to
choose cases that would provide such a solution. Second,
argument creation and justification result in knowledge of
what features are the important ones to focus on. Know-
ing where to focus is important in problem solving also.
Third, a side effect of HYPO’s methods is that it can point
out which features, if they were present, would yield a
better solution. It does this by keeping track of near-miss
dimensions and creation of hypothetical cases. A problem
solver could use such information to inform its adaptation
processes. Finally, interpretive methods can be used to
predict the usefulness, quality, or results of a solution.

IMPLICATIONS OF CBR AS A COGNITIVE MODEL

One goal of building CBR systems is to attempt to under-
stand the processes involved in reasoning in a case-based
way. Psychologists who study analogical reasoning are
investigating similar processes. There are several impor-
tant potential applications of an understanding of the way
people solve problems in a natural way.

« Decision support systems. This understanding can be
used to help build decision aiding systems for people
that can help them retrieve cases better. Psycholo-
gists have found that people are comfortable using
cases to make decisions but do not always remember
the right ones. The computer could be used as a re-
trieval tool to augment people’s memories. (See the
following section for further discussion on this appli-
cation of CBR.)

« Teaching as providing cases. An understanding of
human case-based reasoning might allow us to create
teaching strategies and build teaching tools that
teach based on good examples. If people are comfort-
able using examples to solve problems and know how
to do it well, then one of our responsibilities as teach-
ers might be to teach them the right ones. Systems
that teach in a case-based way have recently begun to
be developed (Burke and Ohmaye, 1990; Schank,
1991).

Teaching the process of CBR. If it is understood
which parts of this natural process are difficult to do
well, people can be taught how to do case-based rea-
soning better. One criticism of using cases to make
decisions, for example, is that it puts unsound bias
into the reasoning system, because people tend to as-
sume an answer from a previous case is right without

justifying it in the new case. This says that people
should be taught how to justify case-based sugges-
tions and that justification or evaluation is crucial to
good decision making. If other problems people have
in solving problems in a case-based way can be is0-
lated, then people can be taught to do those things
better.

BUILDING CBR SYSTEMS

There are many reasons one might want to build a CBR
system. It might be needed to solve problems, to suggest
concrete answers to problems, to be suggestive without
providing answers (ie, to give abstract advice), or to just
act as a database that can retrieve partially-matching
cases. This suggests several different kinds of case-based
reasoning systems that might be built. At the two ex-
tremes are fully-automated systems and retrieval-only
systems. Fully automated systems are those that solve
problems completely by themselves and have some means
of interacting with the world to receive feedback on their
decisions. Retrieval-only systems work interactively with
a person to solve a problem. The role of such systems is
just to augment a person’s memory, providing cases for
consideration that he or she might not have been aware of;
the user is left responsible for doing the reasoning and
making the hard decisions. The CSI BATTLE PLANNER
(Goodman, 1989) provides this type of capability now for
battle planning. Then there is the whole range of systems
in between, some requiring more on the part of the person
using the system, some less.

How might one go about building a CBR system? What
is required for the simplest of systems is a library of cases
that coarsely cover the set of problems that come up ina
domain. Both success stories and failures must be in-
cluded and the cases must be appropriately indexed. This
library, along with a friendly and useful interface, can act
as an “expert assistant” by augmenting the memory of 2
human user. Once a system consisting of the case library
and user interface has been built, automated reasoning
and problem-solving processes can then be added incre-
mentally.

SUMMARY

The case-based reasoning paradigm grew out of research
on human memory and a growing dissatisfaction wit
rule-based systems. CBR has several advantages as & the-
ory and methodology of problem-solving, including psy:
chological plausibility, easier knowledge acquisition, an
robustness. In addition, CBR provides a natural mecha-
nism for incorporating learning, offering such advantages
as performance enhancements and scalability.

The basic method of CBR is to adapt past solutions
solve a current problem. This involves extracting indexes
from the input and using these indexes to retrieve rele-
vant cases from memory. After narrowing down the set
retrieved cases to a few most worthy of consideration, &
CBR system adapts these cases to form a solution to the
current problem. This solution is evaluated and, if accept”




able, it is executed in the real world. The system then
receives feedback about the success or failure of its solu-
tion and may modify the solution in response to an analy-
sis of this feedback. Once the solution is acceptable, it is
added to memory to be used to solve similar problems in
the future.

This basic algorithm gives rise to many interesting is-
sues which are currently being researched in the CBR
community. Some of the issues discussed here are index-
ing vocabularies, memory organization, retrieval algo-
rithms, similarity metrics, and case adaptation. While
much progress has been made, a great deal more work
rt?mains to be done, making it likely that the CBR para-
digm will continue to be an active area of research in the
years to come.

CBR systems have been designed to perform a wide
variety of both problem-solving and interpretive tasks.
Design, planning, and diagnosis are three areas where
Problem-solving CBR has been applied. Systems doing in-
terpretive CBR have been built to do justification and ad-
versarial reasoning, classification, and interpretation
tasks, as well as projecting the effects of plans. Given its
Success in such a diverse set of domains and tasks, it is not
Surprising that case-based reasoning continues to enjoy a
great deal of popularity as a reasoning and problem solv-
Ing paradigm.
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particular domains. Examples include diagnosing medical
problems or circuit faults, simulating physical systems,
understanding stories, and planning robotic tasks. Most
Al research involving causal reasoning falls into this “ap-
plied” category. In contrast, theories of causation focus on
understanding the nature of causal relations and causal
reasoning per se. Traditionally, such analyses have been
the concern of philosophers of science, statisticians, and
cognitive scientists. Recently, Al researchers have devel-
oped computational theories of causation, typically cast as
formal logics. These formalisms define domain-indepen-
dent logical representations for causal relationships in the
world and automated deduction algorithms that capture
causal inferences.

Causal models can be partitioned into two subclasses
based on how they depict causation: explicitly or implic-
itly. Explicit causal models draw behavioral inferences in
terms of structures that are specifically and uniquely in-
terpreted as causal relations. Typically, causal links (eg,
“causes,” “possibly causes,” or “causes with probability
x”), are used to connect states or events in a chain or
network. Causal reasoning in these systems hinges on
tracing the links signifying causal relations from known
states to other states that represent either future behav-
ior (prediction) or elaborations of already observed situa-
tions (explanation).

In contrast, causal knowledge in implicit models is ei-
ther: (1) not represented explicitly; or (2) modeled using
explicit structures that do not have uniquely causal inter-
pretations. Approach 1 is typified by symbolic simulators
of mechanical or electronic devices: the algorithms that
generate model system behaviors implicitly reflect causal
structure in the world, but the simulators make no essen-
tial reference to causation at all. Most logic-based plan-
ning systems exemplify approach 2: axioms, called causal
or projection rules, specify the behavioral consequences of
basic model actions such as picking up and moving blocks
about a table. Planning systems apply these predictive
axioms to determine whether a given action will help to
achieve desired goals. However, reasoning based on such
“causal” axioms is not explicitly distinguished from infer-
ences derived from noncausal axioms (eg, that prohibit
simultaneous actions or two objects cooccupying a single
location.)

This categorization captures important distinctions in
the field although, like most organizing frameworks, it is
somewhat broad. Causal modelers frequently make im-
portant observations about the nature of causation, while
causal theorists sometimes apply their accounts to con-
struct causal models in particular domains. The following
sections review Al and related literature on causal models
and theories. A brief critical assessment of the field and
future research directions concludes the entry.

EXPLICIT CAUSAL MODELS

Explicit causal models often depict causal relationships as
links between nodes in a network that represent states,
state changes, events, or actions. These models have been
explored most extensively in two quite different contexts:

diagnosis of medical problems or circuit faults and story
understanding. In both domains, the goals of causal infer-
ence are to (1) map available observations onto network
nodes and (2) activate additional nodes as necessary to
construct a subnetwork of states and events linked in 2
causally coherent pattern. This subnetwork constitutes a
causal explanation or prediction for the observed situa-
tion.

Rieger and Grinberg (1977) introduced the first exten-
sive causal-link representation. Their goal was to express
causal knowledge of the operation of a complex mecha-
nism sufficient to simulate its behavior. Their model en-
compasses types of nodes that represent actions, tenden-
cies, states, and state changes, together with link types
that depict primitive causal relations among these nodes.
Connective link types include causality, enablement, and
concurrency. Each node and causal link in a mechanism
description is implemented as an independent computa-
tional agent. Activation percolates through the network
according to the semantics of each type of link, in a tempo-
ral sequence intended to correspond to the sequence o
states, actions, or state changes in the behavior of thf’
mechanism. The simulator can, however, introduce spurl-
ous temporal ordering relations among events on indepen-
dent causal paths; no provisions were made for detecting
or correcting these anomalies. Rieger and Grinberg dem-
onstrated this apparatus by building structural models
and behavioral simulations for several nontrivial mecha-
nisms, including the forced hot-air furnace and the flush-
ing toilet.

Research on story understanding (see Story ANALYSIS)
employs causal reasoning to reconstruct complete and co-
herent scenarios from narrative fragments such as “JO‘:
burned his hand because he forgot the stove was on-
Schank parses stories into complex symbolic networks of
acts and their participants (Schank and Abelson, 1977)-
An elaborate grammar specifies legal constructions of ob-
jects, actors, and primitive “act” types such as PROPEL,
GRASP, and PTRANS (physical transfer of objects). Stere-
otypic activities such as dining at a restaurant are cap-
tured in predefined network templates called scripts G\
Scripts establish an expected sequencing of acts, includ-
ing nominal and exceptional “branching” situations, an
their relationships to actors’ plans and goals. Shank’s pro-
gram extends parsed story networks through a set of 11
ference patterns, enabling causal questions (eg, how an
why), to be answered about elements unmentioned in the
input narrative. In particular, causality inference pat’
terns generate explicit causal links from conjoined €
quences of acts such as “John hit Bob and he fell.” Sim1-
larly, belief and intention patterns ground reasoning
about the mental states and causal motivations of acto™®
in the story. Subsequent research has explored various
alternative modeling frameworks and inference t€C .
niques (Dyer, 1983); however, reasoning about the caus?

content of stories remains a central issue.
] red”

As in story understanding, the purpose of causa
soning in medical diagnosis (see MEDICINE, A1 IN) is to deteT”
mine a causally coherent set of events that has take?
place and that matches the available observations.
explicit causal models embodied in diagnostic S)’Stems




typically employ simpler models consisting of a single
type of node representing partial descriptions of patients’
states and a single type of causal link.

The CASNET program (Weiss, 1978) diagnoses various
forms of the eye disease glaucoma. Causal relationships in
CASNET are represented as links weighted with confi-
dence factors, scaled from 1 (rarely causes) to 5 (almost
always causes). A disease process is modeled as a causal
chain of anomalous “pathophysiological” states, whose
partial ordering depicts the progression of the disease over
time. An example causal chain is that angle closure (if
Prolonged and untreated) Causes elevated intraocular
Pressure, which Causes optical-disk cupping, which
Causes glaucomatous visual field loss. CASNET incorpo-
rates two other levels of description, one for disease cate-
gories such as open-angle glaucoma, and one for clinical
observations such as patient symptoms and test results.
Support for diagnostic hypotheses is propagated by associ-
ational links from clinical evidence to pathophysiological
states, across causal links among pathophysiological
states, and by classification links from anomalous states
to disease categories. Diagnostic inferencing in CASNET
treats the weighted causal links simply as conditional
I{TObabilities. However, the links reflect actual connec-
t}Ons in the glaucoma domain and therefore can be ac-
tivated in orderly chains with causally meaningful
relations to disease hypotheses. Thus, the causal interpre-
tation of links is relevant for constructing and validating
th.e medical knowledge base, but not for the internal oper-
ation of the program per se.

) The ABEL program (Patil, 1981) uses weighted causal
links between anomalous states to reason about acid—base
and electrolyte disturbances in patients. ABEL’s links are
More complex than CASNET’s, consisting of multivariate
relations between multiple cause and effect states that
an also reflect diagnostic context and default assump-
tions. ABEL’s causal links, while homogeneous, can also

e decomposed hierarchically. For example, “{Coleostomy,

larrhea, Fistula} Cause Lower-GI-Fluid-Loss, which
onsists-of {Water-loss, Sodium-Loss, . . .} and which

‘duses {Dehydration, Acute-Renal-Failure, Hypoten-
Slon, . . }” Finally, ABEL interprets link weights as
Measures of magnitudes rather than as probabilities. This
allows ABEL to reason about interactions between multi-
p}e diseases by deciding whether a known cause is suffi-
Clent to account for the observed magnitude of the disor-
der. If not, a second disturbance may be interacting with

e first to cause the observed problem. ABEL relies on
Numeric calculations to generate disease-interaction hy-
Potheses and to test whether a given cause is sufficient to
a?90unt for an observed effect, which restricts the applica-

lht}' of this technique to domains where adequate nu-
;neI‘ICal theories exist. CADUCEUS (qv) (Pople, 1982) is

€ successor to INTERNIST-1, a general diagnostic pro-
tgram for internal medicine. CADUCEUS develops a pat-
€In of interactions between causal and taxonomic links
amof{g disease hypotheses and pathophysiological states,
szcuslng on the search for appropriate intermediate
siates. T.he causal network portion of the model features a

ngle kind of link, meaning “may be caused by,” to con-
Rect nodes that represent patient states. During diagno-
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sis, the causal network is used to focus search on a small
set of possible causes for an observed finding or inferred
intermediate states. Simultaneously, the independent
taxonomic network is navigated to isolate a parallel set of
differential diagnosis problems. CADUCEUS then com-
bines the two analyses to determine the diagnostic test
that best refines the set of candidate diagnostic hypothe-
ses at lowest cost.

Causal-link models generally depend on networks
made up of behavioral fragments, state/event/action
nodes, connected by causal relation arcs. Such models
have been criticized on the grounds that they cannot rep-
resent the structure of mechanisms, nor derive behavioral
predictions from structure. Without this capability, inter-
actions between processes are difficult to reason about
since they interact by having simultaneous influences on
structural parameters. As noted above, ABEL (Patil,
1981) addresses this issue by assigning numeric strengths
to causal links and performing substantial calculations
with those numbers. In contrast, Pipitone (1984) combines
causal and structural knowledge to troubleshoot elec-
tronic circuits: causal knowledge is incorporated as rules
that depict the propagation of abnormal behavior through
structural models. Most rules take the form “Given Test-
Precondition-X, Parameter-1 Abnormality-1 at Termi-
nal-1 always/sometimes causes Parameter-2 Abnormal-
ity-2 at Terminal-2.” Abnormalities can be quantitative
or qualitative, such as “DC-voltage-HIGH.” The struc-
tural model specifies connections between terminals of
relevant device modules. The rules and structural model
are applied to find combinations of component faults con-
sistent with test results reported by a technician. Given
test costs and a priori probabilities of component failures,
Pipitone’s system computes the probability of a given
fault combination and the most cost-effective test to per-
form next to further isolate device faults. Causal rules can
also represent explicit fault models, such as “Faulty mod-
ule-X sometimes causes Abnormality-Y,” considerably en-
hancing diagnostic efficiency.

IMPLICIT CAUSAL MODELS

Symbolic simulation is a type of causal reasoning in which
the behaviors of individual components of complex physi-
cal or biological systems are described; the global behav-
ior of the system is then deduced from the interactions of
the components. Fundamentally different approaches for
describing component behavior have been developed for
discrete and continuous process models of systems.
Symbolic simulation of a continuous system derives a
qualitative description of that system’s possible behaviors
from a qualitative description of its structure. The struc-
tural description, which represents an abstraction of the
exact differential equations that model the system, is
based on a set of continuous state variables and con-
straints that must be satisfied by the values of those vari-
ables at each instant in time. Consider, for example, a
system consisting of two containers filled with liquid con-
nection by a uniform pipe with a valve. State variables
would include flow, rate of flow, the relative heights and
fluid levels of the containers, and valve position. Values
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can be landmark points in a continuous space (eg, 0,
Min-X, =), intervals between landmark points, (eg, par-
tially full), or points from a discrete space (eg, open,
closed). System constraints, following simple fluid me-
chanics, would be that the total volume of fluid remain
constant, that the rate of flow into one container is equal
to the rate of flow out of the other, and so on. Biophysical
systems can be characterized similarly, by combining
qualitative physics and chemistry.

A single behavior of a mechanism is represented as a
sequence of qualitative values of the state variables, to-
gether with directions of value changes. For example,
both flow and rate of flow can increase, decrease, or re-
main constant. Qualitative simulation propagates
changes of state through the structural description (eg,
opening the pipe valve), by cycling through the following
steps: (1) propagating a partial set of variable values
across constraints to construct a complete system descrip-
tion at given instants; (2) examining variables with
changing values in a given state to determine whether
they are approaching limiting landmark values; and (3)
determining the next qualitatively distinct state by ana-
lyzing the possible transitions of individual variables to
determine which transitions can occur next. Different re-
searchers use transition-ordering decision procedures
(Williams, 1984a, 1984b; Forbus, 1984; Kuipers, 1984) or
constraint-based transition filtering rules (Kuipers, 1985;
de Kleer, 1984; de Kleer and Brown, 1984; de Kleer, 1979)
to accomplish this step. Structural descriptions may not
provide sufficient information to specify the next qualita-
tive state uniquely, so qualitative simulators create a
branching tree or directed graph of state descriptions that
represent possible behaviors (and alternative solutions to
the abstracted differential equations). Variations in quali-
tative structural models and simulation algorithms are
described more fully in Bobrow (1985) (see PHysics, QUALL-
TATIVE).

Reasoning in qualitative simulation is based on struc-
tural models devoid of explicit causal structures. Causal
knowledge is nonetheless both implicitly present and im-
portant. For example, process-based structural descrip-
tions (Forbus, 1984) depend on the concept of spatially and
temporally localized histories (Hayes, 1979) to infer re-
strictions on the set of possible causal interactions. More
significantly, simulation algorithms for propagating dis-
turbances through a network of constraint equations pre-
suppose notions of “causal flow.” Intuitively, causal flow
depicts the movement of “information” through a system,
such as fluid, current, or applied force. Flow serves to
identify which state variables are dependent and indepen-
dent with respect to one another; these relationships, in
turn, determine the order for solving the simultaneous
constraint equations. Iwasaki and Simon (1986) offer an
insightful critique of the “mythical causality” flow model
underlying de Kleer and Brown’s (1984) qualitative simu-
lator as compared with Simon’s (1977) earlier theory of
causal ordering for solving exact differential equations.
By virtue of this latent causal content and the ordering of
model events generated by a simulation, qualitative be-
havioral descriptions can be used to answer causal ques-

tions about the systems they depict. Thus, while qualita-
tive simulation fails to model or explicate causation per
se, it clearly provides an important vehicle for under-
standing and predicting the behavior of complex physical
and biological systems.

Symbolic simulation of continuous systems maps con-
tinuous value spaces into discrete spaces of qualitative
descriptions. In digital electronic systems, on the other
hand, state variables already have discrete values. The
set of permissible state changes is constrained not by con-
tinuity but by the Boolean semantics of digital circuit
components (eg, AND and OR logic gates). Digital simula-
tors thus rely on catalogs of device descriptions rather
than a fixed set of qualitative state-transition rules; both
structure and behavior of circuit modules are modeled as
equations relating input, output, and state variables.
Symbolic descriptions of variable values are still neede_d
to handle abstractions of values and disjunctions of possi-
ble values; such symbolic data must be propagated for-
ward through the simulation model when sufficient infor-
mation is not available to specify exact values uniquely-

Discrete symbolic simulation has been extensively in-
vestigated for automatically: verifying designs for digital
circuits; generating tests for manufactured circuits (Shir-
ley, 1986) and diagnosing malfunctioning circuits. For ex
ample, VERIFY (Barrow, 1984) simulates the behavior of
a complex digital circuit and compares this prediction to
the device specification. Hierarchical decomposition 0
system descriptions into modules allows different levels '§°
operate in different value domains: voltage levels, logi®
values, integers. Diagnosis is required when the behavior
of an actual circuit fails to satisfy a correctly specifie
design. A hypothesized fault in the circuit can be tested by
simulating the circuit forward from the suspect compo-
nent(s) with the given set of test inputs to see whether the
prediction matches the observed anomalous outputs. Tbe
space of possible fault hypotheses in nontrivial digital 1
cuits is generally very large, so that intelligent searc
(qv) is crucial. Davis’s (1983) troubleshooting system con-
trols search through a set of assumptions about the nature
of the fault, which are progressively suspended as searc
is completed in the most likely portions of fault spacé:
Research continues very actively on alternative, more €™
cient search algorithms for fault diagnosis. Most simula®
tors for circuit diagnosis only reason about faults involv-
ing topological adjacency: logical connectivity betwe?n
gates or modules spelled out in the design schemat}c'
Davis (1984) investigated faults related to physical adja”
cency (eg, bridging short circuits caused by wire or solder
fragments connecting adjoining traces, faults induced_ by
electromagnetic field or thermal proximity). Discrete sl
ulators that reason about the spatial arrangement of the
actual fabricated circuit elements can uncover fault ca r
dates through potential causal pathways of interactio?
that are not revealed in logical schematics.

Discrete simulation is a very useful application of b'e-
havioral modeling in the specialized domain of digital ¢
cits. As with continuous qualitative reasoning, causal 1%
formation such as “Fault-X explains Behavior-Y” cal* -
derived from simulations that are not explicitly causé i




character. However, the extension or applicability of dis-
crete simulation research results to the general study of
causal reasoning appears to be limited.

The third major class of implicit causal models consists
of logic-based systems for planning (qv) and other forms of
commonsense reasoning (qv) (Davis, 1990). Causal struc-
ture in these models is captured implicitly in so-called
“causal” or projection axioms (Dean, 1987). Such axioms
specify the behavioral consequences of applying a domain-
Specific operator or being in a particular state in a dy-
hamic physical system. An example blocks-world axiom
would be “IF (On ?x ?z ?t1) & (Kind-of ?x block) & (Kind-of
?z block) & (Clear ?x ?t1) & Move (?x table ?t1) & (= ?t2
(+ 1 2t1)) THEN (On ?x table ?t2) & (Clear ?x ?t2) &
(Clear ?z 2t2).” Intelligent “look-ahead” planners use such
?Xioms to predict the utility of possible alternative actions
In achieving goals. As in other implicit models, neither
the causal nature nor content of projection axioms play
any explicit, distinguished role in problem-solving reason-
ing,

THEORIES OF CAUSATION

Explicit causal models take as primitive the notion that
°nf! event can cause another, and derive implications from
this relationship without defining the meaning of causa-
tion; causal links simply stand in for deeper, “first princi-
Ples” theories or “compiled” bodies of statistical (eg, diag-
Nostic) knowledge. Implicit causal models supply deep

ehavioral theories (eg, qualitative physics, Boolean logic
of digital circuits), but their reasoning lacks any essential
reference to causation, either scientific or commonsensi-
cal. In contrast, theories of causation focus directly on the
Meaning of causation and the criteria for legitimately as-
Serting causal relationships given observed regularities in

fe world. This section discusses research on causal theo-
Tles in Al statistics, cognitive science, and the philosophy
of science.

Much of what we take to be “causal” knowledge of the
®Ommonsensical physical world is not easily captured in
Simple causal links or other causal models. For example,
We know that water poured from a canteen might splash
off a rock, wetting both the rock and one’s legs, and then
Soak into the ground. Hayes (1979) notes that a critical
Prerequisite for automating reasoning about such phe-
Nomena is a representational model that is sufficiently
®Xpressive to state the simple facts and relationships that
Constitute commonsense knowledge. He also argues that
Causation, ag such, is not a self-contained category that
¢an Support independent axiomatization; rather, it is a

)_’pe Ofknowledge that must be represented separately for
uliflfeljent physical domains: causal knowledge about lig-
se 8 1s knowledge about liquids, not about causality. Sub-

Quent research by Hayes and others to codify causal

Nowledge in this piecemeal manner is collected in (Hobbs
and Mogre, 1985).

Wwo kYC, an intelligent encyclopedia project (Lenat and co-
m, T ers, 1990), is an ambitious attempt to construct a
assive knowledge base that captures and reasons about
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the body of commonsense facts and concepts about the
world that we know and assume others to know. Like most
Al researchers, Lenat subscribes to a linguistic rather
than an ontological view of causation: causal relations
hold between propositions describing events rather than
between events per se. His theory of causation can be
summarized via the following set of axioms: (1) causation
entails (and is stronger than) material implication [ie, if P
Causes Q then (P D Q)]; (2) causing events occur before
the start of caused events; (3) propositions describing
events are true either because they were asserted or by
virtue of a deduction involving a causal rule (eg, P(e;)
Causes Q(e2) and P(e,) is true; (4) Causes is a general class
relation that has numerous specializations; and (5) in
statements of the form “P(e;) Causes Q(ey),” Causes is
either a primitive relation or decomposable such that
“P(e;) Causess Ps(es) . . . Pye,) Causes, Q(ey).” Axioms 4
and 5 are of particular interest. CYC supports a diversity
of specialized causal relations, such as electricalConduc-
tingCauses, a specialization of physicallyCauses that
holds among ElectricalEvents. Lenat also holds that com-
plex causal relations are decomposable into temporally
extended sequences chains of different, more specific types
of causal links. [In contrast, ABEL (Patil, 1981) allows
only for hierarchies of a single type of causal link.] To-
gether, these features allow CYC to (1) systematically ad-
dress problems concerning alternative causal explana-
tions and (2) provide different levels of explanation in
terms of causal relations of varying levels of complexity or
granularity. Lenat holds that causal relations are non-
primitive in the sense that causal statements constitute a
distinguished subset of implications [ie, P Causes Q is
defined as (P O Q) & Causal '(P D Q)]; however, he has not
yet proposed a precise definition for the metalogical predi-
cate “Causal.”

The RX program (Blum, 1982) is an “automated statis-
tician” that examines medical evidence stored in a time-
oriented database and determines whether causal rela-
tionships can be inferred. RX follows accepted procedures
in statistical data analysis and uses an operational defini-
tion of causality: A is said to cause B if, over repeated
observations (1) A is generally followed by B, (2) the in-
tensity of A is correlated with the intensity of B, and (3) no
known third variable C is responsible for the correlation.
RX’s causal links incorporate multiple attributes, includ-
ing numeric ones such as intensity and frequency. The
central concern of RX lies with the third test of causality,
for nonspuriousness, and is responsible for the bulk of its
domain-specific knowledge of causal relations.

Pearl (1986) defines a type of belief network based on a
probabilistic causal theory (see BAYESIAN INFERENCE METH-
ops). Causal networks are directed, acyclic graphs of nodes
representing propositions about multivalued observations
or mutually exclusive hypotheses (eg, Test-result is low
medium, high, Patient-diagnosis is disease A, B, or C).
Causal relations are represented by directed links con-
necting pairs of nodes X and Y; each link is quantified by a
matrix (M(Y | X). A matrix element M(Y|X)i,j is the condi-
tional probability of Yi given Xj, whose value is a constant
between 0 and 1. Matrix values are static and fixed. The
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influence of new evidence on belief nodes in the causal
network is propagated through links using an updating
algorithm based on Bayes’s theorem for manipulating
conditional probabilities. Pear] demonstrates evidence fu-
sion and belief propagation for binary causal trees, in
which exactly one variable can be the cause of another.
For example, the patient having disease Xj causes “Test-
Result-k” to be Zj. Extension to multiply connected net-
works is based on the use of auxiliary dummy variables,
called “hidden causes,” to flatten out the network.

Pearl argues that his causal belief networks reflect the
cognitive structure of human causal model formation. For
example, we posit unifying, centralized causal variables,
such as standard time, to account for observed correla-
tions in the world, such as the agreement of personal
watches and public clocks. The common “causal” mecha-
nism also enables us to treat individual observations as
being independent of one another. Pearl’s Bayesian model
is cognitively attractive because of its modularity and
computational efficiency, but unintuitive in its purely
quantitative measure of (the strength of) causal links.
Suppes (1970) also defines causation via conditional prob-
abilities but specifies conditions to qualify causal rela-
tions as genuine, spurious, direct, indirect, supplemen-
tary, sufficient, or negative.

Most of the recent theories of causation by Al research-
ers extend formal logics developed for temporal reasoning.
This trend reflects the intimate relationship between the-
ories of time, which are necessary to describe change, and
theories of causation, which constrain possible changes to
conform to some restricted set of regular patterns. The
primary goal of causal logics in Al is to address the classic
frame problem (see Frames), which Shoham (1988b) re-
formulates into two issues: the qualification problem—
how to specify projection rules that characterize the
“physics” of change in a domain without endless assump-
tions that qualify relevant background conditions; and the
extended prediction problem—how to make predictions
over significant intervals of time without having to worry
about possible intervening events (eg, a gun becoming
unloaded before it is fired). To solve these problems, for-
mal logics attempt to establish (1) the unique syntactic
forms that causal-temporal assertions take in a body of
knowledge, (2) a precise semantics for interpreting such
statements, and (3) algorithms for propagating causal
knowledge forward in time. These logics are called non-
monotonic (see REASONING, NONMONOTONIC), because state-
ments true at one time can subsequently become false as
the world changes.

Hayes’s (1979) concept of histories is an important
precursor to causal logics in addressing the prediction
problem. Objects and events are taken to have four-
dimensional spatiotemporal extents, called histories. We
generally have definite intuitions about such boundaries
in both space and time. Two objects can interact only if
their histories intersect. For example, moving a block on a
tabletop cannot affect a block that is now in the other
room because the histories of the two blocks do not inter-
sect and because the history of a move action does not
have a sufficient radius to affect both blocks. On the other
hand, the move action could potentially affect other blocks

on the same table, so a more careful check for collisions is
warranted. Thus, histories constrain the types of causal
interactions that need to be considered in a given situa-
tion.

Causal-temporal logics in Al establish a logical repre-
sentation of events, continuous change, and primitive
causal relations. Various axioms ground inferences about
temporal and causal assertions. Allen (1984) takes for his
primitives properties, events, processes, and temporal in-
tervals. ECauses is a primitive causal relation on events
and intervals that is transitive, antisymmetric, and anti-
reflexive. Two of Allen’s deductive axioms are (1) if
ECause(e,t,e’,t’) and e occurs, then e’ occurs; and @) if
ECause(e,t,e’,t') then interval t' precedes, meets, over-
laps, or lies within interval t. ACause, Allen’s other primi-
tive relation, holds between human agents and their
actions. McDermott (1982) posits primitive facts, events;
and instants; intervals are defined as sets of instants. His
axioms are similar to Allen’s. McDermott models time as
a branching set of chronicles, with a single past and multl-
ple possible futures. A chronicle is a global history of the
entire universe, in contrast to Hayes’s bounded histories
of individual objects. McDermott posits two primitive
causal predicates, ECause, where one event causes an-
other, possibly with an intervening interval of delay (eg:
setting a timer in the morning to switch on lights at
night), and PCause, where an event causes a persisting
fact. Persistent facts address the problem of extended pre-
diction; once known, facts can be assumed to remain true
over some specified, extended interval in the absence 0
information to the contrary. McDermott also analyzes the
causal notion of a current action preventing a future even_t
from taking place, in terms of alternative future chronl-
cles.

Shoham’s (1988a, 1990) causal-temporal logic is the
most comprehensive Al theory of causation to date, cO™”
plete with a rigorous semantic interpretation. Unlike
other causal theorists, Shoham adopts an epistemic moda
logic (see Locic, MopAL). Base axioms take the form
0(t1,t2,P), where the modal operator “0,” read “It is neces”
sary that,” applied to the temporal proposition is inter”
preted as “an agent believes that P is true during interva
(t1,t2].” Shoham defines “A Causes B” as “If whenever oné
believes A(t;), and one does not believe that some set 0
background conditions C(tj) are false, then one believes
B(ty)” for i,j < k. C represents a set of plausible default
assumptions, which, if known to be violated would force
the “effect” belief to be retracted. For example, O(t5, t5,
turn-key) Causes O(t6, t6, car-starts) given that a(ts, .t5’
battery-OK & plugs-clean, . . .}). A theoryisa collectio?
of causal statements (as defined above) and base axioms:
Chronological ignorance is a criterion for selecting theo
ries in which as little as possible that runs contrary to the
defaults is known for as long as possible. For exampl_e’
prefer the theory in which O(t6, t6, car-starts) over one 1
which O(t5, t5, battery-dead). Shoham proves that there 15
a unique and effectively computable causal theory that 18
maximally chronologically ignorant, thus addressing ¢
qualification problem. Similarly, Shoham deals with eX’
tended prediction by selecting a (unique, computable) SU’7
set of causal theories, called inertial theories. Potent12




histories, a variant of McDermott’s persistent facts, form
the basis of the inertial preference criterion. Intuitively, a
potential history picks out a “natural” course of events
that persists unless there is explicit information to the
contrary about intervening causal influences. Shoham
also offers formal definitions of causal notions such as
Prevention and enablement.

An important feature of Shoham’s account is that
causal statements have a unique logical form. Moreover,
causal and lawlike statements are distinct, both syntacti-
cally and in meaning: causal statements are contingently
true (ie, “defeasible”), whereas laws are universally and
hecessarily true. An important disadvantage is that
causal reasoning in Shoham’s logic is exclusively predic-
tive; no uniqueness theorems exist in his logic for project-
Ing theories backward in time. This precludes abduction,
which explains why things are the way they are by rea-
Soning from effects to their likely causes. [Note: Pearl
(1988) deals with this problem of “retrodictive” explana-
tion by adding a separate class of probabilistic links to his
belief networks. These links reflect accrued evidential
Support (eg, if smoke, then fire), where causal links, di-
rected oppositely, reflect accrued causal support (eg, if fire,
then smoke).] Finally, Shoham argues that his logic repre-
Sents an attractive cognitive model with its low memory
overhead, computational efficiency, and modularity; back-
8round conditions are isolated from causal principles and
n_laintained as default or statistically most likely assump-
tions relative to a given environment.

Lifshitz (1987) proposed a theory of action based on a
Nontemporal causal logic to address the problems of quali-
fication and prediction. He takes causation as a primitive
relational predicate on actions, states and fluents, which
are functions on situations (eg, The current U.S. Presi-
dent). Explicit causal axioms of the form Causes(action
old-state new-state) depict the effects of successfully per-
formed actions, such as Cause(toggle-switch on off) and
Cause(shoot—gun loaded false). The preconditions for
actions to be successful are declared in separate axioms,
Such as Precond(loaded-gun, shoot-gun). Lifschitz demon-
Strates that changes occur in his models only if they con-
t(')rm to the causal axioms, without explicit reference to

Ime,

Al research on causal reasoning benefits greatly by

Considering the constraints on human causal knowledge
1scovered by cognitive scientists. Cognitive theories at-
tempt to accommodate the kinds of variation observed in
t}_le human population (individual, developmental, and
hl'storical) within general models of causal relations and
Problem-solving performance. Such models provide valu-
a.ble resources for Al-based causal knowledge representa-
tions and automated reasoning methods in both common-
Sensical and technical domains. As in many areas of
‘evelopmental psychology, Piaget (1966) provides the ear-
lest systematic studies of causal knowledge, looking at

e types of early theories children create to explain phe-
Nomena such as the wind blowing, clouds moving, boats

Oating, shadows, bicycles, and airplanes. He identifies

Tee distinct classes of causal explanations—psychologi-
caLmagical, animistic, and rational-mechanical; only

€ third encompasses what we normally consider as “cau-
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sation.” Piaget argues that evolution through these
classes is driven by three processes of cognitive develop-
ment: the progression from a subjective to an objective
view of causality as external to the self, from the view of
causality as an almost immediate cooccurrence of events
to an ordered sequence of intermediate steps, and from
causal relations seen as irreversible changes to reversible
mechanical connections.

Empirical cognitive studies collecting and analyzing
verbal protocols have been used to construct explicit
causal computational models of the behavior of heat en-
gines (Williams and co-workers, 1983) and to build a qual-
itative simulation of the physiological mechanisms under-
lying a kidney disease (Kuipers and Kaissirer, 1984).
Other researchers have investigated the influence of
causal knowledge on other kinds of reasoning. For exam-
ple, Tversky and Kahneman (1980) demonstrated that
schemas of causal relations strongly dominate the process
of estimating relative and absolute probabilities in situa-
tions where exact knowledge is unavailable. Cognitive re-
search has been particularly active in education, studying
the differences between naive causal models of mechani-
cal systems used by novice students and lay adults as
contrasted with those of expert physicists. Related studies
have explored analogies between the historical evolution
of physical theories (eg, from pre-Galilean to Newton dy-
namics) and the progression of causal models adopted by
science students. Gentner and Stevens (1983) have col-
lected important research papers in this area.

A third important class of cognitively oriented studies
of causation consists of recent computational models for
acquiring or learning causal knowledge. Anderson (1989)
incorporates “inate knowledge” of causal inferences into
his cognitive model PUPS to demonstrate rationalistic
learning, which he defines as the extraction of problem-
solving operators from experience. His store of causal in-
duction principles include heuristics involving identity,
previous action, and minimal contrast. For example, on
typing (lis) into a computer that responds (lis: unknown
function object), the recurring token “lis” can be inferred
to have a causal role in the occurrence of the second event.
The second heuristic stipulates that if an event has no
discernible cause, ascribe as its cause an immediately pre-
ceding action. Finally, if pairs of antecedent and conse-
quent events are identical except in one point, infer that
the difference between the first pair of events causes the
difference in the second pair.

The machine learning program OCCAM (Pazzani,
1987) acquires simple causal models for predicting the
outcomes of everyday phenomena such as dropping cups
or opening heavy doors. Models are comprised of roles
(actors, objects), actions (move, decide), and descriptive
attributes (material, age). Causal elements in these
models consist of domain-specific “dispositions” (eg, fragil-
ity, strength), of objects or agents that effect actions. For
example, by virtue of their strength, adults applying force
to heavy objects such as doors induce state changes,
namely, door motions. OCCAM forms a “current best
causal hypothesis” by differential analysis of current ob-
servations and events recalled from memory. Preference
is given to hypotheses that involve minimal sets of previ-
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ously useful distinctions. For example, the program pre-
fers age over hair color in selecting between “When a
person (who is an adult/who has brown hair) pulls on a
door, it opens” because of its previous utility in success-
fully predicting outcomes of household activities. General-
ization rules ground example-based learning of new
causal regularities or dispositions. An example rule
schema is that differences in actors performing similar
actions cause differences in results. OCCAM’s rules are
structured to reflect the causal factors of (1) covariation
(effects always accompany causes), (2) temporal order
(causes precede effects), and (3) mechanism (physical me-
diators link cause and effect).

Causation has been analyzed most extensively by phi-
losophers of science. A comprehensive review of this liter-
ature is well beyond the scope of this entry; Mackie (1974)
provides an excellent general introduction, while Sosa
(1975) collects important contemporary papers (eg, Lewis,
1973). Most accounts derive from the work of Hume, the
eighteenth-century empiricist philosopher. Modern Hum-
ean “regularity” accounts hold events to be causally con-
nected just in case an ordered sequence of those events
instantiates an observed regular succession of events be-
longing to appropriate event categories or classes. For ex-
ample, let C and E stand for the propositions that events ¢
and e exist or occur. Let L stand for some nonempty set of
true lawlike propositions (eg, all metallic objects expand
when heated), F denote some set of true propositions of
particular fact, and D stand for the relation of material
implication. Then c causes e if and only if (1) C and E are
true; and (2) L and F jointly imply C D E, although L and
F jointly do not imply E, and F alone does not imply C D E.
Here, causation does not connect events per se; rather, it
is defined in terms of logical relations among propositions
that describe the relevant events (C,E), environmental
context or background conditions (F), and lawlike regular-
ities (L). In accordance with intuition, causal relations are
asymmetric and irreversible: expanding metallic objects
do not cause them to be heated; nor is it the case that not
heating metallic objects cause them not to expand (ie, the
contrapositive).

Regularity accounts engender several difficulties.
First, events characterized in some ways may give rise to
causal relations as per definition, while events that we
intuitively take to be identical, specified by different de-
scriptions, may turn out to be causally unrelated on the
very same analysis. For example, consider the events c
(Y’s firing of a bullet at time t), e (X’s death from a bullet
wound in the heart suffered shortly after t, and e’ (X’s
death from a bullet wound in the heart suffered shortly
after t, where that bullet was fired by Y at time t). cand e
are causally related by the definition presented above, but
not ¢ and e’, since F alone implies C DE' whenC D E’isa
tautology.

Second, there are misfits between the notions of lawful
and causal dependence. Regularities having no apparent
relevance to our notions of direct causal dependence can
be cast into (universal or statistical) lawlike form, ostensi-
bly suitable for supporting causal relations as per defini-
tion. Consider, for example, the semantic regularity that a
woman inevitably becomes a widow on the death of her

husband. Another (noncausal) psychological regularity is
that conscientious programmers who discover bugs in
their code invariably try to correct their errors. A third
illustration (McDermott, 1982) is the physical regularity
that the arrival of one’s shadow always precedes one’s own
arrival.

Finally, uniform definitions of causal relations invari-
ably tend to be both stronger and weaker than our intui-
tions in unusual circumstances. Here, stronger means
that causal relations obtain by definition but counter to
intuition; weaker corresponds to the reverse situation.
These tensions arise because our commonsense causal in-
tuitions are simply not uniformly consistent across age,
education, or history. Qur individual intuitions are partic-
ularly divergent when faced with novel or complex situa-
tions, such as physical systems containing feedback loops
(Iwasaki and Simon, 1986).

Any theory of causation, whether proposed by philose-
phers, cognitive scientists, or Al researchers, must pro-
vide answers to these three problems, in the form of (1) 8
comprehensive ontology of events (or states) that specifies
criteria for event identity and individuation; (2) a generall
account of “significant” lawhood, which must be free of
presuppositions concerning causal relations to avoid cir-
cularity; and (3) a precise specification of whose common-
sense or scientific causal intuitions are being analyzed-
These issues are as profound and difficult as the concept ©
causation itself, which means that a fully adequate theory
of causation is not imminent. Nevertheless, research o8
these fundamental questions is indispensible for contin-
ued advances in causal reasoning, as the concluding se¢
tion will suggest.

DISCUSSION

Al research on causal models has achieved important suc”
cesses in representing and reasoning about behavior 1%
complex systems and commonsensical causal relation-
ships. However, these models display some serious short-
comings, both individually and collectively. First, causa
models employ diverse, typically incompatible patterns ©
causal inference and representations for causal relations
(eg, network links, rule connectives, projection axioms)
The clear utility of these models strongly suggests that
they all capture important aspects of causal knowledge:
Deep theories of causation are needed to provide (1) an
analytic framework for unifying heterogeneous causd
models across scientific domains and commonsense know=
edge and (2) rigorous foundations for causal reasoning:
Lenat’s taxonomy of causal relations and Shoham’s causd
logic represent important steps in this direction.

Second, in general, current causal models cannOt'b.e
constructed mechanically. Causal structures in explic!
causal models are primitive and unanalyzable; thus, de-
signers and domain experts must build, verify, and exten
causal knowledge bases manually. Excepting component”
based simulators, similar limitations hold for Al syStems
that represent causal structures or inference implicitly:
Automated tools for developing causal models will depe?
on theories of causation that specify explicit definitiond




grounds for causal relations: knowledge acquisition and
Mmaintenance tools can then be constructed that exploit
these truth conditions to mechanically confirm or deny the
assertion of causal relations in particular domains and
problem contexts.

Third, current causal models cannot discover new
kinds of causal structures, nor recognize and react to caus-
ally interesting aspects of observed situations. Such adap-
tive capacities presuppose (1) generalized principles of
Fausal induction and (2) a capacity for meta-level reason-
Ing, such as reflection about ongoing inferences. The
causal theories embodied in PUPS and OCCAM represent
a strong start on research into the first topic. Important
early investigations in the second area include Davis’s
Tesearch on relaxing causal assumptions in digital circuit
diagnosis and Weld’s (1986) algorithm for causal “aggre-
gation,” which recognizes recurring (discrete) cycles in
Qualitative simulations and abstracts them into a contin-
Uous repetitive process. In sum, significant research chal-
!enges remain in understanding the nature of causation
ltself. The theories of causation that result from this re-
Search will provide solid foundations for a new generation

of causal models that truly automate causal reasoning
In AL
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REASONING, COMMONSENSE

For an artificial system to act sensibly in the real world, it
must know about that world and it must be able to use its
knowledge effectively. The common knowledge about the
world that is possessed by every schoolchild and the meth-
ods for making obvious inferences from this knowledge
are called common sense in both humans and computers.
Almost every type of intelligent task (natural language
processing, planning, learning, high level vision, expert-
level reasoning) requires some degree of commonsense
reasoning to carry out. The encoding of commonsense
knowledge has been recognized as one of the central issues
of Al since the inception of the field (McCarthy, 1959).
Endowing a program with common sense, however, is a
very difficult task. Common sense involves many subtle
modes of reasoning and a vast body of knowledge with
complex interactions. Consider the following quotation
from The Tale of Benjamin Bunny, by Beatrix Potter:

Peter did not eat anything; he said he should like to go home.
Presently he dropped half the onions.

Except that Peter is a rabbit, there is nothing subtle or
strange here, and the passage is easily understood by five-

year-old children. Yet these three clauses involve, implic-
itly or explicitly, concepts of quantity, space, time, phys-
ics, goals, plans, and speech acts. An intelligent system
cannot, therefore, understand this passage unless it pos-
sesses a theory of each of these domains and the ability to
connect this theory in a useful way to the story.

Many of the central issues in the automation of com-
monsense reasoning appear in all types of Al reasoning;
particularly the development of domain-independent
knowledge structures and inference techniques, and the
analysis and implementation of plausible reasoning. Be-
cause these issues are common throughout Al, they will
not be studied in this article. (See KNOWLEDGE REPRESENTA-
T10N; REASONING, DEFAULT; REASONING, NONMONOTONIC; REASON-
NG, PLAUSIBLE). Here, the focus will be on issues that arise
in the study of specific commonsense domains.

GENERAL ISSUES AND METHODOLOGY

The analysis of reasoning in a commonsense domain has
three major parts:

1. Representation. The development of knowledge
structures that can express facts in the domain.

2. Domain Theory. The characterization of the funda-
mental properties of the domain and the rules that
govern it.

3. Inference Techniques. The construction of algo-
rithms or heuristics that can be used to automate
useful types of reasoning.

A popular methodology for carrying out these kinds of
analysis runs along the following lines (McCarthy, 1968;
McCarthy and Hayes, 1969; Hayes, 1977, 1978; McDer-
mott, 1978; Davis, 1990; Minsky, 1975; McDermott, 1987)-
The researcher begins by defining a microworld, a small,
coherent domain of study. Aspects of the real world that
lie outside the microworld will either be ignored in the
work, or will be represented in some very coarse, ad ho¢
manner. Next, a coherent collection of commonsensically
obvious inferences in the microworld are assembled. The
researcher determines what problem-specific information
and general domain knowledge (qv) is needed, expliciﬂ}"
or implicitly, to justify these inferences. A language 18
developed in which these facts can be expressed and these
inferences can be validated; typically, this language 1*
written in some known logic (qv). Having categorized the
types of information and rules that are needed, the 1€
searcher can work on developing data structures and pro-
cedures that allow the efficient solution to some signi?
cant classes of problems.

A knowledge representation for a commonsense do-
main must satisfy three requirements. First, the repre’
sentation must be able to describe the relevant aspects ©
the domain involved. Second, it must be possible to usé the
representation to express the kinds of partial knowleds®
typically available; the design of the language must take
account of likely kinds of ignorance. Third, it must b€
possible to implement useful inferences as computaltions
using the representation. These requirements are calle




ontological adequacy, expressivity or epistemic adequacy,
and effectiveness or heuristic adequacy (McCarthy and
I‘_Iayes, 1969). Each of these requirements is defined rela-
tive to a certain set of problems; a representation may be
adequate for one kind of problem but not for another.
The greatest difference between representations for
tommonsense reasoning and representations used in
other areas of computer science lies in the expressivity
requirement. Most computer science representations as-
Sume either complete information, or information that is
bartial only along some limited dimensions. By contrast,
Commonsense reasoning requires dealing with a wide
range of possible types of partial information, and degrad-
Ing gracefully as the quality and quantity of information
declines, Reasoning from partial information is important
for three reasons: (1) it may be expensive, time-consum-
Ing, or impossible to get complete information; (2) comput-
Ing 'with exact information may be too complex; (3) rea-
Soning with partial information allows the inference of
general rules that apply across a wide class of cases. For
Instance, suppose a person is driving a car at the top of a
cliff, and the driver wishes to determine whether it would
be' better to take the winding road to the bottom or to
drive down the cliff. Given exact specifications of the car
and the exact topography of the cliff, it may be possible to
Predict exactly what would happen if the car was driven
off the cliff. But the driver may not have this information
Or any way to get it; even if the driver had the informa-
tion, the computation would be horrendous; the conclu-
Slon would apply only to a specific car and a specific cliff.
he calculation would have to be redone for each new car
and each new cliff.

TIME

Tempora] reasoning is probably the most central issue in
COmmonsense reasoning. Almost every application in-
vOl'ves reasoning about time and change; few microworlds
of interest are purely static.
The first task of a temporal representation is to express
S anges over time; for example, to represent such facts as
t one time, the light was off; later, it was on.” Such a
Tepresentation is often based on the concepts of situations
and fluents, A situation is an instantaneous snapshot of
€ world at an instant. A fluent is a description that
S anges its value from one situation to another, such as
Stthe 1i§ht being on” or “the president of the United
vafiltes. A fluent like “the light being on” that has possible
Ues “true” and “false” is called a Boolean fluent or
State,
in A _firSt-prder language (see Locic, PREDICATE) for describ-
ing Situations and fluents can be defined using the follow-
€ nonlogical symbols:

* gl‘ue_in(S,A), predicate: state A is true in situation

* Value_in(S,F), function: the value of fluent F in situ-
ation S.

* Precedes(S 1,52), predicate: situation S1 precedes S2.

REASONING, COMMONSENSE 1289

For example, the sentence “At one time the light was off;
later it was on,” can be expressed in the formula

35, 52 precedes(S1,52) A\ —itrue_in(S1,on(light1))
A true_in(S2,on(lightl))

Most events do not occur instantaneously; they occur
over finite stretches of time. To incorporate events into
representations, the concept of a time interval, a set of
successive situations, is introduced. The following sym-
bols are added to the language:

+ § € I, predicate: situation S is in interval I.
+ [S1,82], function: the closed interval from S1 to S2.

+ Occurs(l,E), predicate: event E occurs during interval
L

Using this language, a variety of dynamic microworlds
can be described. For instance, the blocks world rule “If X
and Z are clear, then the result of putting X onto Z will be
that X is on Z” can be expressed as follows:

Vs1,s2.x,y [true_in(S1,clear(X)) N true_in(S1,clear(Y))
N oceurs([S1,S2],puton(X,Y))] = true-in(S2,on(X,Y))

In developing such a theory of a microworld, where the
occurrence of an event changes the state of the world, the
following problem is encountered: the theory must specify,
not only the fluents that change as a result of an event but
also the fluents that remain the same. For example, in the
blocks world, it is necessary to infer that, when the robot
puts X on Y, the only “on” states affected are those involv-
ing X. The problem of expressing or deriving such rules
efficiently is known as the “frame” problem (McCarthy
and Hayes, 1969); it has been the focus of much recent
research (Hanks and McDermott, 1987; Shoham, 1988;
Brown, 1987; Pylyshyn, 1987).

The language described above follows McDermott
(1982). Many other types of temporal languages have been
devised, including languages that use only intervals but
no individual situations (Allen 1983, 1984), languages
that distinguish sections of space—time (Hayes, 1978), and
modal temporal languages (Prior, 1967, van Benthem,
1983).

SPACE

Commonsense spatial reasoning (see REASONING, SPATIAL)
serves three major functions:

* High Level Vision. The interpretation of visual infor-
mation in terms of world knowledge and the integra-
tion of information gained through vision into a gen-
eral knowledge base.

Cognitive Map Maintenance. The formation, mainte-
nance, and use of a knowledge base describing the
spatial layout of the environment. In particular, the
use of a cognitive map for navigation, planning a
route to a destination.
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- Physical Reasoning. Spatial characteristics of physi-
cal systems are generally critical in understanding
its behavior. The behavior of many physical systems
consists largely of spatial motions. Spatial reasoning
is, therefore, a vital component of physical reasoning.

Finding a language for spatial knowledge that is both
expressive and computationally tractable is difficult. Ide-
ally, a spatial language would allow the description of any
physically meaningful spatial layout and spatial behav-
jor, including specifications of shapes, positions, and mo-
tions; it would allow the expression of all types of informa-
tion that are relevant to commonsense reasoning; it would
allow a wide range of partial specifications, corresponding
to the types of information that may be obtained from
perception, natural language text, or physical inference;
and it would do all this in a way that supports efficient
algorithms for commonsense reasoning. No such language
has yet been found.

The following are some of the more extensively studied
spatial representations (Requicha, 1980; Ballard and
Brown, 1982; Hoffmann, 1989):

1. Occupancy Array. The space is divided up into a
rectangular grid, and each cell of the grid is associated
with one element of an array. Each element of the array
holds the name of the object(s) that intersect the corre-
sponding rectangle in space. One disadvantage of this rep-
resentation is that it is costly in terms of memory. This
can be mitigated by the use of quad-trees or oct-trees,
which merge adjacent array elements with identical la-
bels.

2. Constructive Solid Geometry. A shape is character-
ized as the union and difference of a small class of primi-
tive shapes.

3. Boundary Representations. A shape is character-
ized in terms of its boundary. For example, the represen-
tation might approximate a two-dimensional shape as a
polygon, which is defined by listing its edges, its vertices,
and the coordinates of the vertices.

4. Topological Representations. A spatial layout is
characterized by describing topological relations between
objects. For instance, the TOUR program (Kuipers, 1978)
describes a road map by stating the order in which places
appear on a path and the cyclic order in which paths meet
at a place. Randell and Cohn (1989) characterize the spa-
tial relations between objects in terms of such relations as
abutment and overlapping.

PHYSICAL REASONING

Unlike the sciences, which aim at a simple description of
the underlying structure of physical reality, the common-
sense theory of physics must try to describe and systema-
tize physical phenomena as they appear and as they may
most effectively be thought about for everyday purposes.
The problems addressed in physical reasoning include
predicting the future history of a physical system, plan-
ning physical actions to carry out a task, and designing
tools to serve a given purpose.

Commonsense physical reasoning characteristically
avoids the use of exact numerical values. Rather, it relies
on qualitative characterization of the physical parameters
involved, such as “If a kettle of water is placed on a flame,
it will heat up; the higher the flame, the faster the water
will heat.” This rule does not specify the exact rate at
which the temperature changes; it specifies that the
change is positive, and that the rate is an increasing func-
tion of the height of the flame. Accordingly, the mathe-
matical structure of such constraints has been extensively
studied (see QuaLrtaTive pHysics) (de Kleer and Brown,
1985; Kuipers, 1986).

Complex physical systems, particularly artificial de-
vices, can often be effectively analyzed by viewing them as
a collections of connected components. In simple cases, the
connections between the components remain constant
over time; what varies are the values of various one-di-
mensional parameters of the system. Components are con-
nected at ports; each parameter is associated with one
port. The laws that govern these systems are component
characteristics, which constrain the values of the parame-
ters at the ports of the component, and connection charac-
teristics, which constrain the values of parameters at
ports that meet in a connection. For example, in electron-
ics, the component characteristics are rules such as “The
difference between the voltages at the two ends of a resis-
tor is equal to the current through it times its resistance.”
The connection characteristics are the rules, “At a connec-
tion, the voltages of all the ports is equal, and sum of all
the current flows into the ports is zero.” The particular
device is specified by describing the components it con-
tains, and the connections between their ports (de Kleer
and Brown, 1985).

An alternative way to decompose physical systemsS
(Forbus, 1985) focuses on the processes that occur. Con-
sider, for example, a closed can of water above a flame. A
process-based description of the behavior of this system
would say that there is first a heating process, in which
the temperature of the water rises to its boiling point;
then a boiling process, in which the water turns from a
liquid to a gas; then another heating process, in which the
temperature and pressure of the gas rise steadily, and
finally a bursting event, when the pressure of the gas
exceeds the strength of the can. The central elements ©
such a representation are process types, such as heating
and boiling, and parameters, such as temperature an
pressure. The laws that govern the system describe how 2
process influences a parameter, such as “A boiling process
tends to reduce the quantity of liquid and increase the
quantity of gas”; they describe influences of one parameé
ter on another, such as “The pressure of a gas tends to r1s€
with its temperature”; and they describe the circum-
stances under which a process can take place, such a8
“Boiling occurs just if there were a heat flow into a body ©
water that is at its boiling point.”

Reasoning about systems of solid objects involves tech-
niques of a different kind. The central problem here is the
geometric reasoning required, which can be very compli-
cated, particularly with three-dimensional objects of com
plex shapes. However, the physical laws describing suc
systems are fairly straightforward. Many mechanism$




particularly synthetic devices where the parts are tightly
constrained can be analyzed using only the physical laws
that solid objects are rigid and cannot overlap. Such an
analysis is known as a kinematic analysis (Faltings 1987;
Joskowicz, 1987). For loosely constrained systems of solid
objects, such as a bouncing ball, it is generally necessary
to use dynamic analysis, invoking the concepts of Newto-
nian mechanics. Liquids are still more complicated to rep-
resent and reason about, because they are not divided into
discrete objects; they continually combine and separate.
Hayes (1985) discusses a logical analysis of a common-
sense theory of liquids.

One final issue in physical reasoning is causality. Ordi-
nary discourse about physical events is often framed in
terms of one event causing another; however, none of the
theories mentioned above make any use of causality as a
concept. Extracting a causal account from such theories
has proven to be difficult, particularly as there is no con-
sensus on exactly what purpose a causal account should
serve (de Kleer and Brown, 1985; Iwasaki and Simon,
1986; Shoham, 1988; Pearl, 1988).

KNOWLEDGE AND BELIEF

To reason about other agents, or even about oneself at
other times, it is necessary to have a theory describing
their mental life. Al studies of commonsense theories of
Cognitions have primarily focused on agents’ knowledge
and beliefs, discussed in this section, and their plans and
goals, discussed in the next.

Representations of knowledge and belief must neces-
Sarily be quite different in structure from the representa-
tions that were considered above for temporal, spatial,
an@ physical information. The relation, “A knows ¢” takes
88 1ts argument a proposition, which may contain Boolean
Operators, quantifiers, or imbedded statements about
kn0W1edge. (Consider, for example, “John knows that

ary knows that all Libras were born in either September
or October.”) Operators in first-order languages, by con-
t?ast, can take as arguments only terms that denote enti-
ties, Moreover, first-order operators are referentially
transparent; if two terms 7 and w denote the same entity

€n @ can be substituted for 7 in any sentence without
Cha.nging the truth of the sentence. By contrast, psycho-
Ogical relations, such as “A knows ¢,” are referentially
%Paque; substitution of equal terms may change the truth
of a sentence. For example, given that Sacramento is the
Capital of California, it follows that “John is in Sacra-
Mento” is true if “John is in the capital of California” is
true, However, it is possible for “John knows that he is in
Sac}‘amento” to be true but “John knows that he is in the
Capital of California” to be false, if John believes that Los

Ngeles is the capital of California.

Three general types of representations have been de-
Veloped for these kinds of relations:

1. Know and believe can be represented as operators in

@ modal logic (see Locic, MoDAL), a logic that extends first-
order logic by allowing additional operators on sentences.
T such a theory, the sentence mentioned above could be
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represented

know(john, know(mary, V, libra(X) = born_in(X,sept)
V/ born_(X,oct)))

2. Know and believe can be represented as first-order
predicates that take as arguments a string of characters
that spell out the sentence known or believed. The above
sentence would be represented

know(john, {know(mary, {V, libra(X) =
born_in(X,sept) \/ born_in(X,oct)})})

where { and } are string delimiters. In this example, the
difference between the two theories appears trivial; in
fact, there are deep differences in their logical characteris-
tics.

3. Facts about knowledge and belief can be expressed
in terms of accessibility relations among possible worlds.
A possible world is one conceivable way that the world
could be; a fact may be true in one possible world and false
in another. A world W1 is accessible from world WO rela-
tive to the knowledge of agent A if nothing in W1 contra-
dicts something that A knows in W0. Then the fact that A
knows ¢ in world W can be expressed by saying that ¢ is
true in every world accessible from W. Thus the statement
“John knows in world WO that he is in Sacramento” can be
represented

Vw1 know_acc(john, W0, W1) >
true_in(W1,in(john,scaramento))

where the predicate “know_acc(A,W0,W1)” means that
world W1 is accessible from world WO relative to the
knowledge of A, and “true-in” means the same as in the
section on temporal reasoning. The other sample sentence
can be represented

Vw1 we [know_acc(john,W0,W1)
N\ know_acc(mary,W1,W2)] >
V, true_in(W2,libra(X)) = [true_in(W2,born_in(X,sept))
V/ true_in(W2,born_in(X,oct))]

Extensive discussions of these representations and their
relative merits have been published (Moore, 1985a;
Halpern and Moses, 1985; Morgenstern, 1988).

The next problem is to characterize what agents know
and believe in a way that supports reasonable common-
sense inferences. Most theories to date have been modeled
on implicit knowledge and belief. An agent implicitly
knows ¢ if, in principle, he has enough information to
determine ¢; that is, if ¢ is a logical consequence of facts
that he knows. However, in many situations, such as
teaching, implicit knowledge is not a reasonable theory; a
teacher who assumes that the students can immediately
perceive all the consequences of what is said will be disap-
pointed. It has been difficult to find more psychologically
plausible theories of knowledge and belief that accommo-
date the fact that reasoners are limited in the speed and
power of their inferential abilities (Konolige, 1985; Lev-
esque, 1984).
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Other issues that have been studied in Al theories of
knowledge include the gaining of knowledge through per-
ception (Davis, 1988) and the auto-epistemic inference,
which allows an agent to infer that ¢ is false from the fact
that he does not know ¢ (Moore, 1985b).

PLANS AND GOALS

The second major focus of AI commonsense psychological
theories has been in representing and reasoning about
plans and goals. Plans and goals have been studied pri-
marily in connection with two high level tasks: plan con-
struction, the problem of finding actions that an agent can
perform to accomplish the goal; and motivation analysis,
the problem of explaining an agent’s actions in terms of
plans and goals. The chief problems in analyzing plans
and goals are the following:

+ Constructing a language to describe plans and goals
and defining what it means to carry out a plan or to
accomplish a goal described in the language.

+ Characterizing the feasibility of a plan, the validity
of a plan for achieving a given goal, and the cost of a
plan.

+ Characterizing the typical high level goals of human
actors.

+ Giving criteria for evaluating alternative explana-
tions of actions in terms of plans and goals.

+ The problem of searching for the best plan in plan
construction or the best explanation in motivation
analysis.

Most of the planning literature in Al has assumed a par-
ticularly simple model of plans and goals. A goal is taken
to be a desired state of the world, such as “Block C is on
block B” or “John is home.” A plan is taken to be a se-
quence of primitive actions, actions that can be directly
carried out by a low level robotic controller. For example,
in the blocks world, the action, “Put X on Y” could be
taken to be primitive. Plans would then be sequences of
“put on” instructions such as “First put A on the table;
then put C on B.” Furthermore, it is assumed that the
planner is omniscient and knows everything that can pos-
sibly be relevant. Under these assumptions, the defini-
tions of feasibility and correctness are straightforward: a
plan is feasible if the preconditions of each successive
action hold at the time that the action is scheduled to be
performed; a plan accomplishes a goal if the goal holds
after all the actions have been performed. The main prob-
lem is then one of search: finding a correct plan, given a
starting situation and a goal. More sophisticated theories
generalize this basic notion of plans and goals in a number
of different ways:

1. A plan may only partially specify the actions to be
taken, leaving details to be completed at execution time.
Consider, for example, a plan to mail a letter consisting of
five steps: (1) Insert the letter in an envelope, (2) address
the envelope, (3) attach a stamp to the envelope, (4) seal

the envelope, and (5) put the envelope in a mail box. When
forming the plan, it is probably not necessary to identify
exactly which envelope, stamp, and mail box should be
used; when the plan is executed, the most convenient ob-
jects of these types may be chosen. Moreover, the steps
need not be totally ordered at planning time. As long as
step 4 follows 1, and 5 is the last operation, other ordering
relations among the steps may be chosen at execution
time (Sacerdoti, 1975; Chapman, 1987).

2. Ifit will be necessary for an agent to achieve goals of
a similar form repeatedly, it may be worthwhile con-
structing a generic plan, that will accomplish these goals
in all circumstances, rather than planning each case indi-
vidually. For example, in the blocks world, it is possible to
construct the generic plan “Clear block X; clear block Y;
put X on Y” for achieving the goal “X on Y.” (Sussman,
1975; Manna and Waldinger, 1987.)

3. If planners that are not omniscient, but have only
partial knowledge of the environment are considered,
then the analysis of plans becomes more complicated in
several respects. First, in this context, plans and goals
become referentially opaque operators, like knowledge
and belief. John may plan or wish to go to the capital (?f
California and yet not plan or wish to go to Sacramento, if
he does not know that they are the same place. It is, there-
fore, necessary to use one of the techniques described 11
the previous section (modal logic, syntactic operators, or
possible worlds) to represent the plans and goals of agents
who are not omniscient.

Planners with partial knowledge must also deal with
circumstances in which the planner must gain informa-
tion to achieve the goal. For example, if John wants to cal
Mary, but does not know her phone number, he may con”
struct the plan, “First look up Mary’s number in the phone
book; then dial that number.” The analysis of this kind of
plan is known as the knowledge preconditions problem
(Moore, 1985a; Morgenstern, 1988).

4. For either generic plans or planning with pa\rtial
knowledge, it may be useful to augment the planning lan-
guage so that a plan can specify actions that depend on the
state of the world. For this purpose, it may be useful
introduce operators similar to those of programming lffn'
guages, such as conditionals, loops, variable binding, n-
terrupts, and so on.

In order to carry out motivation analysis (the explan?-
tion of an agent’s actions in terms of goals and plans) it 15
necessary to have a theory that describes characteristi¢
goals. Otherwise, it would be possible to explain any
action as done for the fun of it. Schank and Abelson 1977
suggest five general categories of top-level goals:

Satisfaction Goals. Basic physical needs, such as hun-
ger, thirst, and fatigue, that arise periodically-
Preservation Goals. The desire to preserve certain key
personal states, such as preservation of life, health,
and possessions.

Achievement Goals. Large-scale ambitions acco™”
plished over a long term, such as raising a family 0F
success in a career.




Entertainment Goals. The short-term enjoyment of
some activity, such as seeing a movie.

Delta Goals. The acquisition of certain goods, particu-
larly wealth and knowledge.

OTHER ISSUES

Other commonsense domains that have been studied in
the AI literature include emotions (Dyer, 1983; Sanders,
1989), interactions among agents (Wilensky, 1983; Bond
and Gasser, 1988), communication (Perrault and Allen,
1980), and thematic relations between people (Schank and
Abelson, 1977).
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REASONING, DEFAULT

A main goal of Al research is the construction of programs
capable of displaying commonsense behavior. The work on
default reasoning purports to contribute to this goal in
two ways: by developing frameworks for understanding
the nature and form of inference patterns that rely on
assumptions, and by developing representation languages
and inference procedures for capturing such patterns in
Al programs.

What is a default inference? It is an inference that
relies on hidden assumptions. For example, the expecta-
tions that the car is now where it was last parked and that
the car is going to start when the ignition key is turned

are default inferences. Both presume that certain facts,
like the car being stolen or the battery being dead, are not
true. Because these assumptions usually hold, the expec-
tations they support will hold as well, permitting appro-
priate action plans to be adopted. On the other hand, if the
assumptions are found to be wrong, the expectations will
be revised and new plans of actions will be considered.

In order to capture this type of behavior in systems that
encode knowledge declaratively, two issues need to be ad-
dressed. First, a language is needed in which to express
both categorical and default knowledge. For example, it is
desirable to be able to express things such as “normally, if
the ignition key is turned, the car will start,” “the car will
not start if the battery is dead,” and so on. Second, it is
necessary to have a semantics for the language, ie, a speci-
fication of the legitimate expectations that default gives
rise to. The language and the semantics must also provide
meaningful primitives with an interpretation that must
correspond with the intuitions of the knowledge base
builder. As will be noted later, the failure of a number of
nonmonotonic logics to accomplish this goal has been 2
main driving force of much of the recent work in the area.

Among the knowledge representational languages pro-
posed to accommodate some form of default inference, tw0
groups can be distinguished. On the one hand, are special-
purpose systems that evolved from the experimental work
in AL These include inheritance networks, truth-mainte-
nance (qv) systems, and logics programs with negation as
failure. On the other hand are formalisms derived from
classical logic which aim to capture default inference as
classical logic captures deductive inference. The special-
purpose systems will be reviewed first, and then the more
general formalisms, which draw their main intuition$
from the former.

SYSTEMS THAT REASON BY DEFAULT

A number of systems in Al involve forms of default infer-
ence. These systems point to the type of inferences that an
adequate formal account of default inference must accom-
modate and illustrate that even without a complete un-
derstanding of defaults a lot is already known about hoW
they are used in commonsense reasoning. In this section
some of these systems will be considered, focusing on data-
bases, inheritance hierarchies (qv), general logic Pro
grams, and truth-maintenance systems.

Databases

Databases are systems designed for the efficient storagé
and retrieval of information about objects and their reI?‘
tions. A departmental database, for example, may contal?
a relation teach with two tuples (gray, c¢) and (kay, lisp),
indicating that Professor Gray teaches C and Professor
Kay, LISP. Relations and tuples are understood as encod-
ing ground atoms in classical first-order logic; in this casé
the atoms teach(gray, ¢) and teach(kay, lisp). Thus if qué-
ried about who teaches C or PASCAL, the answer g7%Y
can be understood from the fact that the atomic encoding
of the database sanctions the sentence teach(gray, ¢ \
teach(gray, pascal) as a theorem.




The logic of databases, however, involves more than
atoms. For example, conclusions such as “kay does not
teach ¢” and “only gray teaches c¢,” do not follow from the
atoms contained in the database. To account for such con-
clusions, the atomic encoding of the database must be aug-
mented with certain assumptions about both the names of
the objects and the world that the database is supposed to
represent. These are the unique names assumption, by
which individuals with distinct names are assumed dis-
tinct, the domain closure assumption, by which all indi-
viduals are assumed named, and the closed world assump-
?ion, by which it is assumed that there are no more
instances of a relation than those deducible from the data-
base (Reiter, 1984). Provided with these assumptions, the
conclusions supported by the database will now be theo-
rems of its logical encoding. This logical encoding, how-
ever, is not incremental; more information in the database
(eg, a new class on C taught by Kay) will render some of
the former assumptions false. This is not surprising
though; the behavior of the database changes nonmono-
tonically (ie, more information sometimes implies fewer
conclusions), whereas the behavior of its logical encoding
can only change monotonically.

Inheritance Hierarchies

Inheritance hierarchies (qv) are directed acyclic graphs
used to represent subsumption relations among classes of
objects (Touretzky, 1986). Nodes in the hierarchy stand
for individual objects or classes, and links stand for class
Mmembership (if they connect an individual to a class) or
class subsumption (if they connect a class to another
class). The concept of inheritance hierarchies originated
In the work on semantic networks and in recent years has
found applications in both programming and knowledge
representation languages.

Figure 1 depicts a simple inheritance network. The
network involves two types of link: positive links (—),
which assert that one class is a (not necessarily strict)
S}lbclass of another (eg, birds are flying things), and nega-
tive links (-4), which assert that one class is a (not neces-
sarily strict) subclass of the complement of another (eg,
Penguins are not flying things). Classes are assumed to
lrl_herit the properties of their superclasses unless other-
Wise specified. In the net depicted in Figure 1, for exam-
Ple, canaries are assumed to inherit the property “fly”
from birds, just as penguins are assumed to inherit the
Property “animal.” On the other hand, penguins do not
Inherit the property “fly” from birds, because the link

om penguins to the complement of “fly” is more specific
Fhan the link from birds to “fly” and overrides the default
Inheritance path “penguin — bird — fly.” This preference
Or more specific information in cases of conflict is at the

animal

bird — fly

canary
penguin

Figure 1. A simple inheritance hierarchy.
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core of inheritance algorithms and points to an important
aspect of default inference that an adequate account of
defaults must be able to capture.

Negation as Failure

Logic programs are collections of implicitly universally
quantified rules of the form A < L, Ly, . . ., L,, where
A is an atom called the head of the rule and each L;, i =
1, ..., n, n =0 is positive or negative literal in the
rule’s body. When the rules only involve positive literals,
logic programs can be given both a procedural and a de-
clarative reading: a rule A « Ly, Ly, . . . , L, can be
understood as stating either that A is true when the lit-
eralsL;,i=1, . . . ,nare true, or that the goal A can be
derived by deriving each of the subgoals L;, i = 1, . . .,
n. When some of the literals L; are negative, however,
things are not so simple, and the declarative reading of
logic programs is usually dropped. Such programs are
commonly understood in procedural terms, with negative
literals M A; assumed to be derivable when the derivation
for the atom A; finitely fails (Clark, 1978). Such form of
negation as failure has turned out to be particularly use-
ful in programming and follows a tradition that goes back
to PLANNER-like languages (Hewitt, 1972). The effect of
negation as failure is to assume that negative literals hold
by default. Logical accounts of such a behavior have been
recently developed, and will be discussed in the next sec-
tion.

Truth Maintenance Systems

Truth maintenance systems (qv) (TMSs) keep track of de-
pendencies among propositions and often perform some
type of inference (Doyle, 1979; de Kleer, 1986). See also
the bibliography in Martins (1991). In Doyle’s TMS, a user
expresses justifications among propositions in a restricted
propositional language and the TMS generates a labeling
where each proposition is believed (IN) or not (OUT), ac-
cording to whether or not the proposition has a valid justi-
fication. Each justification is made up of two lists of propo-
sitions, an IN list and an OUT list, and is valid when each
proposition in the IN list and no proposition in the ouT
list has a valid justification. To avoid circularities, admis-
sible labelings are also required to be well founded, or
what amounts the same, to be minimal in the set of propo-
sitions that are believed.

As an example, consider the following justifications
(syntax is IN list|OUT list — prop):

J.:DIH—>W
J220|—)H
Jg:—)D

stating that (1) “if today is a working day and it is not
believed that John is at home, then John is at work”; (2)
“if John’s car is parked in front of his home, then John is
at home”; and (3) “today is a working day.” The TMS
algorithm will then label both D and W as IN, and H as
OUT. If a new justification — C (“John’s car is parked in
front of his home”) is added, however, H will become IN,
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defeating the default justification for W and thus forcing
W to go OUT.

Although long understood in procedural terms, some
formal accounts of the TMS belief revision process have
been recently advanced (Elkan, 1988; Reinfrank and co-
workers, 1989). More interestingly, such accounts reveal
that Doyle’s TMS is not very different from a propositional
logic program and that admissible TMS labeling are noth-
ing else but stable models (Gelfond and Lifschitz, 1988) of
the logic program that results from mapping each TMS
justification p1, . . . , Pxlq1, . . . , gn — p into a logic
programming rule p <~ py, . . . ,Pn, G1, - - - s Wm-

NONMONOTONIC LOGICS

The systems reviewed in the previous section all embed a
default component. Still, such a component is the result of
well-crafted algorithms tailored to specific languages and
tasks. Nonmonotonic logics, on the other hand, were de-
veloped with the aim of providing general-purpose lan-
guages for representing and reasoning with defaults (see
Locic, Nonmonotonic). For that they need to address math-
ematical as well as epistemological issues. The mathemat-
ical issues arise because default reasoning, unlike deduc-
tive reasoning, is nonmonotonic; namely, conclusions
sometimes need to be retracted in the light of new infor-
mation. This implies for instance that proofs, if there are
such things in the context of nonmonotonic logics, will be
quite different from proofs in classic logic: they will not
only depend on the information which is present in the
knowledge base, but on information which is absent as
well. The epistemological issues, on the other hand, arise
because defaults, much like the standard logical connec-
tives, possess a meaning to the builder of the knowledge
base that an adequate logical account must be able to
reflect. Logical accounts of defaults that predict conclu-
sions that bear no relation to those intended by the user
could have some mathematical interest, but will certainly
have little value for knowledge representation.

In this section some of the standard nonmonotonic for-
malisms will be reviewed, and how they relate to one an-
other and to the systems reviewed in the previous section
will be discussed.

Default Logic

Reiter’'s (1980) default logic extends classic first-order
logic with tentative rules of inference of the form:

a(x): B(x)
y(x)

where a(x), B(x), and y(x) are formulas with free variables
among those of x = {x;, x2, . . .}, called the precondition,
the test condition and the consequent of the default, re-
spectively. For a tuple a of ground terms, such a default
permits y(a) to be derived from a(a), provided that 718(a) is
not derivable. For instance, a default

bird(x) : flies(x)
flies(x)

yields the conclusion flies(Tim) from bird(Tim). However,
if the negation of flies(Tim) is observed, the default gets
blocked and the former conclusion is no longer supported.

The appeal to nonderivability in the body of defaults
together with their use to extend the set of derivable sen-
tences lead, in certain cases, to conflicts among defaults.
For instance, given a second default:

injured(x) : 71flies(x)
flies(x)

and that Tim is injured, two defaults become applicable.
However, if the first one is applied, the second one be-
comes blocked, and vise versa. Reiter deals with those
situations by introducing the notion of extensions of 2
default theory T = (W, D), for a set of wifs W and a set of
defaults D.

Formally, if it is assumed that I'(S) expands a set of
wifs S according to T when I'(S) stands for the minimal
deductively closed set of wifs that includes W and every
consequent y of defaults a: 8/y in D for which a € I'(S) and
B & S, then an extension of T is a set E of wifs that
expands into itself, ie, E = ['(E). A default theory T = (W,
D) may give rise to one, none, or many extensions, and
each one reflects a possible “completion” of the classic the-
ory W, according to the defaults in D. In the example
above, two different extensions arise, one in which Tim
flies and one in which he does not. Default logic has been
used for specifying the behavior of inheritance hierarchies
with exceptions (Etherington and Reiter, 1983) and logic
programs with negation (Bidoit and Fridevaux, 1987).
The complexity of reasoning in default logic has been re-
cently studied (Kautz and Selman, 1989).

Circumscription

Circumscription (qv) is a formal device for asserting that
the objects that can be shown to satisfy a certain predicate
P in a given first-order theory are the only objects that do
(McCarthy, 1980, 1986). For instance, from a database
only containing the fact @(a), the circumscription of @
yields the formula Vx. Q(x) = x = a. Thus if b is an object
different from a, the circumscription of @ sanctions Qb
as a conclusion. If Q(d) is learned, however, "1Q(b) goes
away and the new conclusions turn out to be those deriv-
able from the formula Vx. Q(x) & x = a \/ x = b. Circum~
scription thus behaves as a powerful, adaptable, closed-
world assumption, capable of dealing with theories that
are richer than those expressible in databases.

Formally, if A(P) stands for a first-order sentence con”
taining the predicate P, and A(®) denotes the sentence
that results from replacing all the occurrences of P by 2
predicate ® with the same arity as P, the circumscription
Circ[A(P); P] of P in A(P) is given by the second-order
schema:

AP) NA@) A Vz. [9(x) = P)] S Vx. (Px) > P&
that asserts that among the predicates @ satisfying the

constraint A(®), P is the strongest. Thus if A(Q) is the
sentence Q(a), for example, the substitution of ®(x) by the




predicate ®*(x):\x. (x = a) in the schema renders the
formula

Q) Na=aAVr.x=a2>Qx)]>Vx. Q) >x=a

which simplifies to Vx. Q(x) < x = a. The predicate PD*(x) is
indeed the strongest predicate that satisfies A(®), and
thus the effect of circumscribing @ in A(Q) is to set @
to d*,

Circumscription accommodates nonmonotonic forms of
reasoning but does not uniquely specify how defaults
should be encoded. For that purpose McCarthy (1986) in-
troduced a convention by which defaults such as “birds
fly” are encoded in the circumscriptive framework as for-
mulas

Vx. bird(x) N\ "abix) > flies(x)

read as “every nonabnormal bird flies.” Once defaults are
S0 expressed, the expected behavior is obtained by circum-
scribing the ab; predicates or, as McCarthy prefers to say,
by “minimizing abnormality.” However, before that can
be done effectively, a more powerful form of circumserip-
tion is needed in which certain predicates can be mini-
mized at the expense of others.

The circumscription Circ[A(P, Z); P, Z] of the predicate
P in the sentence A(P, Z), where Z stands for a tuple of
Predicates allowed to vary in the minimization of P, is

(lieﬁned by the following second-order formula (McCarthy,
986):

AP, Z) A Vd, ¥ A®, W) A Vx. [D(x) > P(x)]
> V. [Px) > ®®)]

This formula permits us to minimize the extension of P at
the expense of the extension of the predicates in Z. Indeed,
the formula Circ[A (P, Z); P, Z] can be shown to sanction as
theorems the sentences that hold in all models of the sen-
tence A(P, Z), which are minimal in P with respect to Z
fLifschitz, 1985; Etherington, 1988). A model M of A(P, Z)
is minimal in P with respect to Z if there are no other
models M’ of A(P, Z), which assign a smaller extension to
P and which preserve from M the same domain and the
_Sanzle interpretation of symbols other than P and those
inZ.

The generalization of circumscription for dealing with
multiple predicates, known as parallel circumscription, is
S'Fl‘aight:forward‘ More interesting is the case of prioritized
cn"CUmscription in which the user is allowed to specify a
Priority ordering among the circumscribed predicates
(McCarthy, 1986; Lifschitz, 1985). For instance, the cir-
cumscription Circ[4; P, > Py > . . . > P,; Z] of predi-
cates P,, P,, . . . , P, in decreasing order of priority,
translates into the conjunction of n — 1 circumscriptions
of the form Circ[A; P;; Z U {Pis1, . - . ,Pn}] together with

Circl4; P,; Z. Predicates of higher priority are thus cir-
Cumscribed at the expense of predicates of lower priority.
Although it is not clear in general how priorities among
Predicates are to be selected, general guidelines for the
domains of logic programs and inheritance hierarchies
have been proposed (Lifschitz, 1988; Krishnaprasad and
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co-workers, 1989). A proof theory for prioritized circum-
scription has also been developed (Baker and Ginsberg,
1989; Geffner, 1990).

Autoepistemic Logic

Autoepistemic logic is a nonmonotonic extension of classic
logic proposed by Moore (1985) as a reconstruction of Mc-
Dermott and Doyle’s (1980) nonmonotonic logic. Since
then, autoepistemic logic has received growing attention
and has been studied by a number of researchers.
Autoepistemic logic deals with autoepistemic theories:
propositional theories augmented by a belief operator L,
where sentences of the form La are read as “a is believed.”
The stable expansions of an autoepistemic theory T' are
defined as the sets of formulas S(T), which satisfy the
equation

S(T) = TK(T + {Lp:p € ST} + { Lp:p & S(TH}H

where Th(X) stands for the set of tautological consequence
of X. Stable expansions are supposed to reflect possible
states of belief of an ideal rational agent, closed both un-
der positive and negative introspection. A default such as
“if it is a bird, it flies” can be encoded in autoepistemic
logic as a sentence bird /\ "\Lab; = flies. Then, given bird,
the only autoepistemic expansion will contain the
autoepistemic sentence —1Lab; and, therefore, the target
sentence flies.

An autoepistemic theory may have one, none, or many
stable expansions. For instance, a theory such as T =
{~Lp = p} has no stable expansions, whereas a theory
T’ = {ALp =>q, "\Lq = p} has two. Autoepistemic logic has
been successfully applied to characterize the semantics of
general logic programs (Gelfond and Lifschitz, 1988) and
truth maintenance systems (Elkan, 1988; Reinfrank and
co-workers, 1989). Both characterizations are natural and
simple, requiring in essence the replacement of logic ne-
gation (1p) by autoepistemic negation (1Lp). They also
suggest how to compute with certain classes of autoepis-
temic theories, and due to the close relation between
autoepistemic and default logic (Konolige, 1988; Marek
and Truszczynski, 1989), how to compute with certain
class of default theories as well.

RECENT DEVELOPMENTS

Each of the formalisms reviewed in the last section, cir-
cumscription, default logic, and autoepistemic logic, ex-
tends classic logic with some formal device that permits
nonmonotonic forms of reasoning. These formalisms gen-
eralize and provide a logical basis to the mechanisms dis-
cussed earlier and take us closer to the goal of a general-
purpose language for representing and reasoning with
defaults. Defaults, however, exhibit features other than
nonmonotonicity, which are not always captured by these
formalisms. In this section some of these features will be
examined and some recent proposals for dealing with
them will be discussed.
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Model Preference

A source of difficulties for capturing default inference in
the standard formalisms was noticed by Hanks and
McDermott (1987) who noted that the encoding of theories
involving causal relations in the standard formalisms of-
ten failed to legitimize conclusions that were otherwise
obvious to the user. Their example, known as the “Yale
shooting” problem, deals with a person who is alive in a
given situation but who is shot with a gun that was loaded
an instant earlier. The intuition is that the gun stays
loaded and that the person dies as a result of the shooting.
However, the encoding in the formalisms analyzed by
Hanks and McDermott also accommodates a different out-
come in which the fluent “loaded” changes, and the fluent
“alive” stays the same. Many proposals have been ad-
vanced since then to account for the distinction between
intuitive and counterintuitive behavior in the presence of
actions and persistences. Some involve variations of the
formalisms and encodings used by Hanks and McDermott
[eg, Morris (1989) uses nonnormal defaults and stable clo-
sures]. Others, such as chronological minimization (Sho-
ham, 1988) have led to alternative ways of specifying non-
monotonic inference relations.

Chronological minimization is a semantic criterion for
interpreting theories for reasoning about change in which
a preference is established for models that give rise to
minimal sets of changes that occur as late as possible.
This preference relation is used to define a nonmonotonic
entailment relation that unlike classic entailment only
considers the overall preferred models of the target the-
ory. In the Yale shooting problem, for example, the class
of models in which the person dies turns out to be prefer-
red to the class of models in which the gun gets unloaded,
as the change sanctioned by the first class of models occurs
later. As a result, the right behavior in the Yale shooting
problem is captured.

As discussed above, the idea of a preference relation on
models is not foreign to the semantics of circumscription
which establishes a preference for models that minimize
certain predicates. The difference, however, it that chro-
nological minimization bypasses the circumscriptive
axiom altogether, appealing directly to a model-prefer-
ence criterion. This move has resulted in a more powerful
way of specifying nonmonotonic behavior and no signifi-
cant loss: the circumscriptive axion is not a particular
source of insight and it has not been found of general use
for computing circumscription (Przymusinski, 1989; Gins-
berg, 1989). Model preference, on the other hand, has been
found to be a flexible device for specifying nonmonotonic
inference in a variety of domains (Morgenstern and Stein,
1988; Selman and Kautz, 1989).

Conditional Logics

Another feature of default reasoning that is not explicitly
accounted by standard nonmonotonic formalisms is speci-
ficity: when two defaults are in conflict there is usually a
preference to accept the conclusion supported by the most
specific one. Inheritance hierarchies (Fig. 1) provide
plenty of examples. To account for such a behavior in a
framework such as circumscription, priorities must be in-

troduced (Krishnaprasad and co-workers, 1989). What is
the origin of these priorities or why they are needed, how-
ever, are not questions that circumscription addresses.
Something similar happens with default and autoepis-
temic logic that do not provide devices as clean as priori-
ties for capturing specificity preferences.

Some answers to these questions have recently em-
erged from the field of conditional logic as the similarities
between defaults and conditionals have become increas-
ingly apparent (Nute, 1984) (see Locic, conpitionar). For
example, both conditionals and defaults appear to violate
principles such as chaining (from p — g and g — r derive
p — q), contraposition (from p — g derive 7ig — —p), and
strengthening the antecedent (from p — r derive p /\ ¢ —
r), all of which are corner stones of classic logic. Similarly,
they both seem to obey principles like augmentation (from
p— q and p — r derive p /\ g — r), reduction (from p — ¢
and p /\ ¢ — r derive p — r), and cases (from p = T
and g — rderivep\/ g — ).

In Al two types of conditional interpretation of de-
faults have recently been studied. In one, defaults p — ¢
are regarded as stating that the conditional probability
P(q|p) is arbitrarily high, short of being one (Geffner and
Pearl, 1990); in the other p — g is regarded as a constraint
on model-preference orders, stating that ¢ must be true in
all preferred models of p (Delgrande, 1987; Kraus and co-
workers, 1988). The benefit of the conditional interpreta-
tion of defaults is that they account for certain preferences
among conflicting defaults without having to explicate ex-
ceptions or priorities. The shortcoming, on the other hand,
is that patterns of inference involving independence as-
sumptions are no longer captured. Some recent proposal!s
attempt to combine the benefits of standard nonmonotoni¢
logics and conditional interpretations (Lehmann, 1989;
Pearl, 1989). An interesting result is that the conditional
aspects of defaults can be captured in the framework of
prioritized circumscription by a careful selection of the
default priorities (Geffner, 1990).

Architectures for Default Reasoning

Most of the work in default reasoning has been focused o1
the mathematical and semantic aspects of default infer-
ence: how to analyze default inference in logical terms and
how to capture the intended meaning of defaults. For de-
fault reasoning to be useful in building AI programs, how-
ever, there is an additional need for reasoning with de-
faults: namely computing the valid default consequences
as opposed to just specifying what makes them valid. The
latter is what the formalisms for default reasoning do; the
former is the task of default reasoning architectures. Be-
cause of the results that relate inheritance hierarchies,
truth maintenance systems, and logic programs with ne:
gation to specialized -circumscriptive, default, an

autoepistemic theories, the former systems can be ¢
garded as specialized default reasoning architectures:
More recent work has attempted to use or extend these
architectures to cope with more expressive languages:
Gelfond and Lifshitz (1989), for example, investigate the
compilation of circumscriptive theories into logic Pro-
grams and Junker and Konolige (1990), the computation




of extensions of default and autoepistemic theories by
means of a TMS. Similarly, argument-based systems have
extended the language of inheritance hierarchies to ac-
commodate both conjunctions and negation and, in certain
cases, the full power of first-order classical logic. Default
inference is viewed in argument-based systems as the
result of the interaction between supporting and rebut-
ting arguments, in analogy to the interaction between
positive and negative paths in inheritance-based systems.
Most argument-based systems have also addressed the
problem of the specificity of arguments (Nute, 1986; Poole,
1985; Loui, 1987). Recent results also show a great resem-
blance between argument-based systems and the proof
theory of prioritized circumscription (Baker and Ginsberg,
1989; Geffner, 1990).

CONCLUSIONS

The first decade of work in default reasoning has wit-
nessed an enormous growth in the understanding of the
mathematics of nonmonotonic inference and a significant,
although less dramatic, growth in the understanding of
the epistemological issues involved. A handful of formal
devices are now available for extending classical logic
with nonmonotonic features, and there is a much better
grasp of their power and limitations. Mechanisms such as
truth maintenance, negation as failure, and inheritance
are understood in logical terms, and new and more power-
_fu1. architectures seem forthcoming. The gap between in-
tuitions and formalizations has also gotten narrower, as a
better understanding of the standard and new formalisms
and a better appreciation of the causal and conditional
aspects of defaults have developed.

An area where progress has been scant is applications.
EX(_tept for a few attempts to deal with theories involving
ac_tlons and persistences, no default formalism has been
tried in realistic domains. This has been, in part, due to
the emphasis on getting the theory right first as well as
t}_le lack of adequate algorithms. As progress along both
dimensions continues, however, it is expected that more
Interesting applications will follow. The work by Grosof
(1988) and Loui (1990), using defaults for reasoning about
Partially specified probabilities and utilities, are an indi-
Cation of such a trend.
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REASONING, MEMORY-BASED

Memory-based reasoning (MBR) is a technique in which
artificial intelligence is realized by direct reference to
memory (Stanfill and Waltz, 1986, 1988). In MBR, there is
no fundamental distinction among learning, reasoning,
and remembering. Most forms of Al that benefit from ex-
perience use experiences to create an intermediate ab-
straction, such as a set of rules or a set of weights in 2
network; MBR retains the actual events. Most memory
models use knowledge available at the time of an experi-
ence to decide how to store and index it; MBR depends
instead on intensive computation at the time an experi-
ence is required (Waltz, 1989).

The simplest, best studied form of MBR is as a solution
to the classification problem. This problem may be repre-
sented as follows: a system is given two sets of objects, @
training set and a performance set. Each object is repre-
sented by a vector of features (attributes), and each object
is assigned to a class. The system has access to all features
of all objects, and to the classes of objects in the training
set. The task of the system is to assign classes to the
objects in the performance set, minimizing the number of
incorrect class assignments. The memory-based approach
to this problem is to iteratively (1) choose a target object
from the performance set, (2) find its nearest neighbor i¥1
the training set (the training set object that is most sim!-
lar to the target), and (3) assign the class of the nearest
neighbor to the target. Alternatively, it is possible to )
find the & nearest neighbors and (3) assign the target’s
class according to the majority of the neighbors. The key
issue in such a system is a computational realization of
similarity, usually represented as a distance function
that, given a pair of objects, returns a nonnegative num-
ber measuring the distance between the objects, subject to
the constraint that the distance between an object and
itself is zero. If there are n objects in the training set an
m objects in the performance set, then it is necessary (in
general) to evaluate the distance function for O(mn) object
pairs, which usually requires a very fast (parallel) ma-
chine. For some similarity measures, there may be effi-
cient algorithms requiring fewer than O(mn) such comp¥
tations. )

Many distance measures are possible. The simplest ‘15
Hamming distance, which is the number of attributes 1
which two objects differ. A simple variant is the weighte
Hamming distance, in which each attribute is assigned a
weight measuring its importance in determining the class
of the object. An attribute that was very important woul
have a weight of 1, whereas an attribute that was totally




unimportant would have a weight of 0. Importance can be
determined by a variety of statistical measures. If the
attributes are numeric, then distance can be measured by
the Euclidean distance metric, treating each attribute as
an axis in a vector space. The above forms of MBR have
been well known in the fields of nonparametric statistics
and pattern recognition as the nearest-neighbor and £
nearest-neighbor classification methods (Atkeson, 1990).
Until the advent of parallel computing, such methods
were generally considered computationally too expensive
for practical use, but their application may now be consid-
ered possible. All these methods use a simple global dis-
tance measure: the weight given to each feature is uni-
form across the entire set of objects. It is possible,
however, to use a nonglobal weighting scheme. For exam-
Ple, it is possible to (1) determine the importance of each
feature, (2) find the 100 nearest neighbors, (3) determine
the importance of each feature in that neighborhood, and
(4) recompute the nearest neighbors. In effect, every time
a new object is to be classified, a new metric that is appro-
Priate to that object’s neighborhood will be created. This
ability to dynamically create metrics is an important dif-
ference between MBR and the traditional statistical
methods. The application of MBR to classification has
been studied for the pronunciation of English words (Stan-
fill and Waltz, 1986; Stanfill, 1987), optical character rec-
Ognition, the interpretation of job category description on
census forms (Creecy and co-workers, 1991), and protein
S?condary structure prediction (Zhang, Waltz, and Me-
Sirov, 1988).
~ MBR has also been applied to the task of approximat-
Ing continuous functions (Atkeson, 1990). In this problem,
each object in the training and performance sets is associ-
ated with a numeric value. Furthermore, it is known that
this numeric value is a continuous function of the features
Used to describe the objects. Values of this function are
known for data in the training set, but not for data in the
Performance set. The task is to predict, as accurately as
Possible, the values for the performance set. The simplest
ap.plication of MBR to this task would be to (1) choose an
object from the performance set as the target object, (2)
nd its nearest neighbor in the training set, and (3) assign
the value of the nearest neighbor to the target. The prob-
lem with this method is that it can only produce target
Values that are present in the training set. The resulting
fuhction will thus have discontinuities. The solution is to
Introduce some method of interpolating the results. The
be§t approach at this point appears to be (1) assign each
object in the training set a weight depending on its dis-
taflce from the target object, with the nearer objects re-
Celving higher weights; (2) perform a weighted quadratic
T eé.'ression, which produces a quadratic function from the
Object features to the object values that minimized error in
the neighborhood of the target point; and (3) apply the
Quadratic function to the target point, producing a pre-
dlctﬁd value. This method has been demonstrated on ro-
otic kinematic problems (Atkeson, 1989). For example,
'F € state of a robot arm can be characterized at any point
In time by a set of numbers measuring the angles, angular
Velocities, torques, and angular accelerations of each of its
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joints. The function to be approximated would be the state
of the arm at a time ¢ milliseconds in the future. The
training set then consists of a set of snapshots of the state
of the arm at various points in time. Locally weighted
quadratic regression, as described above, is then em-
ployed.

It is possible to combine primitive MBR units into sys-
tems exhibiting fairly complex behavior. One such system
modeled a first-grade child learning to read (Stanfill,
1988). The system had an auditory memory (a set of words
known by sound, represented phonetically), an initially
empty set of words known by spelling, and a set of simple
pronunciation rules. When confronted with a new word,
the system would first check its spelling memory to see
whether the word was already known. If not, it would try
to sound out the word by remembering pronunciation
rules or by remembering words with similar spellings. It
would then check its auditory memory for a word that
sounded like its pronunciation and, if one was found, cre-
ate a new item in its spelling memory linked with the
corresponding entry in the auditory memory.

MBR can be thought of as occupying one extreme of a
continuum of learning and reasoning methods, varying
from abstraction-based to memory-based. At the abstrac-
tion-based extremes are traditional rule-based systems,
where a human translates knowledge of a domain into an
abstraction (a set of rules). Slightly less abstraction-based
is machine learning, in which a set of rules are inferred
from a set of data; the data themselves are not used at run
time. Traditional (parametric) statistics plus nontradi-
tional methods (such as back-propagation learning) pro-
duce numerical functions rather than symbolic rules, but
are at approximately the same point in the abstraction- to
memory-based scale. Radial basis functions use points in a
training set in forming the basis of a vector space and are
yet more memory based. Nearest-neighbor techniques us-
ing global metrics are the next steps in the continuum,
because the data themselves are used in conjunction with
a precomputed abstraction (the global metric). Finally,
nearest-neighbor techniques with metrics constructed on
the fly are the most extremely memory based. MBR may
be considered a subclass of case-based reasoning. How-
ever, many case-based reasoning systems employ signifi-
cant amounts of domain-specific (abstract) knowledge to
organize memory, to retrieve items from memory, and to
adapt memories to the specific purposes at hand. It may be
possible to consider case-based reasoning as a high level
architecture and memory-based reasoning as a low level
inference technique.
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REASONING, NONMONOTONIC

In many situations, appropriate reasoning involves draw-
ing default conclusions based on incomplete data. The
results of such reasoning are in general unsound, ie, they
are not necessarily true even though the data on which
they are based may be true. Nonetheless, such reasoning
can be important. For instance, a robot may assume that
in the absence of information to the contrary its arms may
be used to transport objects in the normal manner. Simi-
larly, in normal conversation, the appropriate response to
“Did you understand that article?” is not “I understood
90% of it,” if in fact the latter speaker understood it all.
Even though the indicated response is not strictly false, it
is misleading because it encourages the questioner to con-
clude (unsoundly) that only 90% of the article was under-
stood. That is, in the absence of information to the con-
trary, the questioner might normally and usefully assume
that the respondent is being cooperative rather than mis-
leading. These and other examples strongly suggest that
reasoning by default is prevalent throughout common-
sense reasoning.

Minsky (1975) coined the term nonmonotonic logic in
developing an argument that tools of formal logic are in-
adequate to the task of representing commonsense reason-
ing. His argument involved an analysis of the use of de-
faults. As indicated above, these are conclusions based on
the absence of contrary information. Consider the exam-
ple of concluding from the knowledge that Tweety is a bird
that Tweety can fly. Such a conclusion is not necessarily
true, although it certainly can be very useful in some
situations. It is possible to try to specify precisely those
situations in which such a conclusion is sound, but any
effort to do so quickly leads to despair. The possible cir-
cumstances in which any presumed correct line of reason-
ing can be defeated astounds: Tweety may be an ostrich,
may have a broken wing, may be chained to a perch, may
be too weak, etc. Indeed, the problem is virtually the same

as that of the well-known qualification problem: the spe-
cial conditions relevant to determining what may be the
case in a complex environment defies precise specification.
Although there appears to be a meaningful sense of cer-
tain typical situations (such as typical birds being ones
which, among other things, can fly), it is notoriously hard
to define typicality.

However, Minsky’s claim was more than this: he ar-
gued that, first, conclusions of the sort given in the
Tweety example are contingent on what else is known (eg,
if it is already known that Tweety cannot fly, than the
opposite conclusion is not made) and that, second, such
conclusions do not obey the customary phenomenon of
monotonicity of formal systems of logic. That is, a stan-
dard logic L has the property that if ¢ is a theorem of L
and if L is augmented to L* by additional axioms, then ¢
remains a theorem of L*. Indeed the sane proof of ¢ in L is
a proof of ¢ in L*. However, commonsense reasoning
seems to allow a proof (at least in the form of a tentative
supposition) that Tweety can fly, given only that Tweety
is a bird, whereas in the augmented state in which it is
known also that Tweety cannot fly, no such proof is forth-
coming. In effect, account seems to be taken of what the
reasoner does not know, an issue already much studied in
the area of databases in the context of the closed-world
assumption (Reiter, 1978a), in which any atomic formula
not explicitly present in the database is intended (or as-
sumed) to be false. Similarly, inheritance hierarchies pro-
vide mimicked traits (eg, flying) for subclasses (eg, robins)
of other classes (eg, birds) unless made exceptional (eg
ostriches).

It is true that any straightforward attempt to represent
such reasoning in terms of sentences in a traditional
monotonic logic (in which the stated conclusions are theo-
rems) will fail for the simple reason that these logics will
necessarily have the original theorem (Tweety can fly)
carried over to the augmented theories by virtue of their
monotonicity. Several questions then arise:

1. Are there other formal logics that can represent
such reasoning?

2. Has commonsense reasoning been fairly portrayed
here or are there other factors involved that might
change the assessment of the role of nonmonoto-
nicity?

3. Might not a clever use of monotonic logic allow the
effect of nonmonotonic deductions?

Minsky seems to have concluded that formal methods per
se are inappropriate to capture such reasoning, whereas
others have taken his ideas as a challenge by which to find
more powerful formal methods. Out of this challenge has
arisen a substantial field of research in nonmonotonic rea-
soning.

In fact, vigorous efforts have been made toward an-
swering each of the three questions above, and the terrain
has by now shown itself to be a rich and varied one inVOlf"
ing ideas from divers parts of artificial intelligence, 1081¢
natural language, and philosophy. One theme that seem$
to have emerged is that a key element in commonsensé
reasoning dealing with uncertainty (due to the abundanc®




of special conditions defying specification) is self-refer-
ence: the reasoning entity uses information about the ex-
tent of its own knowledge. Indeed, answers suggested to
the above three questions can be viewed in terms of their
approach to representing such self-reference. This will be
explored in what follows.

The topic of nonmonotonic reasoning has undergone an
explosion of new material in recent years, so that it will
not be possible to do justice to it in this brief survey. More
information is available (Ginsberg, 1987; Reinfrank and
co-workers, eds., 1988; Brachman and co-workers, 1989;
Genesereth and Nilsson, 1987).

NONMONOTONIC FORMALISMS

Two distinct formalisms emerged around 1980 that at-
tempted to capture the essence of nonmonotonic reasoning
by providing a new kind of logical framework. One
(McDermott and Doyle, 1980) simply bears the name non-
monotonic logic, and the other (Reiter, 1980) is called de-
fault logic. Both employ inferential tools making explicit
use of information about what information the formalism
¥tself has available to it. In both cases new syntactic and
Inferential constructs are developed. Each of these will be
discussed in turn.

Nonmonotonic Logic

Nonmonotonic logic (NML) (McDermott and Doyle, 1980)
takes as point of departure the desire to represent axio-
Matically such notions as “If an animal is a bird then,
unless proven otherwise, it can fly.” To do this a modal
Operator M is introduced into the language (initially a
first-order language) so that if p is a formula then so is Mp
(read “p is consistent”). Now in this language it is possible
to write formulas that seem to express the kind of reason-
Ing given earlier. For instance, the formula

(x)[Bird(x) & M Flies(x) .— Flies(x)]

appears to convey information appropriate to concluding
of typical birds that they can fly. A means is needed to
characterize deductions with formulas containing the op-
€rator M, however, and McDermott and Doyle (1980) went
to some length to develop this. As it is essential to their
tr_eatment, some time will be spent examining it. To pro-
Vide an example for the following discussion, let A be the
theory {Bird(x) & M Flies(x) — Flies(x), Bird(Tweety)}.
At first blush, it would appear easy to state what is
Wanted. For if indeed the formula p is consistent (with the
Test of the axioms of the particular instance of NML that
Is FO be used) and if in typical situations (ie, ones in which
P 18 consistent) the formula ¢ happens to be true, then a
Tule such as “from Mp deduce ¢” seems appropriate. How-
€ver, McDermott and Doyle chose M to be a part of the
anguage itself, ie, Mp is a formula as well as p. This
Means that a mechanism is needed to make it possible to
Prove formulas such as Mp, and this is problematic be-
Cause proofs of consistency are not only notoriously hard
!N general but in fact are usually impossible within the
Same axiomatic system with respect to which consistency
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is sought. To deal with this problem, McDermott and
Doyle extended the notion of proof to allow a kind of con-
sistency test, at the expense of effectiveness. In fact, all
formal approaches to nonmonotonic reasoning seem to run
into this same issue. Their notion of proof is as follows: If L
is a first-order language modified by the addition of a mo-
dal operator M, A is a theory in the language L, and S is a
set of formulas in the language L of A, let

NM4(S) = Th{AUAs,(S))
where
Asa(S) = {Mq:q€L and ~q&S} — Th(A)

Here Th(A) is the usual set of first-order consequences of
A, and As,(S), the so-called set of assumptions from S,
consists of those formulas Mq not in Th(A) for which g is
not in S. Intuitively, an Mq that is not already proven is to
be considered an assumption on the basis of S if S does not
rule g out, ie, @ is considered to be possible. The idea is to
adjoin assumptions to A and find all (usual) consequences,
this producing the set NM4(S). S, of course, could be A
itself, or even empty. However, when NM, is formed, new
formulas are thereby available for use (ie, they are consid-
ered proven) and these may themselves provide the basis
for another round of assumptions. So S plays the role of a
recursion variable, and a fixed point of NM,4(S) is sought.
It is desired then to consider as theorems precisely those
formulas contained in all fixed points S. However, some
theories A have no such fixed points, and for these such a
definition will not do. McDermott and Doyle settled on the
entire language L in such cases, thereby defining the set
of theorems nonmonotonically derivable from A as

TH(A) = N{LYU{S:NM,(S)=S}

In terms of the example theory {Birds(x) & MFlies(x) —
Flies(x), Bird(Tweety)}, every fixed point S will con-
tain the sentence Flies(Tweety). Intuitively, because
—Flies(Tweety) is not initially in the theory, and each
stage of generating new assumptions will produce only
additional sentences such as MFlies(Tweety) as well as
their ordinary consequences (such as Flies(Tweety)), then
Flies(Tweety) will be remain present in all iterations of
the assumption process. Thus Flies(Tweety) will be a non-
monotonic theorem of A.

Note that any attempt to calculate TH(A) leads to con-
sistency tests. For in iterating NM4(S) for S initially
empty, it is immediately necessary to determine whether,
for any given g, Mq is in Th(A). This is in general unde-
cidable and amounts precisely to determining whether
AU{"1Mq} is inconsistent. McDermott and Doyle acknowl-
edged this difficulty and showed that in very restricted
cases, essentially propositional logic, there is a remedy.
[They also defined a notion of model for NML; however,
there is some dispute as to the completeness of their defi-
nition (Davis, 1980).]

McDermott (1982) tried to strengthen NML to over-
come certain weaknesses in the original version, in partic-
ular the fact that Mp and p are not contradictory. The
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newer effort makes fuller use of the modal character of the
language, but the case he explores most collapses into
equivalence with an ordinary monotonic logic. More re-
cent work suggests, however, that in other cases this col-
lapse need not occur (Marek and Truszczynski, 1989b).

A Distinction: Semantic Approaches

Moore (1983) reexamined the underlying goals of NML
and concluded that two ideas were being conflated: typi-
cality on the one hand and beliefs about beliefs on the
other. He distinguished between concluding Tweety can
fly on the basis that it is not known that Tweety cannot fly
and that typically birds can fly, and concluding Tweety
can fly on the basis that it is not known that Tweety
cannot fly and that “I would know it if Tweety could not
fly.” Moore argued that the former is intended to be ap-
proximate and error prone, whereas the latter (which he
called autoepistemic reasoning) is intended to be sound.
He devised a logical semantics (usually denoted AEL) for
the latter form of reasoning.

It does appear that autoepistemic reasoning forms a
part of commonsense reasoning. The example above is not
as striking as one given by Moore: “I would know it if I
had an elder brother.” Here he is presumably not merely
stating a belief about typicality (that people typically
know their older brothers, although that seems true
enough) but rather a belief that “I” specifically do know of
all “my” brothers. Admittedly this is arguable, because
situations exist in which an older brother may be un-
known, but they are not likely to be taken seriously, so
that again a kind of typicality may be present here.

Moore pointed out that in autoepistemic beliefs there is
a possibility of failure, ie, the belief can be false (I may
have an elder brother after all) in which case I must alter
that belief, whereas in the case of typicality I may merely
conclude that I am atypical regarding knowledge of broth-
ers and yet preserve the belief that typically elder broth-
ers are known. Still, if I do discover to my surprise that
such a brother exists, it would seem likely that I would
conclude immediately that I was wrong about my
autoepistemic belief but that the belief still applies to
most people, ie, there seems a very fine and tenuous line
between the two forms of beliefs. It seems possible to move
back and forth between explicit typicality beliefs in which
uncertainty is acknowledged and more stubborn autoepi-
stemic ones, for the same assertions, depending on con-
text, and the willingness of people to alter their position
when challenged may attest to an implicit default charac-
ter even in autoepistemic cases.

It is of interest that both forms of reasoning, however,
like all nonmonotonic formalisms, depend at least implic-
itly on a determination that in fact certain formulas are
not theorems of the formalism in question. Note that in
Moore’s example it must somehow be determined that in
fact an elder brother is not known before using the
autoepistemic belief and modus ponens to conclude there
is no such brother. Again, this self-referential or consis-
tency aspect of the reasoning seems the most striking
characteristic, and the one presenting the greatest formal
difficulty. Related approaches have been published
(Halpern and Moses, 1984; Shoham, 1988; Bell, 1990).

Default Logic

Reiter (1980) introduced a logic for default reasoning
(DL). In specifically singling out default reasoning, Reiter
identified his concern as that of studying typicality rather
than other possible nonmonotonic forms of reasoning. His
formalism in fact bears close resemblance to NML, the
most obvious difference being that the language is strictly
first order, with the operator M playing a role only in rules
of inference rather than in axioms. Specifically, Reiter
allowed inference rules (default rules) such as

Bird(x): M Flies(x)
Flies(x)

where MFlies(x) is intended not as an antecedent theorem
to the consequent Flies(x) but instead as a condition that
must be met before Flies(x) can be concluded from Bird(x)-
The condition is, roughly (and as in all nonmonotonic for-
malisms) that Flies(x) be consistent with the rest of the
axiomatic framework. Thus if the above rule and the
axiom Bird(Tweety) are employed, the conclusion
Flies(Tweety) results. As with NML, formalizing the no-
tion of consistency for the indicated purpose requires care-
Making this precise and showing it to be useful is the bulk

of the task Reiter undertook. He employed a hierarchy of

iterations along lines similar to that of NML, also arriv-
ing at a fixed point, in determining a notion of proof for
default rules.

Reiter and Criscuolo (1981) also considered what they
called interacting defaults, ie, default rules that sepa-
rately might lead to opposed conclusions, such as i_n
“Richard Nixon is a Quaker and a Republican” where it 15
known, say, that typically Quakers are pacifists and Re-
publicans are not. This appears to be a substantial diffi-
culty for any form of nonmonotonic reasoning that pre-

tends to deal with typicality. Along the lines of

interacting defaults, yet another approach has gotter
much attention: inheritance hierarchies (Horty, 1990;
Horty and co-workers, 1987; Selman and Levesque, 1989;
Touretzky, 1984a, 1984b; Touretzky and co-workers
1987; Etherington and Reiter, 1983).

REMAINING WITHIN FIRST-ORDER LOGIC

McCarthy (1980) has devised an ingenious means for rep-
resenting and calculating knowledge about situations 11"
volving minimization of particular notions. He called this
technique circumscription (which we will denote CL).1t18
noteworthy in the present context because it seems able to
handle many of the kinds of reasoning with self-referenc®
found in nonmonotonic approaches and yet stays withio
first-order logic. McCarthy managed this by use of an ax-
iom schema that partially captures the notion of a m¢ €

of a set of sentences, similar to (and in fact generalizing)
the familiar manner of defining the natural numbers by a
minimizing schema applied to the successor operatio™
Much work has followed his original paper. In particu]ar’
by introducing a predicate for abnormal McCarthy (1986)
has been able to capture some of the intuitions about red-
soning about typicality, that is, circumscribing that Predl'




cate can lead to conclusions to the effect that Tweety can
fly, because it is abnormal for a bird not to fly and because
abnormality is (intended to be) minimized by circumscrip-
tion. Some positive and negative results on this have been
published (Etherington and co-workers, 1985; Perlis and
Minker, 1986).

PROBLEMATIC ASPECTS UNDERLYING
NONMONOTONIC REASONING

Kowalski (1979) and Israel (1980) suggested that some-
thing was missing from Minsky’s account of commonsense
reasoning under uncertainty: the reasoning entity creat-
Ing the “proof” (say that Tweety flies) must know that it
does not know certain facts (such as that Tweety is an
ostrich), and furthermore, that when this knowledge of
self is properly represented, the reasoning is no longer
honmonotonic, thereby rendering unnecessary the devel-
Opment of new (nonmonotonic) logics. Their argument is
as follows: a default rule such as “if X is not known then
Y'” (eg, if Tweety doesn’t fly is not known then Tweety
flies) is at least implicit in nonmonotonic proofs, and so
th? reasoning must make use, in some fashion, of X not
being known, before concluding Y. This means there must
¢ an additional mechanism M to determine that in fact X
18 not known. But then if the system is augmented by
Coming to know X (Tweety is an ostrich and, therefore,
Cannot fly, say) then the system can no longer derive “X is
Not known” as long as the mechanism M for such deriva-
tions is faithful to the facts. That is, not only has the
System been augmented by now knowing X, it has had an
old piece of knowledge removed (and properly so, for it no
9nger is true), namely that “X is not known,” and that
Plece of information was precisely what previously al-
Owed the now inadmissable conclusion Y.
What has happened in such a scenario is that one logic
as been replaced by another that contains additional in-
Ormation but also has lost some information (namely in-
formation that no longer is true because of the very pres-
€nce of the new information). In effect, a reasoning system
that 'is to know about its own reasoning would appear to
Tequire temporal changes reflecting the fact that its pre-
Vious states obeyed different truths. If a system first does
Not know X and then later does, it was true at first that “X
1S not known” and later this is false. If the system itself is
to have this knowledge represented (as Kowalski and Is-
;‘a.el argued) then Minsky’s argument for nonmonotonicity
ails, because there is no longer a strict augmentation of
see original axioms. Israel, in particular, argued that a
Quence of logics is a better way to view the situation, in
Which axioms are constantly added and subtracted as new
acts become known and that this process is not one of
r(‘:ﬁduction but of interaction with the happenstance envi-
Nment. To a certain extent this acknowledges Minsky’s
Point that logic is not (entirely) what is involved here.
fa(l)xvlvever’ the insight provided by making explicit the de-
t knowledge and mechanism M that utilizes it sug-
ig:‘s,tithat logic still may do all, and that other processes
m Oke the necessary self-referential inspections to deter-
e whether or not X is still known. In fact, just such an
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approach has been undertaken in experimental reasoning
systems (Perlis, 1984; Elgot-Drapkin, 1988).

Israel also argued that a sufficiently perceptive agent
that uses nonmonotonic reasoning will necessarily enter-
tain (at least occasional) inconsistencies. Perlis (1987) for-
malized this into specific challenges for the three formal-
isms DL, NML, and CL. In particular, the presence of
beliefs to the effect that some of the nonmonotonic conclu-
sions are false can lead to inconsistency or to the blocking
of desired default conclusions. This has been investigated
and partial solutions have been found (Etherington and
co-workers, in press).

The issue of determining “what is not known” to a rea-
soner, as indicated above, appears to be central to all cur-
rent formalizations of nonmonotonic reasoning. This is
subject to computability constraints (undecidability in the
general case) but also others. For instance, Perlis (1987)
has shown that if a first-order reasoner is able to intro-
spect both positively and negatively (Known(P) is in-
ferred whenever P is itself known, and not-Known(P) is
inferred whenever P is not known) and also has even
fairly mundane arithmetical knowledge, then the rea-
soner is inconsistent. This also obtains if known is treated
as a modality.

INTERCONNECTIONS

Given that there are three or four principal formalisms
already in the literature aimed at capturing the informal
notion of nonmonotonic reasoning, it is natural to ask
about comparisons between them. Some results have been
established along these lines, relating AEL, DL, circum-
scription, and logic programming (Reiter, 1982; Konolige,
1989, 1987; Marek and Subrahmanian, in press; Marek
and Truszezynski, 1989a, in press; Przymusinski, 1989).

APPLICATIONS AND RELATED WORK

As with much of commonsense reasoning techniques, for-
mal nonmonotonic modes of reasoning naturally present
themselves as candidates for a reasoning mechanism that
could in principle be used in an intelligent robot, for in-
stance, in conjunction with a theorem prover. So far, little
has been done in a concrete way to address these issues.
Some preliminary work has been presented (Perlis, 1984).

One rather specific application of nonmonotonic rea-
soning that has received much attention is temporal per-
sistence in the presence of conflicting defaults. This prob-
lem was most vividly noted in connection with the Yale
Shooting Problem (Hanks and McDermott, 1986). Here
each of two states of affairs (a person’s being alive and a
gun’s being loaded) alone tends to persist. But together it
is possible to negate the other (if at some point the gun is
aimed at the person and the trigger is pulled). Has the gun
remained loaded up to that point? Has the person re-
mained alive up to that point? What general principles
lead to intuitive conclusions here? Hanks and McDermott
showed that the problem is nontrivial, indeed, they fur-
ther argued that the problem illustrates a fundamental
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inappropriateness of any formal techniques to common-
sense reasoning, thereby aligning themselves with
Minsky’s original position. But, not surprisingly, many
proposals were forthcoming that provided various formal-
isms designed to solve this sort of problem. A survey of
this entire area has been published (Haugh, 1989).
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REASONING, PLAUSIBLE

In the past, the management of uncertainty in expert sys-
tems (qv) has usually been left to ad hoc representations
and combining rules lacking either a sound theory or clear
semantics. However, the aggregation of uncertain infor-
mation (facts) is a recurrent need in the reasoning process
of an expert system. Facts must be aggregated to deter-
mine the degree to which the premise of a given rule has
been satisfied, to verify the extent to which external con-
straints have been met, to propagate the amount of uncer-
tainty through the triggering of a given rule, to summa-
rize the findings provided by various rules or knowledge
sources or experts, to detect possible inconsistencies
among the various sources, and to rank different alterna-
tives or different goals.

COPING WITH UNCERTAINTY IN EXPERT SYSTEMS

Over the past few years, uncertainty management has
received a vast amount of attention from the researchers
in the field, leading to the establishment of two well-de-
fined approaches based on probability and possibility the-
ory, respectively. In this article these approaches will be
illustrated and compared.

Sources of Uncertainty

In a survey of reasoning with uncertainty (Bonissone and
Tong, 1985), it was noted that there are two major types of
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uncertainty: randomness and fuzziness. Randomness
deals with the uncertainty of whether a given element
belongs or does not belong to a well-defined set (event).
Fuzziness deals with the uncertainty derived from the
partial membership of a given element to a set whose
boundaries are not sharply defined.

These two types of uncertainty can be introduced in
reasoning systems by a variety of sources: the reliability
of the information, the inherent imprecision of the repre-
sentation language in which the information is conveyed,
the incompleteness of the information, and the aggrega-
tion or summarization of information from multiple
sources.

The first source type is related to the reliability of in-
formation: uncertainty can be present in the factual
knowledge (ie, the set of assertions or facts) due to inaccu-
racy and poor reliability of the instruments used to make
the observations. Uncertainty can also occur in the knowl-
edge base (ie, the rule set) as a result of using weak impli-
cations. Unlike categorical rules (describing set subsump-
tion relationships) weak implications or plausible rules
are typically used to describe likely interpretations of sit-
uations. By their very nature, these rules are less reliable
than categorical rules and are used when the expert or
model builder is unable to establish an exact correlation
between premise and conclusion. In most expert systems
the degree of implication is expressed as a scalar value on
an interval (certainty factor, conditional probability, de-
gree of sufficiency, etc). This value represents the change
from the strict implication for all x, A(x) — B(x), to the
weaker statement for most x, or usually, for all x, A(x) —
B(x). The latter statement is not categorical and allows
the possibility of exceptions to the rule. Thus the logical
implication has now been changed into a plausible impli-
cation or disposition (Zadeh, 1985a, 1988). A natural way
to express such a degree of implication is achieved by us-
ing fuzzy quantifiers such as most, almost all, etc (Zadeh,
1983a, 1984a). A fuzzy quantifier is a fuzzy number repre-
senting the relative cardinality of the subset of elements
in the universe of discourse that usually satisfy the given
property, ie, the implication. Uncertainty in the data can
be compounded by aggregating uncertain data in the
premise, by propagating certainty measures to the conclu-
sion, and by consolidating the final certainty measure of
conclusions derived from different rules. Triangular
norms and conorms (Schweizer and Sklar, 1963; Dubois
and Prade, 1984) can be used to generalize the conjunction
and disjunction operators that provide the required aggre-
gation capabilities. A description of their characteristics
is provided under “Triangular Norm Based Reasoning
Systems,” below.

The second type of uncertainty is caused by the inher-
ent imprecision of the facts and rules representation lan-
guage. Observations can contain ill-defined concepts.
Rules can contain vague predicates describing tests that
cannot be expressed by Boolean expressions (eg, a great
change in heading). As a result, these rules cannot be
interpreted exactly. This problem has been partially ad-
dressed by the possibilistic theory of approximate reason-
ing that, in light of imprecise fact and rule descriptions,

allows weaker inferences to be made based on a general-
ized modus ponens (Zadeh, 1975).

The third type of uncertainty is caused by the incom-
pleteness of the information. This type of uncertainty has
generally been modeled by nonnumerical characteriza-
tions, such as Doyle’s (1983) reasoned assumptions.

The fourth type of uncertainty arises from the aggrega-
tion of information from different knowledge sources of
experts. When unconditional statements (facts) are aggre-
gated, three potential problems can occur: the closure of
the representation may no longer be preserved when the
facts to be aggregated have different granularity (the sin-
gle-valued certainty measures of the facts may change
into an interval-valued certainty measure of the aggre-
gated fact), the aggregation of conflicting statements may
generate a contradiction that should be detected, and the
rule of evidence combination may create an overestimated
certainty measure of the aggregated fact, if a normaliza-
tion is used to eliminate or hide a contradiction (Zadeh,
1984b, 1985b). The first two problems are typical of singl?'
valued numerical approaches, whereas the last problem 13
found in the two-valued approach (Dempster, 1967).

All these approaches will be discussed in the following
section. The state of the art of techniques for reasoning
with uncertainty will be reviewed. The numerical ap-
proaches will be emphasized, and probabilistic and posst”
bilistic methods will be compared and evaluated against
list of requirements.

State of the Art of Reasoning with Uncertainty

The existing approaches to representing uncertainty can
be subdivided into two basic categories according to their
quantitative or qualitative characterizations of uncer
tainty.

Among the quantitative approaches, are two types of
reasoning that differ in the semantics of their numerica
representation. One is the probabilistic reasoning ap-
proach, based on probability theory. The other one is t.he
possibilistic reasoning approach, based on the semantic
of many-valued logics. Some of the more traditional tech-
niques found among the approaches derived from proba-
bility are based on single-valued representations. Thesé
techniques include Bayes rule (Peark, 1982, 1985, 19882);
modified Bayesian rule (Duda and co-workers, 1976), an
confirmation theory (Shortliffe and Buchanan, 1975). A
more recent trend among the probabilistic approaches 15
represented by approaches based on interval-valued reP
resentations such as Dempster (1967) and Shafer (1976)
theory; evidential reasoning (Lowrance and co-workers,
1986); probability bounds, ie, consistency and plausibility
(Quinlan, 1983); and evidence space (Rollinger, 1983).

Over the last five years, considerable efforts have beer
devoted to improve the computational efficiency of Bay-
esian belief networks for trees and small polytrees (Pear’
1988b) and for directed acyclic graphs (influence dia-
grams) (Howard and Matheson, 1984; Schachter, 1986;
Agogino and Rege, 1987). Problem decomposition tech-
niques (eg, loopcuts and cliques) (Lauritzen am
Spiegelhalter, 1988) and approximate methods (eg, condi-




tioning, clustering, bounding interval, and simulations)
(Henrion, 1989) have been derived to handle multicon-
nected Bayesian belief networks (Pearl, 1988b).

Among the approaches anchored on many-valued
logics, the most notable are based on a fuzzy-valued repre-
sentation of uncertainty. These include necessity and pos-
sibility theory (Zadeh, 1978, 1979a), the linguistic vari-
able approach (Zadeh, 1979b, 1983b), and the
triangular-norm based approach (Bonissone, 1987a, 1990;
Bonissone and Decker, 1986; Bonissone and co-workers,
1987).

With numerical representations, it is possible to define
a calculus that provides a mechanism for propagating un-
certainty through the reasoning process. Similarly, the
use of aggregation operators provides summaries that can
then be ranked to perform rational decisions. Such a nu-
merical representation, however, cannot provide a clear
explanation of the reasons that led to a given conclusion.
The typical available explanations are usually annotated
traces of the reasoning paths followed by the inference
engine.

Models based on qualitative approaches, on the other
hi{nd, are usually designed to handle the aspect of uncer-
tflmty derived from the incompleteness of the informa-
tion, such as reasoned assumptions (Doyle, 1983) and de-
fault reasoning (Reiter, 1980). With a few exceptions, they
are generally inadequate to handle the case of imprecise
Information, as they lack any measure to quantify confi-
dence levels (Doyle, 1983). A few approaches in this group
h_aVe addressed the representation of uncertainty, using
either a formal representation, such as knowledge and
belief (Halpern and Moses, 1985), or a heuristic represen-
tation, such as the theory of endorsements (Cohen, 1985;
Cohen and Grinberg, 1983a).

The formal approach has a corresponding (modal) logic
theory that determines the mechanism by which infer-
ences (theorems) can be proven or believed to be true. The

euristic approach has a set of context-dependent rules to
define the ways by which framelike structures (endorse-
ments) can be combined, added, or removed. The symbolic
Yepresentations are more suitable for providing a trace
from the sources of the information through the various
Inference paths to the final conclusions. However, no cal-
culus can be defined for the propagation, aggregation, and
ranking of such uncertain information. The only available
Partial solution is the use of context-dependent rules to
determine how each piece of evidence can be compared or
Summarized.

'In this article, the qualitative approaches will be
brleﬂy covered. However, most of the discussion will be
focused on describing and comparing quantitative ap-
Proaches. In particular the probabilistic and possibilistic
reasoning systems will be analyzed.

APPROXIMATE REASONING SYSTEMS

Reasoning systems must attach a truth value to state-
;nents about the state or the behavior of a real world sys-
em. When this hypothesis evaluation is not possible due
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to the lack of complete and certain information, approxi-
mate reasoning techniques are used to determine a set of
possibilities (possible worlds) that are logically consistent
with the available information. These possible worlds are
characterized by a set of propositional variables and their
associated values. Because it is generally impractical to
describe these possible worlds to an acceptable level of
detail, approximate reasoning techniques seek to deter-
mine some properties of the set of possible solutions or
some constraints on the values of such properties (Rus-
pini, 1987, 1989a, 1989b).

A large number of approximate reasoning techniques
have been developed over the past decade to provide these
solutions, and a survey has been published (Pearl, 1988a).
The similarities and differences between the two most
common approximate reasoning techniques, probabilistic
and possibilistic reasoning, will be highlighted.

Probabilistic Reasoning

Probability-based, or probabilistic, reasoning seeks to de-
scribe the constraints on the variables that characterize
the possible worlds by indentifying their conditional prob-
ability distributions given the evidence in hand. Its sup-
porting formalisms are based on the concept of set mea-
sures, additive real functions defined over certain subsets
of some space. Probabilistic methods seldom make cate-
gorical assertions about the actual state of the system
being investigated. Rather, they indicate that there is an
experimentally determined (or believed) tendency or pro-
pensity for the system to be in some specified state. Thus
they are oriented primarily toward decisions that are
optimal in the long run, describing the tendency or pro-
pensity of truth of a proposition without assuring its ac-
tual validity. Depending on the nature of the information,
probabilistic reasoning estimates the frequency of the
truth of a hypothesis as determined by prior observation
(objectivist interpretation) or a degree of gamble based on
the actual truth of the hypothesis (subjectivist interpreta-
tion).

From a practical computational viewpoint, probabilis-
tic methods suffer from problems associated with the reli-
able determination of all required joint and conditional
probabilities. In complex systems, many variables interre-
late in ways that cannot be expressed in terms of simpler
interactions. In these cases, the complexity of probabilis-
tic inference is exponential in the size of the largest sub-
graph into which the system can be decomposed.

Possibilistic Reasoning

Conversely, possibilistic reasoning, which is rooted in
fuzzy set theory (Zadeh, 1965) and many-valued logics,
seeks to describe the constraints on the values of the vari-
ables of the possible worlds in terms of their similarity to
other sets of possible worlds. The supporting formalisms
are based on the mathematical concept of metrics instead
of set measure. These methods focus on single situations
and cases. Rather than measuring the tendency of the
given proposition to be valid, they seek to find another
related, similar proposition that is valid. This proposition
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is usually less specific and resembles (according to some
measure of similarity) the original hypothesis of interest.

The notion of similarity is based on the concept of met-
ric or distance. Distances are functions that assign a num-
ber greater than zero to pairs of elements of some set (for
sake of simplicity, it will be assumed that the range of this
function is the interval [0,1]). Distances are reflexive,
commutative, and transitive. Similarity can be defined as
the complement of distance, ie,

S@AB)=1-d@A,B) 1)

The basic structural characteristics of the similarity
functions is an extended notion of transitivity that allows
the computation of bounds on the similarity between two
objects A and B on the basis of knowledge of their similari-
ties to a third object C:

S(A,B) = T(S(A,C),S(B,C)) (2)

where T is a triangular norm (Bonissone and Decker,
1986; Bonissone, 1987a). Any continuous triangular norm

T(A,B) falls in the interval Max(0,A + B— 1) = T(A,B) = .

Min(A,B). Thus it can be observed that if the lower bound
of the range of T norms is used in the expression describ-
ing the transitivity of similarity (eq. 2), the triangular
inequality for distances is obtained. If the upper bound is
used, the ultrametric inequality is obtained.

This similarity notion is a direct extension of the no-
tion of accessibility relation that is of fundamental impor-
tance in modal logics. This notion is further described by
Ruspini (1990). In summarizing Ruspini’s results, it can
be observed that the notion of accessibility captures the
idea that whatever is true in some world w, is true, but in
a modified sense, in another w' that is accessible from it.
When considering multiple levels of accessibility (indexed
by a number between 0 and 1), this relation, measuring
the resemblance between two worlds, may be used to ex-
press the extent by which considerations applicable in one
world may be extended to another world.

The basic inferential mechanism, underlying the gen-
eralized modus ponens (Zadeh, 1979b), makes use of infer-
ential chains and the properties of a similarity function to
relate the state of affairs in the two worlds that are at the
extremes of an inferential chain.

Given the duality of purpose and characteristics be-
tween probabilistic and possibilistic methods, it can be
concluded that these technologies ought to be regarded as
being complementary rather than competitive.

PROBABILISTIC APPROACHES

Having contrasted probabilistic and possibilistic reason-
ing techniques, selected representative approaches will
now be examined. Among the probabilistic techniques to
be analyzed are the Bayesian approaches (Bayesian, mod-
ified Bayesian, and Bayesian belief networks), confirma-
tion theory (certainty factors), and the Dempster-Shafer
(belief) theory.

Bayes Rule
Given a set of hypotheses H = {hy, h, . . . , h,} and 8
sequence of pieces of evidence {e), ez, . . . , en}, Bayes

rule (see BAYESIAN INFERENCE METHODS), derived from the for-
mula of conditional probability, states that the posterior
probability P(k; | e;, €3, . . . , e,) can be derived as 2
function of the conditional probabilities P(e;, ez, - - - »
en|h;) and the prior probability P(h):

Pe, e, . . . ,em|R)P(R)

Phi| e, e, . . . ,em) =

n

> Pley, e, . . - , em| h)P ()
=1

3)

The Bayesian approach is based on two fundamental as-
sumptions. Each hypothesis #; is mutually exclusive with
any other hypothesis in the set H and the set of hypothe-
ses H is exhaustive, ie,

P(hihj) =0 fori #j 4

X

Ph) =1 ®)
1

L}

Second, each piece of evidence ¢; is conditionally indepen-
dent under each hypothesis, ie,

P(el,ez, .. ,em|h,-) = HP(eJIh,) (6)
j=1

Note that equations 4 and 5 are required to derive
Bayes rule from the formula of conditional probability-
Equation 6, on the other hand, is an assumption usually
made to alleviate the difficulty of determining the condi-
tional joint probability required by equation 3. Thus
under equation 6, equation 3 becomes computationally
feasible.

This method requires a large amount of data to deter-
mine the estimates for the prior and conditional probabili-
ties. Such a requirement becomes manageable when the
problem can be represented as a sparse Bayesian networ
that is formed by a hierarchy of small cluster of nodes. In
this case the dependencies among variables (nodes in the
network) are known and only the explicitly required cor”
ditional probabilities must be obtained (Pearl, 1985).

Modified Bayes Rule

In addition to equations 4 and 5 (for derivational needs)
and equation 6 (for operational convenience) needed by
the original Bayes rule, the modified Bayesian apprOaCh’
used in PROSPECTOR, also requires that each piece ©
evidence e; be conditionally independent under the nega-
tion of each hypothesis, ie,

Pley, ez, . . . ,en|h) = l_[P(ejlﬁh;) ™
j=1




The modified Bayesian approach is based on a variation of
the odds-likelihood formulation of Bayes rule. When all
the pieces of evidence are certainly true, this formulation
defines the posterior odds as:

P(ey|h;) Pleslhy)

O(h,-|e1, €, - . . 8y = P(e1|1hi)P(e2|ﬂk5) o
P(e,|h) P(h) (8)
P(enl-lhi) P(Mh)
= A2, 0 (Ry)
where

N = P(e;| k)
P(e;|Mhy)

is the likelihood ratio of e; for hypothesis k; and

_P()

O = Bk

is the odds on hypothesis ;. An analogous odds—likeli-
POd formulation is derived for the case when all the

Pleces of evidence are certainly false:

- ) = P(ﬁel|hi) P(_|e2lhi)
o 1em) = P(Rey k) P(es[ k)

P(me,|h) P(h) )
© 1 P(e,|Thy) P(ky)

= Af’ikgi e . }‘rﬂ:,io(hi)

Ohy| ey, ey, . .

T_he likelihood ratio Aj,i measures the sufficiency of a
Plece of evidence ¢; to prove hypothesis A;. Similarly, )\}'fi
Measures the necessity of such a piece of evidence to prove
the given hypothesis (Pearl, 1982).
Equations 8 and 9 assume that evidence ¢; is precise (ie,
) e {0,1}). This is not the case in most expert system
pplications. Therefore, the above equations must be mod-
fied to accommodate uncertain evidence. This is accom-
Plished by using a linear interpolation formula. For the
case of single evidence, the posterior probability P(h;|e)) is
Computed as:

P(h,|ej') = P(h,-lej)P(ej|ej) + P(hi|'1ej)P(—1ej|e}) (10)
:"here P(e;le/) is the user’s assessment of the probability
}’Iat the evidence ¢; is true, given the relevant observation

& An effective likelihood ratio, A}, is calculated from the
Posterior odds:

(11

:’he Posterior odds for all the evidence is then computed
s:

O(hiley, e, . . ., em) = Oy [] A (12)
j=1
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Equation 10, however, requires a modification, because it
overconstrains the input requested from the user. In fact,
the user must specify: O(h;), the prior odds on A; from
which P(h;) can be derived; A;;, the measure of sufficiency
from which P(h;|e;) can be derived; \};, the measure of
necessity from which P(h;|7e;) can be derived; and O(e)),
the prior odds on e; from which P(e;) can be derived. These
requirements are equivalent to specifying a line in the
space [P(e|e"),P(h;|e")] by specifying three points:

(O,P(hi|’16j))
(P(e)),P(h:))
(1,P(hile;))

The modification adopted in this approach to prevent
the user’s inconsistencies is to change equation 10 into a
piecewise linear function defined by two line segments
passing through the above three points (Duda and co-
workers, 1976).

In an analysis of this approach (Pednault and co-work-
ers, 1981), it was concluded that for the cases of more than
two hypotheses, equations 6 and 7, requiring conditional
independence of the evidence both under the hypotheses
and their negation, were inconsistent with equations 4
and 5, requiring an exhaustive and mutually exclusive
space of hypotheses. Specifically, it was proved that, under
these assumptions, no probabilistic update could take
place, ie,

P(ejlhi) = P(€j|_|hi) = P(ej) Vi,j (13)

However, a pathological counterexample to equation
13 was obtained (Glymour, 1985), and a fault was found in
the original proof of Hussain’s theorem that constituted
the basis for Pednault and co-workers’ results. Johnson
(1986) extended this analysis by first showing that there
are also nonpathological counterexamples that refute
Pednault’s results. However, Johnson proved that under
the same assumptions used in Pednault’s work, for every
hypothesis h; there is at most one piece of evidence e; that
produces updating for h; Further studies (Cheng and
Kashyap, 1986) have also indicated that there are at least
max [0,(m — [n/2])] pieces of evidence that are irrelevant
to all the hypotheses in the system. An evidence ¢, is said
to be irrelevant to the hypothesis h; if P(h;|e;) = P(h;).
This lower bound is for a system satisfying equations 4
and 5, in which n is the number of mutually exclusive
exhaustive hypotheses (n > 2), and m is the number of
evidence. The conclusion was that equation 7 should be
dropped.

Pearl (1985) has argued that equation 7, requiring the
conditional independence of the evidence under the nega-
tion of the hypotheses, is overrestrictive. By discarding
this assumption, Pear] has derived new, more promising
results. However, equation 6, requiring the conditional
independence of the evidence under the hypotheses, is
still required for computational efficiency.

The Bayesian approach has various shortcomings. The
assumptions on which it is based are not easily satisfied,
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eg, if the network contains multiple paths linking a given
evidence to the same hypothesis, the independence equa-
tions 6 and 7 are violated. Similarly, equations 4 and 5,
requiring the mutually exclusiveness and exhaustiveness
of the hypotheses, are not very realistic; equation 4 would
not hold if more than one hypothesis could occur simulta-
neously and is as restrictive as the single-fault assump-
tion of the simplest diagnosing systems. Equation 5 im-
plies that every possible hypothesis is a priori known, and
it would be violated if the problem domain were not suit-
able to a closed-world assumption. Perhaps the most re-
strictive limitation of the Bayesian approach is its inabil-
ity to represent ignorance (ie, noncommitment) as
illustrated by its two-way betting interpretation (Giles,
1982). The two-way betting interpretation of the Bayesian
approach consists of regarding the assignment of probabil-
ity p to event A as the willingness of a rational agent to
accept any of the two following bets:

1. If you pay me $p then I agree to pay you $1 ifAis
true (for p € [0,1]).

2. If you pay me $(1 — p) then I agree to pay you $1if A
is false.

The first bet represents the belief that the probability of A
is not larger than p, the second bet represents the belief
that the probability of A is not smaller than p.

Instead of being explicitly represented, ignorance is
hidden in prior probabilities. Further shortcomings are
represented by the fact that it is impossible to assign any
probability to disjunctions, ie, to nonsingletons, which im-
plies the requirement for a uniform granularity of evi-
dence. This problem is usually solved with an approxima-
tion, using the maximum entropy principle (MEP).
According to MEP, the probability assigned to the disjunct
(a subset of singletons in the sample space) is equally
divided among the singletons in the subset. This approxi-
mation, however, creates an interpretation of the original
information, which may not always been appropriate. Fi-
nally, as has been pointed out (Quinlan, 1983), in this
approach conflictive information is not detected but sim-
ply propagated through the network.

Confirmation Theory (Certainty Factors)

The certainty factor (qv) (CF) approach (Shortliffe and
Buchanan, 1975), used in MYCIN, is based on confirma-
tion theory. The certainty factor CF(h,e) of a given hy-
pothesis % is the difference between a measure of belief
MB(h,e) representing the degree of support of a (favorable)
evidence e, and a measure of disbelief MD(h,e) represent-
ing the degree of refutation of an (unfavorable) evidence e.
MB and MD are monotonically increasing functions that
are respectively updated when the new evidence supports
or refutes the hypothesis under consideration. The cer-
tainty factor CF(h,e) is defined as:

1 ifP(h) =1
MB(h,e) if P(h|e) > P(h)
CF(h,e) =40 if P(hle) = P(h) (14)

~MD(h,e) if P(hle) < P(h)
-1 if P(h) = 0

The measures of belief MB and measure of disbelief
MD could be interpreted as a relative distance on 2
bounded interval. Given an interval [A,B] and a reference
point R within the interval, the relative distance dX,R)
between any arbitrary point X within the interval and the
reference R can be defined as:

g—:% fX>R
dX,R) =40 ifX=R (15)
——Eﬁ = fg fX <R

By making the following substitutions in equation 15

A=0
B=1
R = P(h)
X = P(hle)

the definition of the measure of belief (MB) and measure
of disbelief (MD) can be obtained.

P(hle) — P(h) .
MB(h,e) = {“_1 —pmy PGl >PH) 4
0 otherwise

P(h) = P(hle)
MD(he) = { Pk if P(hle) < P(h) an
0 otherwise

The CF was originally interpreted as the relatiVE{ in-
crease or decrease of probabilities. In fact, from equation®
14, 16, and 17, it can be shown that

P(hle) = P(h) + CF(h,e)[1 — P(h)] for CF(he) = 0
(18

P(h|e) = P(h) — |CF(h,e)|P(h) for CF(he) =0 (19

Too often the CF paradigm has been incorrectly used 18
reasoning systems, interpreting the CF as absolute rather
than incremental probability values. The original inte™
pretation of the CF as a probability ratio, however, can no
longer be preserved after the CF have been aggregate
using the heuristic combining functions provided in ’
CIN (Shortliffe and Buchanan, 1975).

Ishizuka and co-workers (1982) have shown that these
combining functions were an approximation of the class}’
cal Bayesian updating procedure in which a term ha
been neglected (Ishizuka, 1982). In their analysis it was
concluded that the assumption of mutual independence 0
evidence was required for the correct use of this approac’
The original definition of certainty factor is asymmetr,lc
and prevents commutativity. Another source of concern 1"
the use of CF is caused by the normalization of MB 8"
MD before their arithmetic difference is computed. Thi$
normalization hides the difference between the cardinal”
ity of the set of supporting evidence and that of the set ¢
refuting evidence.




Buchanan and Shortliffe (1984) have proposed a
change to the definition of CF and its rules of combination:

MB(h,e) — MD(h,e)
— min{MB(h,e),MD(h,e))

forx>0,y>0

CF(h,e) = 1 (20)

x+y—xy

+
xTY forx <0,y>0

Campine(6,) = | T = min<], 5]
bine (X, %) 1 — min(|x|,]y]) orz>0,y<0

_CFcombine(_xy_y) for x < 0, y<0
(21)

Where CF (h,e;) = x and CF(h,e;) = y. This new definition
avoids the problem of allowing a single piece of negative
(positive) evidence to overwhelm several pieces of positive
fnegative) evidence. However, it has even less theoretical
Justification or interpretation than the original formulas.

_ Recently, Heckerman (1986) has derived a new defini-
tion for the CF that does allow commutativity and has a

Consistent probabilistic interpretation. The new definition
is

P(hle) — P(h)

CF(he) = P([ell — P(W)] + PRI — P(hle)]

(22)

There are still numerous serious problems that charac-
terize this approach: the semantics of the CF, ie, the inter-
Pretation of the number (ratio of probability, combination
of utility values and probability); the assumptions of inde-
Pendence of the evidence; and the inability of distinguish-
Ing between ignorance and conflict, both of which are rep-
resented by the assignment CF = 0.

This type of representation of uncertainty has also

een advocated by Rich (1983), as an alternative to de-
fault reasoning. Rich claims that default reasoning could
actually better be interpreted as likelihood reasoning,
Providing a uniform representation for statistical, proto-
typical, and definitional facts.

Bayesian Belief Networks

An efficient propagation of belief on Bayesian networks
Was originally proposed by Pearl (1982). Pearl described
an efficient updating scheme for trees and, to a lesser
€xtent, for polytrees (1988b). However, as the complexity
OF'the graph increases from trees to polytrees to general
8raphs, so does the computational complexity. The com-
plexity for trees is O(n?), where n is the number of values
Per node in the tree. The complexity for polytrees is
O ™), where K is the number of values per parent node

Methods For Inference in
Bayesian Belief Networks

7 T

Exa
ct Methods Approximate Methods

Trees Bounding Methods

N Simulation Methods
Olytrees BN20: Two-level with

noisy~OR gates

Branch and Bound Forward propagation

Muls;
N:::p'y‘connected
Search (logic sampling)

Markov simulation
(Gibbs sampling)
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and m is the number of parents per child. This number is
the size of the table attached to each node. Because the
table must be constructed manually (and updated auto-
matically), it is reasonable to assume that it is small. The
complexity for multiconnected graphs is O(K"), where K is
the number of values per node and n is the size of the
largest nondecomposable subgraph. To handle such com-
plexity, techniques such as moralization and propagation
in a tree of cliques (Lauritzen and Spiegelhalter, 1988)
and loop cutset conditioning (Suermondt and co-workers,
1990; Stillman, 1990) are typically used to decompose the
original problem (graph) into a set of smaller problems
(subgraphs). When this problem decomposition process is
not possible, exact methods must be abandoned in favor of
approximate methods. Among these methods the most
common are clustering, bounding conditioning (Horvitz
and co-workers, 1989), and simulation techniques (logic
samplings and Markov simulations). Figure 1 illustrates
a taxonomy of these Bayesian inference mechanisms.

Dempster-Shafer (Belief Theory)

The belief theory (Shafer 1976) was developed within the
framework of Dempster’s work on upper and lower proba-
bilities induced by a multivalued mapping (see DEMPSTER-
SHarer METHOD). The one-to-many nature of the mapping is
the fundamental reason for the inability of applying the
well-known theorem of probability that determines the
probability density of the image of one-to-one mappings.
In fact, given a differentiable strictly increasing or strictly
decreasing function ¢ on an interval /, and a continuous
random variable X with a density £, such that f(x) = 0 for
any x outside I, then the density function g can be com-
puted as:

¢ = ) |2

y € o)
x = ¢ Uy)

In this context, the lower probabilities have been identi-
fied as epistemic probabilities and associated with a de-
gree of belief. This formalism defines certainty as a func-
tion that maps subsets of a space of propositions 6 on the
[0,1] scale. The sets of partial beliefs are represented by
mass distributions of a unit of belief across the proposi-
tions in 6. This distribution is called basic probability as-
signment (BPA). The total certainty over the spaceis 1. A
non-zero BPA can be given to the entire space 6 to repre-
sent the degree of ignorance. Given a space of propositions
9, referred to as frame of discernment, a function m : 2 —

Figure 1. Taxonomy of inference mechanisms for Bay-
esian belief networds. Courtesy of M. Henrion.
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[0,1] is called a basic probability assignment if it satisfies
the following three conditions:

m(¢) =0 (23)

where ¢ is the empty set

0<mA)<1 (24)
> m@Aa)=1 (25)
ACSE

The certainty of any proposition B is then represented
by the interval [Bel(B),P*(B)], where B el(B) and P*(B) are
defined as:

Bel(B) = >, m(x) (26)
xCB

P*B) = >, m) 27
xNB#¢

From the above definitions the following relation can be
derived

Bel(B) = 1 — P*(1B) (28)

If m; and my are two BPA induced from two independent
sources, a third BPA, m(C), expressing the pooling of the
evidence from the two sources, can be computed by using
Dempster’s rule of combination:

> mi(A)ma(B))

ANB;=C

1- >

AiNBj=¢

m(C) = (29)

ml(Ai)mz(Bj)

Dempster’s rule of combination normalizes the intersec-
tion of the bodies of evidence from the two sources by the
amount of nonconflictive evidence between the sources.
This amount is represented by the denominator of the
formula.

There are two problems with the belief theory ap-
proach. The first problem stems from computational com-
plexity: in the general case, the evaluation of the degree of
belief and upper probability requires time exponential in
|6], the cardinality of the hypothesis set (frame of discern-
ment). This is caused by the need of (possibly) enumerat-
ing all the subsets and supersets of a given set. Barnett
(1981) showed that, when the frame of discernment is dis-
crete (and simple support functions are used), the compu-
tational time complexity could be reduced from exponen-
tial to linear by combining the belief functions in a
simplifying order. Strat (1984) proved thet the complexity
could be reduced to O(n?), where n is the number of atomic
propositions, ie, intervals of unit length, when the frame
of discernment is continuous. In both cases, however,
these results were achieved by introducing various as-
sumptions about the type and structure of the evidence to
be combined and about the hypotheses to be supported. As
a result, in addition to the requirements of mutual exclu-
sive hypotheses and independent evidence that are needed
by this approach, the following constraints must be in-

cluded. For the case of discrete frame of discernment, each
piece of evidence is assumed to support only a singleton
proposition or its negation rather than disjunctions of
propositions (ie, propositions with larger granularity)r
and for the case of continuous frame of discernment, only
contiguous intervals along the number line can be in-
cluded in the frame of discernment and thus receive sup-
port from the evidence.

The second problem in this approach results from the
normalization process present in both Dempster’s an
Shafer’s work. Zadeh (1984b, 1985b) has argued that t}'us
normalization process can lead to incorrect and counterin-
tuitive results. By removing the conflictive parts of the
evidence and normalizing the remaining parts, important
information is discarded rather than being dealt with ad?’
quately. A proposed solution to this problem is to avol
completely the normalization process by maintaining an
explicit measure of the amount of conflict and by allowing
the remaining information to be subnormal (ie, Bel(0) <
1). Zadeh (1985b) has proposed a test to determine the
conditions of applicability of Dempster’s rule of combina-
tion. Dubois and Prade (1985) have also shown that ?he
normalization process in the rule of evidence combination
creates a sensitivity problem, where assigning a zero
value or a very small value to a BPA causes very differeflt
results. It should be noted that this behavior also occurs n
other probabilistic schemes, where the assignment of 2
value of zero to a prior probability would prevent any
subsequent updating.

Ginsberg (1984) has proposed the use of the Dempster”
Shafer approach as an alternative to nonmonotonic logi¢:
This suggestion is an extension to Rich’s (1983) ide'f1 o
interpreting default reasoning as likelihood reasoning:
Ginsberg provides a rule for propagating the lower an
upper bounds through a reasoning chain or graph. The
result is based on the interpretation of a production 1'}119
as a conditional probability rather than as a material 1M
plication. Smets (1981, 1988) has further explained the
relations between belief functions, plausibilities, necessl”
ties, and possibilities and has extended Dempster’s coP”
cepts to handle the case when the evidence is a fuzzy set
(Zadeh, 1965). :

Evidential Reasoning

Evidential reasoning (Garvey and co-workers, 1981; Lo
rance and Garvey, 1983; Lowrance and co-workers, 1986)
adopts the evidential interpretation of the degrees of be-
lief and upper probabilities. Fundamentally based on De-
mpster-Shafer’s theory, this approach defines the likell-
hood of a proposition A as a subinterval of the um!
interval [0,1]. The lower bound of this interval is the de-
gree of support of the proposition S(A), and the uppe’
bound is its degree of plausibility P1(A). The likelihood ©
a proposition A is written as Ag)pia)- Table 1 illustrate®
a sample of interval-valued likelihoods and their interpré”
tation.

Given two statements A[S(A),Pl(A ) and B[S(B),PI(B)]’ the Set
of inference rules corresponding to the logical opel‘ations
on these statements are defined (Garvey and co-workers
1981) as follows.




Table 1. Sample of Interval-Valued Likelihoods and
Their Interpretations

Ay No knowledge at all about A
Apg) A is false
Apy A is true
Apay The evidence partially supports A
Aoz The evidence partially supports 1A
30m The evidence simultaneously provides partial support
for A and A
Apsen  The probability of A is exactly 0.3

Intersection: AND(A ,B)max0,54)+S®)- DminPla),PiBY;  (30)

Union: OR(A ,B)max(5(4),5(B),min(1PIA)+PIB)] D
Negation: NOT (A )1-pia)1-siax (32)

This approach, embodied in GISTER (Lowrance and co-
Workers, 1986), implements Dempster-Shafer theory.
When distinct bodies of evidence must be pooled, this ap-
Proach uses the same Dempster-Shafer techniques, re-

q_ui!‘ing the same normalization process that was criti-
Cized by Zadeh.

Evidence Space

EYidence space (Rollinger, 1983) represents the uncer-
tainty of a statement as a point in a two-dimensional
Space. The (X,Y) coordinates of this space represent the
Positive or supporting evidence (E+) and the negative or
dl'§Conﬁrming evidence (E—) available for any given prop-
Osition, respectively. The evidence space is a [0,11x[0,1]
Square whose four vertices represent ignorance (0,0), ab-
solute certainty in the support (1,0), absolute certainty in
the refutation (0,1), and maximum conflictive evidence
(L,1). The diagonal line defined by the equationx + y — 1
= 0 represents the locus of probability points, the sum of
Whose coordinates is 1.

_It is interesting to note that if the dimensions of the
evidence space (E+, E—) represent the necessary evi-
dence, ie, the lower bounds of the degree of support and
refutation (S(E), S(—E)), the evidence space is reduced to
the lower left triangle. Its three vertices (0,0), (1,0), and
0,1) represent ignorance, absolute support, and absolute
Tefutation, respectively. The maximum amount of conflict
1S given by the point (0.5, 0.5). On the other hand, if the

lmensions of the evidence space (E+, E—) represent the
Possible evidence, ie, the upper bounds of the degree of
Support and refutation (PI(E),PI(—E)), the evidence space
18 reduced to the upper right triangle. Its three vertices
1D, (1,0), and (0,1) represent ignorance, absolute sup-
Port, and absolute refutation, respectively. The maximum
amount of conflict is again given by the point (0.5,0.5). If

e lower bounds are equated to the upper bounds, ie,
SE®),SE) = (PUE),PI(E)), a new set of coordinates
P (E?,P(“IE)), representing Bayesian probability, can be
Otained. In this new set of coordinates, the evidence
Spac.e collapses to the diagonal line x + y — 1 = 0 that is

€ Intersection of the two triangles and that indeed rep-
Tesents the probability line.

llinger suggests the use of a distance to verify the
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validity of any given premise in a rule. This approach,
however, does not suggest any way of aggregating evi-
dence, propagating uncertainty through an inference
chain, selecting an appropriate metric of similarity be-
tween patterns and data, etc.

POSSIBILISTIC APPROACHES

Among the possibilistic reasoning techniques, the ones
based on many-valued logic operators (triangular norms,
or T-norms) and the generalized modulus ponens will be
discussed.

Triangular Norm Based Reasoning Systems

These possibilistic techniques have been implemented in
a reasoning with uncertainty module (RUM) (Bonissone
and Decker, 1986; Bonissone and Wood, 1989).

Uncertainty in RUM is represented in both facts and
rules. A fact represents the assignment of a value to a
variable. A rule represents the deduction of a new fact
(conclusion) from a set of given facts (premises). Facts are
qualified by a degree of confirmation and a degree of refu-
tation. For a fact A, the lower bound of the confirmation
and the lower bound of the refutation are denoted by L(A)
and L(MA), respectively. As in the case of Dempster’s
(1967) lower and upper probability bounds, the following
identity holds: L(TA) = 1 — U(A), where U(A) denotes the
upper bound of the uncertainty in A and is interpreted as
the amount of failure to refute A. Note that L(A) + L(1A),
need not necessarily be equal to 1, as there may be some
ignorance about A, that is given by (1 — L(A) — L(A)). The
degree of confirmation and refutation for the proposition
A can be written as the interval [L(A),U(A)].

RUM provides a natural representation for plausible
rules. Rules are discounted by sufficiency (s), indicating
the strength with which the antecedent implies the conse-
quent, and necessity (n), indicating the degree to which a
failed antecedent implies a negated consequent. Note that
conventional strict implication rules are special cases of
plausible rules with s = 1 and n = 0. RUM’s inference
layer is built on a set of five triangular norms (T-norms)
based calculi (Bonissone and Decker, 1986; Bonissone,
1987a). T-norms and T-conorms are two-place functions
from [0,1]x[0,1] to [0,1] that are monotonic, commutative
and associative. They are the most general families of
binary functions that satisfy the requirements of the con-
junction and disjunction operators, respectively. Their
corresponding boundary conditions satisfy the truth ta-
bles of the logical AND and OR operators. Five uncer-
tainty calculi based on the following five T-norms are used
in RUM:

T(a,b) = max(0,a + b — 1)

T15(a,b) = (a%% + 895 — 1)? if (205 + bO%) = 1

=0 otherwise
To(a,b) = ab
Tosta,b) = (@ + b1 — 1)1
Ts(a,b) = min(a,b)
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Their corresponding DeMorgan dual T-conorms, denoted
by Sia,b), are defined as

Si(a,b) =1= Tl(l - a, 1- b)

These five calculi provide the user with an ability to
choose the desired uncertainty calculus starting from the
most conservative (T;) to the most liberal (T3). T (T5) is
the most conservative (liberal) T-norm in the sense that
for the same input certainty ranges of facts and rule suffi-
ciency and necessity measures, T (T3) shall yield the min-
imum (maximum) degree of confirmation of the conclu-
sion. For each calculus (represented by the above five
T-norms), the following four operations have been defined
in RUM.

Antecedent Evaluation. To determine the aggregated
certainty range [b,B] of the n clauses in the antecedent of
a rule, when the certainty range of the ith clause is given
by [6;,B:l:

[6,B] = [Tib1,b2, . . . ,ba),TiB1,Ba, . . . ,Bi)]

Conclusion Detachment: Modus Ponens. To determine
the certainty range, [¢,C] of the conclusion of a rule, given

the aggregated certainty range, [6,B] of the rule premise
and the rule sufficiency s and rule necessity n:

[e,C] = [Ts,b),1 — (Tin,(1 — B))]

Conclusion Aggregation. To determine the consolidated
certainty range [d, D], of a conclusion when it is supported
by m (m > 1) paths in the rule deduction graph, ie, by m
rule instances, each with the same conclusion aggregation
T-conorm operator. If [c;,C;] represents the certainty
range of the same conclusion inferred by the ith proof path
(rule instance), then

[d,D] = [Sicicz, - - - em)sS{C1,Ca, . . . ,C)]

Source Consensus. To determine the certainty range,
[Liot(A),Uot(A)] of the same evidence, A, obtained by fus-
ing the certainty ranges, [Li(A),U{A)], of the ith informa-
tion source out of a total of n different possible informa-
tion sources:

[Liot(A),U(A)] = [ Max Li(A), Min U(A)]
i=1 i=1

,,,,, n n

,,,,,

The theory of possibilistic reasoning has been embedded
in the reasoning with uncertainty module (Bonissone and
co-workers, 1987) and the plausible reasoning modules
(PRIMO) (Bonissone and co-workers, 1990).

Possibilistic Reasoning System: RUM

RUM’s rule-based system integrates both procedural and
declarative knowledge in its representation. This integra-
tion is essential for solving situation assessment prob-
lems, which involve both heuristic and procedural knowl-
edge.

The expressiveness of RUM is further enhanced by two
other functionalities: the context mechanism and belief
revision. The context represents the set of preconditions
determining the rule’s applicability to a given situation.
This mechanism provides an efficient screening of the
knowledge base by focusing the inference process on small
rule subsets. For instance, in SA, selected rules describe
the behavior of friendly planes, whereas others should
only be applied to unfriendly or unidentified ones. The
rule’s context provides this filtering mechanism.

RUM’s belief revision is essential to the dynamic as-
pect of the classification problem. The belief revision
mechanism detects changes in the input, keeps track of
the dependency of intermediate and final conclusions on
these inputs, and maintains the validity of these infer-
ences. For any conclusion made by a rule, the mechanism
monitors the changes in the certainty measures that con-
stitute the conclusion’s support. Validity flags are used t0
reflect the state of the certainty. For example, a flag can
indicate that the uncertainty measure is valid, unreliable
(because of a change in the support), too ignorant to be
useful, or inconsistent with respect to the other evidence-
These Al capabilities are used to develop a knowledge
base, in conjunction with RUM’s software engineering fa-
cilities, such as flexible editing, error checking, and de-
bugging.

Possibilistic Reasoning System: PRIMO

The most recently developed technology embodying poss!”
bilistic reasoning techniques is the plausible reasoning
module (PRIMO) (Bonissone and co-workers, 1990)-
PRIMO is a reasoning system that integrates the theories
of plausible reasoning (based on monotonic rules with de-
grees of uncertainty) and defeasible reasoning (based on
default values supported by nonmonotonic rules). The
PRIMO system consists of a representation language that
includes declarative specifications of uncertainty and de-
fault knowledge, reasoning algorithms, and an applica-
tion development environment. .
PRIMO, like its predecssor RUM, handles uncertai?
information by qualifying each possible value assignmen
to any given propositional variable with an uncertaif‘t}’
interval. The interval’s lower bound represents the min\”
mal degree of confirmation for the value assignment. The
upper bound represents the degree to which the evidenc®
failed to refute the value assignment. The interval’s widt
represents the amount of ignorance attached to the value
assignment. The uncertainty intervals are propagate
and aggregated by triangular-norm-based uncertainty
calculi (Bonissone and Decker, 1986; Bonissone, 19878;
Schweizer and Sklar, 1983, 1963). The uncertainty inter-
val constrains intervals of subsequent dependent valu_es'
PRIMO handles incomplete information by evaluating
nonmonotonic justified (NMJ) rules. These rules are usé
to express the knowledge engineer’s preference in cases 0
total or partial ignorance regarding the value assignme?
of a given propositional variable. The NMJ rules are l{se
when there is no plausible evidence (to a given numericd
threshold of belief or certainty) to infer that a given valué




assignment is either true or false. The conclusions of NMJ
rules can be retracted by the belief revision system, when
enough plausible evidence is available.

PRIMO uses the numerical certainty values generated
b}' plausible reasoning techniques to quantitatively dis-
tinguish the admissible extensions generated by defeasi-
ble reasoning techniques. The method selects a maximally
consistent extension (Bonissone and co-workers, 1990)
given all currently available information.

For efficiency considerations some restrictions are
placed on the language in which PRIMO rules can be ex-
Pressed. The monotonic rules are noncyclic Horn clauses
and are maintained by a linear belief revision algorithm
Operating on a rule graph. The NMJ rules can have cycles,
but cannot have disjunctions in their conclusions.

By identifying sets of NMJ rules as strongly connected
Components (SCCs), the rule graph can be decomposed
Into a directed acyclic graph (DAG) of nodes, some of
which are SCC with several input edges and output edges.
PRIMO contains algorithms to efficiently propagate un-
ertain and incomplete information through these struc-
tures at run time. Treating the SCC independently can
result in a significant performance improvement over pro-
cessing the entire graph. However, this heuristic may
I‘.eSult in loss of correctness in the worst case. These algo-
rithms require finding satisfying assignments for nodes in
each SCC, and are thus NP-hard in the unrestricted case.
Tractability can be achieved by restricting the size and
Complexity of the SCCS, precomputing their structural
Information, and using run-time evaluated certainty mea-
Sures to select the most likely extension.

Necessity and Possibility Theory

Necessity and possibility (Zadeh, 1979a, 1978) measure
the degree of entailment and intersection of two fuzzy
Propositions represented by their normalized possibility
distributions. Normal necessity and possibilities corre-
Spond to consonant belief and plausibility functions, re-
Spectively. Given two fuzzy propositions P and D C U,
characterized by their possibility distributions up(x) and
kp(x), their degree of matching is represented by the in-
terval [Nec(P|D),Poss(P|D)], where

N@|D) = /\ (up@) — pp(x))

x

/\ (max[(1 — up(x)), uplx)))

1-\/ (min[(1 — up(x)), upx)))  (33)

II(P|D) = \/ (minfup(x), upx)]) (34)

FrO{ﬂ the above definition, it is possible to derive for ne-
ces?“)’ and possibility the same duality observed between
elief functions and upper probabilities (eq. 22)

Nec(P|D) = 1 — Poss(1P|D) (35)

The ‘ir{tersection of necessity measures and the union of
Possibility measures provide tighter bounds than those
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obtained by the intersection of belief functions and the
union of plausibility functions (Prade, 1985).

QUALITATIVE REPRESENTATION

Among the nonnumerical representations of uncertainty,
two approaches typify the characterization of uncertain
information in a purely symbolic manner: reasoned as-
sumptions and theory of endorsements.

Reasoned Assumptions

In the reasoned assumption approach (Doyle, 1983) the
uncertainty embedded in an implication is (partially) re-
moved by listing all the exceptions to that rule. When this
is not possible, assumptions are used to show typicality of
a value (default values) and defeasibility of a rule (liabil-
ity to defeat of a reason). When an assumption used in the
deductive process is found to be false, nonmonotonic mech-
anisms are used to keep the integrity of the data base of
statements. Assumption based systems can cope with the
case of incomplete information, but they are inadequate to
handle the case of imprecise information. In particular,
they cannot integrate probabilistic information with rea-
soned assumptions. Furthermore, these systems rely on
the precision of the defaulted value. On the other hand,
when specific information is missing, the system should be
able to use analogous or relevant information inherited
from some higher level concept. This surrogate for the
missing information is generally fuzzy or imprecise and
only provides some elastic constraints on the value of the
missing information. Doyle (1983) recognized that as-
sumptions based systems lack facilities for computing de-
grees of belief, which “may be necessary for summarizing
the structure of large sets of admissible extensions as well
as for quantifying confidence levels.”

Theory of Endorsements

A different approach to uncertainty representation was
recently proposed (Cohen and Grinberg, 1983a, 1983b),
and is based on a purely qualitative Theory of Endorse-
ments. Endorsements are based on the explicit recording
of the justifications for a statement, as in a truth mainte-
nance system. In addition, endorsements classify the justi-
fication according to the type of evidence (for and against
a proposition), the possible actions required to solve the
uncertainty of that evidence, and other related features.
Endorsements provide a good mechanism for explana-
tions, because they create and maintain the entire history
of justifications (reasons for believing or disbelieving a
proposition) and the relevance of any proposition with re-
spect to a given goal. Endorsements are divided into five
classes: rules, data, tasks, conclusions, and resolution en-
dorsements. However, combination of endorsements in a
premise, propagation of endorsements to a conclusion, and
ranking of endorsements must be explicitly specified for
each particular context, creating potential combinatorial
problems.
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COMPARISON OF APPROACHES FOR REASONING
WITH UNCERTAINTY

From previous reviews of the state of the art of reasoning
systems (Bonissone and Brown, 1986) and from previous
analysis of applications (Bonissone, 1987a, 1987b; Bonis-
sone and Wood, 1988), a desiderata (ie, a list of require-
ments to be satisfied by the ideal formalism for represent-
ing uncertainty and making inference with uncertainty)
has been derived. In this section, the approximate reason-
ing technologies described above will be compared to the
desiderata. This idea was first proposed by Quinlan
(1983), who suggested a list of four requirements to illus-
trate the shortcomings of the Bayesian and confirmation
theory approaches and to compare them with INFERNO,
his proposed approach to uncertain inference. The re-
quirements proposed by Quinlan are

+ “An inference system should not depend on any as-
sumptions about the probability distributions of the
propositions.”

“It should be possible to assert common relationships
between propositions . . . when the relationships are
indeed known.”

“It should be possible to posit information about any
set of propositions and observe the consequences for
the system as a whole.”

“If the information provided to the system is inconsis-
tent, this fact should be made evident along with
some notion of alternative ways that the information
could be made consistent.”

Quinlan’s work has been inspirational in the development
of the following desiderata, which subsumes and extends
Quinlan’s initial list. As noted above, the proposed desid-
erata describes the requirements to be satisfied by the
ideal formalism for representing uncertainty and making
inference with uncertain information. To be consistent
with the organizing principle typical of automated reason-
ing systems, the desiderata is subdivided into the same
three layers of representation, inference, and control.

Representation Layer

1. There should be an explicit representation for the
amount of evidence for supporting and for refuting
any given hypothesis.

2. There should be an explicit representation of the
information about the evidence, ie, meta-informa-
tion, such as evidence source and creditibility, logi-
cal dependencies, etc.

3. The representation should allow the user to de-
seribe the uncertainty of information at the avail-
able level of detail, ranging from singletons to any
subset of the universe of discourse. This property
will be referred to as heterogeneous information
granularity.

4. There should be an explicit representation of con-
sistency. Some measure of consistency or compati-
bility should be available to detect trends of poten-

tial conflicts and to identify essential contributing
factors in the conflict.

5. There should be an explicit representation of igno-
rance to allow the user to make noncommitting
statements, ie, to express the user’s lack of convic-
tion about the certainty of any of the available
choices or events.

6. The representation should be natural to the user to
enable the description of uncertain input and t0
interpret uncertain output. The representation
should also be natural to the expert to enable the
elicitation of consistent weights representing the
strength of the implication of each rule.

Inference Layer

7. The combining rules should not be based on global
assumptions of evidence independence.

8. The combining rules should not be based on globa1
assumptions of hypotheses exhaustiveness and ex-
clusiveness.

9. The combining rules should maintain the closur®
of the syntax and semantics of the representation
of uncertainty.

10. Any function used to propagate and summarize un-
certainty should have clear semantics. This 18
needed both to maintain the semantic closure of
the representation and to allow the control layer to
select the most appropriate combining rules.

Control Layer

11. There should be a clear distinction between a cof”
flict in the information (ie, violation of consis
tency), and ignorance about the information. T0
solve the conflict, the controller (meta-reasoner)
must retract one or more elements of the conflict-
ing set of evidence. To remove the ignorance, the
controller must select a (retractable) default value
or tag the information with an assumption.

12. The traceability of the aggregation and propag?d”
tion of uncertainty through the reasoning prOCe_SS
should be available to resolve conflicts, to explal®
the support of conclusions, and to perform meta-
reasoning for control.

13. It should be possible to make pairwise comparisons
of uncertainty because the induced ordinal or ¢aT"
dinal ranking is needed for performing any kind 0
decision-making activities.

14. It should be possible to select the most appr0priate
combination rule by using a declarative form 0
control (ie, by using a set of context-dependent
rules that specify the selection policies).

EVALUATION OF THE APPROACHES

The above desiderata was used to guide the developm‘,ant
of RUM and PRIMO. Table 2 summarizes the evaluatio®
of the formalisms discussed in the previous section
against this desiderata. The order in which the forma*”
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Table 2. Evaluation of Uncertainty Approaches against the Desiderata

Representation Inference Control
Approach 1 2 3 4 5 6 7 8 9 10 11 12 13 14
Modified Bayesian N N N N N Y N N Y Y N N Y N
Confirmation N N N N Y N N Y N N N N N N
Dempster-Shafer Y N Y Y Y Y N N Y Y Y N Y N
Probability bounds Y N Y Y Y Y Y Y Y Y Y N Y Y
Fuzzy necessity—possibility Y N Y Y Y Y Y Y Y Y Y N Y N
Evidence space Y N N Y Y Y Y Y Y Y Y N Y N
RUM-PRIMO Y Y N Y Y Y Y Y Y Y Y Y Y Y
Reasoned assumptions N Y N Y N Y Y Y Y Y N Y N Y
Endorsements N Y N Y N Y Y Y Y Y N Y N Y

isms appear in the table reflects their numeric or nonnu-
meric nature: the numeric formalisms are listed above
RUM-PRIMO, the nonnumeric ones are shown below it.
RUM-PRIMO is considered a hybrid, because it uses both
Numeric and symbolic information.

REAL-TIME APPROXIMATE REASONING SYSTEMS

This survey will conclude with a few remarks on the appli-
cability of approximate reasoning systems (probabilistic
and possibilistic) to many real-world problems requiring
real-time performance. To achieve real-time performance
le\'els, probabilistic reasoning systems need an efficient
Updating algorithm. The main problem consists in condi-
tlolning the existing information with respect to the new
evidence: the computation of the new posterior probabili-
ties in general belief networks is NP-hard (Cooper, 1990).
A variety of solutions have been proposed, ranging from
compilation techniques (to shift the burden from run time
to compile time) to the determination of bounds of the
Posterior probabilities.

Horvitz (1988) and Breese and Frehling (1990) have
established the applicability of decision—theoretic princi-
p.les in defining bounded rationality for reasoning with
limited resources. Heckerman and co-workers (1989) have
Provided a decision—theoretic based analysis of computa-
tion versus compilation. Given a description of the nature
of evidential relationships in the domain, the utilities at-
tached to alternative actions, the cost of run-time delay,
and the cost of memory, their analysis determines the
Subset of evidence that is more cost-effective to compile.

he analysis also determines the conditions under which
fun-time computation is preferable to look-up tables (gen-
erated at compile time).

Horvitz and co-workers (1989) have proposed a method
,t° approximate the posterior probabilities of the variables
In each subgraph of a belief network. This method, called

ounded conditioning, defines the upper and lower bounds
of these probabilities and, if given enough resources, con-
Verges on the final point probabilities.

, A rather different approach has been suggested by

Ambrosio. In contrast with the anytime algorithms dis-
Cussed ahove (Dean and Boddy, 1988; Horvitz and co-
Workers, 1989), D’Ambrosio has proposed a design-to-time
algorithm. Whereas the anytime algorithms try to yield a

result any time they are interrupted, the design-to-time
algorithms seek to “dynamically construct and execute a
problem solving procedure which will [probably] produce
a reasonable answer within [approximately] the time
available” (D’Ambrosio, 1989). D’Ambrosio’s (1988, 1990)
initial development of the hybrid uncertainty manage-
ment (HUM) seeks to provide an incremental and defeasi-
ble model, using an assumption-based truth maintenance
system (ATMS) to maintain a mapping between symbolic
structures (assumptions, logical support, and environ-
ments) and measures (numeric values for ranking and
decision making). These ideas have been extended and
integrated with a dynamic schema instantation (DSI),
which, given a time bound, dynamically instantiates a
qualitative probabilistic model of the problem.

Due to its different underlying theory, possibilistic rea-
soning does not exhibit the same complexity problems as
probabilistic reasoning. Most of the efforts aimed at
achieving real-time performance from possibilistic rea-
soning systems have been based on translation—compila-
tion techniques (Pfau, 1987; Bonissone and Halverson,
1990) or hardware solutions (Corder, 1989; Watanabe and
Dettloff, 1987).

Among the compilation techniques, a notable effort is
RUMrunner, RUM’s run-time system. The objective of
RUMrunner is to provide a software tool that transforms
the customized knowledge base generated during the de-
velopment phase into a fast and efficient real-time appli-
cation. '

This goal is achieved by a combination of efforts: the
translation of RUM’s (development system) complex data
structure into simpler and more efficient ones (to reduce
overhead), the compilation of the rule set into a compiled
network (to avoid run-time search), the load-time estima-
tion of each rule’s execution cost (to determine, at run-
time, the execution cost of any given deductive path), and
the planning mechanism for model selection (to determine
the largest relevant rule subset that could be executed
within a given time-budget).

An agenda mechanism is used to asynchronously re-
ceive any number of input tasks (such as backward-chain-
ing on a goal or forward-chaining on a given piece of evi-
dence) from various sources. Each task in the agenda
receives a (static) priority number, determining the rela-
tive importance of the task with respect to the others. A
time deadline, expressed in absolute time, is attached to




1320 REASONING, PLAUSIBLE

the task to indicate its urgency (ie, its expiration time),
which is used by the planning mechanisms described
below.

A scheduler sorts the tasks by priority and, within the
same priority level, by the shortest deadline. The highest
priority task is then scheduled for execution by the for-
ward or backward chainer (Durfee and Lesser, 1987). The
results of these tasks are in turn isolated from external
connecting systems via buffers or streams and a layer of
interface functions.

External or internal interrupts, with reentrant reason-
ing, can supersede the current task. Because the state of
the current knowledge base is dynamically maintained in
the knowledge base nodes themselves, any changes to the
knowledge base by the interrupting task will be automati-
cally taken into account when the preempted task is re-
sumed.

Among the hardware solutions to the problem of real-
time performance for possibilistic reasoning systems, the
most notable are the fuzzy chips (Corder, 1989; Watanabe
and Dettloff, 1987). These chips are used in the applica-
tion of approximate reasoning systems to industrial con-
trol. Fuzzy process controllers (Sugeno, 1985) represent
one of the earliest instances of simple, but effective,
knowledge-based systems successfully deployed in the
field. Their main use has been the replacement of the
human operator in the feedback control loop of industrial
processes. Their applications range from the development
of the controller of a subway train system (Yasunobu and
Miyamoto, 1985) to the use of a predictive fuzzy controller
for container crane operation (Yasunobu and Hasegawa,
1986) to their application in the control of a continuously
variable automobile transmission (Kasia and Morimoto,
1988).
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REASONING, SPATIAL

Human beings and other creatures spend much of their
time solving spatial problems, such as finding their way
around. Furthermore, people often seem to use spatial
methods for solving problems analogically, as when they
reason about graphs by drawing or imaging pictures. Re-
search in this area tries to duplicate or mimic some of
these abilities. Tentatively, it can be divided into these
subheadings:

Visual object recognition.

Cognitive maps and path finding.

Simulations of human imagery.

Visualization for qualitative physical reasoning.

It seems a good guess that all of these problem areas share
representations and algorithms. However, to date most of
them have evolved in different directions. Not all of thesé
areas are covered here. In particular, visual object recog-
nition is omitted entirely. Surveys of research in this are2
have been published (Kak, 1988; Chen, 1990).

A key issue in spatial reasoning is qualitative shape
representation. Most humans have little trouble visualiz-
ing objects and reasoning about them without precise
knowledge about their dimensions. For instance, suppose
a balloon landed on a pincushion. What might happeY}?
Although the pins might puncture the balloon, it 18
quickly realized that they are unlikely to in this case be-
cause they are head side up. When most people solve 2
problem like this, they are obviously unaware of the exact
shape of the pincushion or the detailed distribution of the
pins. Yet they imagine a “picture” of the situation. Con-
troversy has raged about what is really going on in the
mind when this picturelike entity is experienced (see be-
low). Fortunately for Al, the computational question can
be asked how the knowledge about the shapes of objects
like pins and pincushions is represented and used without
an a priori commitment to any answer to questions about
human visual imagery.

Various proposals have been made about representd-
tion of spatial information. Many of them limit them”
selves to two dimensions instead of three, either as a T€”
search tactic or because of a belief that it is desirable fof
efficiency to reduce three-dimensional problems to two di-
mensions when possible. Shape representations tend t0
fall into various categories: part whole, volumetric, ar
surface descriptions. Overviews are available (Ballar
and Brown, 1982; Davis, 1990).




Part-Whole Descriptions

Objects are described in terms of the parts that make
them up. Typically these descriptions employ some kind of
associative network. There is nothing special about this
use of associative networks; the resulting descriptions
would be similar to those in nonspatial domains, such as
descriptions of corporate organizations. So the pincushion
description might mention the presence of zero or more
Pins as parts.

The representations becomes more spatial when coordi-
hates and other parameters are added to it. For instance,
With each pin might be stored its approximate length and
Position with respect to the pincushion. It is often useful
to invert the resulting data structure. For instance, given
a table of cities and their locations, it might be desirable
to find a city near some location. Rather than search all
the cities, it is possible to use a discrimination tree(2), in
Wwhich objects are sorted by discriminating on their X and

. coordinates (Fig. 1). Other quantitative and symbolic
discriminators can be introduced, such as the population
or shape of each object. [The term “k-d tree” has been used
by Bentley and Friedman (1979) for a tree discriminated
on several numerical coordinates.] To find an object in
Such a tree, given as a key an X interval and a Y interval,
the computer can start at the top and follow only branches
Compatible with the key intervals, so only a subset of the
Cities are ultimately compared with the key interval.

Volumetric Descriptions

Objects are described as combinations of volumes. The vol-
Umes are often overlapping and often do not necessarily
designate distinct parts of the overall shape. For example,
4 milk bottle might be described as a cylinder topped by
Tuncated cone. The dimensions and relative locations and
Ol‘_lentations of the volumes must be specified (Marr and
lehihara, 1978; Brooks, 1981). The component volumes
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may be drawn from a vocabulary of primitives or con-
structed by sweeping surfaces along axes (so-called gener-
alized cylinders) (Agin and Binford, 1976). In some sys-
tems volumes may be subtracted as well as added. For
example, a spool might be described as a solid cylinder
with a small parallel cylinder subtracted from its axis.
This approach is often called constructive solid geometry
(Requicha, 1980).

One of the simplest ways of describing volumes (or, in
two dimensions, areas) is with arrays representing space
(up to some grain), whose cells are labeled with the object
filling the part of space. These are often called occupancy
arrays and their cells are called pixels in two dimensions
(a term borrowed from computer graphics), or voxels in
three dimensions. In Figure 2a the shape of a house is
represented by putting an H in every cell the house fills.
This is a two-dimensional projection; a three-dimensional
array could be used if required. However, even the two-
dimensional version is costly. The quadtree device allows
the information to be compressed in an elegant way
(Klinger and Rhodes, 1979; Samet, 1984). The grid is rep-
resented as a tree whose nodes are square areas of the
picture. The top node represents the entire picture. Each
node has zero or four children. If the square region corre-
sponding to a node lies entirely inside or outside the
house, it is a leaf of the tree and is labeled with an H or E
(for empty). Otherwise, it has four children representing
the four quadrants of its square. The division stops at
some convenient grain (Fig. 2b). The same ideas applied to
three dimensions yields the octree. A natural extension of
the occupancy-array idea is to store a more complex vector
of data at each pixel. For example, in a military applica-
tion, the elevation, slope, and vegetation might be stored
at each pixel (Antony, 1990; Thorpe and co-workers,
1988).

Another interesting generalization was proposed by
Moravec (1988). Instead of classifying each pixel as occu-

C.EF,
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Figure 1. An X—Y discrimination tree: (a) cities; (b) discrimination tree.




1324 REASONING, SPATIAL
1 1 —
H
HlHH
HiH HI{H|H|H|H
H|H|[H|H]|H
HiH|{H]JH|H
HI!H!IH{H|H
H{H{H{H|H
I 1

(A)N
-h»—-

/N
i

H

l

m—,,;....

E HE

m

H HEEE

/:\\ pd
/Il\ //

@

\\

1 E
4
I
H

(L)l\)

EEHE
(b)

Figure 2. Grid representation and quadtree: (a) occupancy array; () corresponding quadtree.

pied or not, the probability of its being occupied is stored.
The resulting representation is called a certainty grid.
The probabilities are derived from sensor data. New sen-
sor readings are combined with old using Bayesian tech-
niques. Data obtained at different levels of resolution can
be stored using different pixel densities. For example, ar-
eas farther from the sensor would normally be broken into
a few large pixels, whereas areas nearby could be broken
into many small ones.

Boundary Description

Objects are described by their bounding surfaces. The
bounding surfaces are often planar, which limits the de-
scription to polyhedral objects or to polyhedral approxima-

tions of curved objects (Baumgart, 1975). In two dimen”
sions the bounds are curves, often approximated S
polygons or “polylines” (chains of lines, not necessarily
closed curves) (Davis, 1985).

Many of these shape-representation ideas are borTOWed
from machine vision and graphics. If the goal is to draw 2
picture of an object, the application of these representa-
tions is well understood. Unfortunately, for the kind 0
qualitative spatial reasoning discussed above, much of the
information provided in these formats is useless, P

ideas have been lacking on what is needed instead. For
instance, devices such as cubic splines are excellen
parameterizing a curve or surface with just a few nur-
bers. However, the resulting data compression is of | little

t for




use in spatial reasoning because the numbers say little
about the way the surface behaves. In spatial reasoning it
18 more likely that information such as can be used as a
conduit or is almost horizontal is desired. It is often neces-
sary or desirable to approximate spatial knowledge. If a
wall is almost flat, for many purposes there is no need to
keep its slight deviations from flatness in mind, even if
they are known. Hence the model used by the system for
reasoning will usually be a simplified version of the truth.
There may be multiple models for different purposes.

) The most common approach to this problem is to use a
simple symbolic vocabulary. If an object is known to be a
cylinder, and nothing else is known about it, then it is
described by the symbol cylinder. Usually the machine
knows something about the dimensions of the object
(Brooks, 1981), so it might be represented as

cylinder
length > width
axis-curvature = 0

'Ijhis idea can be thought of as sorting objects into qualita-
tive “bins” with labels like cylinder. Within each bin, ob-
Jects are distinguished by different values of parameters
such as length and axis curvature. This approach is by far
the most common; for specialized applications, such bins
are usually easy to find. For instance, in a route-finding
?Dplication objects might be classified as streets, build-
Ings, regions, rivers, etc, each with its own set of parame-
ters. The boundaries between classes would seldom be
Cr(?ssed. The classes are useful because there is a large set
Of: inferences that pertain to just the objects belonging to a
8lven class. For instance, an object classified as a street
an be used to get somewhere; an object classified as a
Tiver requires finding a bridge, etc.

The difficulty with this scheme is generalizing it to
handle more than one application area. In the general
Case, the following problems are encountered.

'1. The qualitative-bin notation has trouble with de-
tzj‘ll(id descriptions of objects. Once an object has been clas-
sified as a cylinder, it may be necessary to describe it
fll_rther as “slightly flattened on one side” or “peppered
With thousands of holes.” Little is known about how to
turn such natural language descriptions into something
ore formal.

2. An object may fall into more than one bin. The big
advantage of the qualitative-bin idea is that similar ob-
Jects have similar representations. The two objects in Fig-
ures 3a and 3b are obviously similar because they are both
classed as cylinders with different axis curvatures. But if

e sequence of similar objects is continued, this ulti-
Mately leads to Figure 3d, which would have been classed
33 a torus (with a gap represented somehow). Such quali-
tative discontinuities may make it necessary to maintain
multiple descriptions of objects.

?‘- An object may fall into no bins. For any given appli-
Cation it is usually easy to find qualitative classes that
Include every object of interest. It is much harder to find a
Set of classes that works just as well for every application.

you simply take all the classes that have ever been
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Figure 3. Object with multiple descriptions.

proposed, many objects will fall into more than one or
none at all.

All these problems may be evidence that there is no
solution to the general spatial-reasoning problem. As else-
where in Al the mere ability to discern a problem may not
mean it actually has a solution. Still, it is hard on intro-
spective grounds to believe that humans have a collection
of independent task-oriented spatial representations in
their heads, and this is reason to keep looking for a solu-
tion to the general case.

In what follows, various specialized problem areas are
examined, keeping some of these problems in mind.

ROUTE FINDING AND EXPLORATION

The route-finding problem is planning a route from one
place to another and then following it. It assumed that the
planner (henceforth referred to as the robot) has a cogni-
tive map of its surroundings that it can consult for this
purpose. This map is incomplete, so that the planner may
need to ask directions or explore as it goes. In this section
it is assumed that the robot is small compared to the
spaces through which it is navigating. A somewhat differ-
ent line of research assumes that the robot is large but
that the shapes and positions of all obstacles in the space
are known so that intricate reasoning is required to
squeeze it through. This is called the robot motion-plan-
ning problem (see VisuaL MOTION ANALysIS). The assumption
is also made that the robot is moving on a two-dimen-
sional surface. The objects it sees are assumed to approxi-
mately prismatic and perpendicular to this surface, so
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that they can be described by specifying their cross sec-
tions and heights.

There are several approaches to the route-finding prob-
lem, based on quite different assumptions about what the
problem is. There is no obvious definition of what a place
is; it cannot be taken to be a point in Cartesian space. The
coordinate system for such a point would be underdeter-
mined, although in many applications there is an ebvious
choice. A more basic problem is that a place must be big-
ger than a single point, both because space is intuitively
divided up that way and because otherwise it would be
impossible for a robot to visit the same place twice. An-
other problem, usually simply neglected, is that some
places, such as the interiors of airplanes and elevators, do
not correspond to a fixed location with respect to a larger
coordinate frame.

One solution to these conundrums is to define places in
terms of stable perceptions (Kuipers and Byun, 1988;
Kuipers and Levitt, 1988). A place is an area within which
some perceptual invariant is preserved, such as “I see four
corridors at 90° angles.” This definition requires some re-
finement, because two places can look identical and be-
cause the same point in space can change its appearance
over time. Another solution is to impose a grid on a coordi-
nate system, so that a place is defined as an arbitrary
square region (Moravec, 1988). This approach is related to
the occupancy-array representation described above. A
third approach is to put places aside and focus on the
locations and orientations of identifiable objects in the
region of interest (Chatila and Laumond, 1985; Smith and
Cheeseman, 1986). Places can then be picked out if neces-
sary by relating them to these objects. A place might be
defined as “the region between two known walls.”

A fourth “approach” is to let places be whatever hu-
mans find natural to designate as places, such as “Apart-
ment 3G at 200 York Street,” “The vacant lot on my
block,” or even “Highway 61.” (“Abe said, Where you want
this killing done? God said, Out on Highway 61,” Bob
Dylan.) This idea says little about how to carve up space
into places, but it does raise the issue of why carve it up at
all. If the task is to have a robot get orders from humans to
go somewhere and do something, then at some point the
robot must have matched up human labels with its own
percepts. The alternative is to assume that the robot has
its own goals that require it to know its way around, but
so far the only goal studied is simply to learn the map,
which leaves the choice of one definition of place versus
another somewhat unjustified. In the remainder of this
section, navigation methods will be examined using the
various representations and then methods for learning
maps.

Grid-based navigation methods are the most straight-
forward. Here it is assumed that the robot has methods for
getting its approximate global position and orientation
before it examines its surroundings perceptually. For ex-
ample, in a military application, it can be assumed that
satellites or airplanes can provide a rover with informa-
tion about where it is in a terrain that is already well
mapped to some resolution. It can further be assumed that
the robot’s objective is given with respect to the same
global coordinate frame.

The route-finding problem in a grid-oriented represen-
tation is to plot a path from one pixel in the grid to an-
other. A natural approach is to use the A*, or best-first
search, algorithm (Hart and co-workers, 1968), treating &
single-pixel move as an operator, and straight-line dis-
tance as a heuristic estimator (see A* ALGORITHM; SEARCH,
BEST-FIRST). Figure 4 shows an example somewhat sche-
matically. Occupied, untraversable pixels are shaded. A
line from the center of one pixel to the center of an adja-
cent pixel indicates a single-pixel operator application.
There are several little detours branching off the final
path found, but the straight-line distance estimate keeps
the algorithm on track fairly well. It does worse when it
has to back out of cul de sacs, because the estimator is
least accurate in those situations. The A* approach has
the advantage of being simple and adaptable to a variety
of situations. In any particular context, a more efficient
algorithm can be found. A survey of a wide variety of such
algorithms has been published (Mitchell, 1988).

Usually other criteria are added to the estimator sO
that something other than the shortest path is found.
Moravec (1988) describes an algorithm for finding such a
route in a certainty grid, where the criteria include mini-
mizing the probability of encountering an obstacle. In 2
military context, the occupancy grid can be used to store
information about roads and vegetation, and a path can be
sought that minimizes opportunities for interdiction by
the enemy.

Another context in which good positional information
is known is a stored street or highway map. In this case,
places are taken to be addresses or intersections, and it 18
assumed that the map has been completely inputted be-
fore route finding begins. Elliot and Lesk (1982) describe
an A*-style algorithm that provides automatic directions
to places in a city. The heuristic evaluation function fa-
vors large streets and penalizes routes containing many
left turns so that the directions it finds tend to be the sort
humans like to follow.

The frequent use of best-first-search algorithms in met-
ric domains is no accident, because the estimated straight-
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Figure 4. A= search applied to route finding.




Paths
among
regions

Q Ay
Paths
inside
Q> regions

Figure 5. Finding routes between points in different regions.

line distance to a destination is such a good heuristic path-
cost estimator, except in mazes (Lumelsky and Stepanov,
1987). This assertion remains true even when only ap-
proximate metric information is available (McDermott
and Davis, 1984). However, in cases where metric infor-
mation is assumed to be almost completely absent, other
search strategies come to the fore, including searching
through hierarchically organized graphs. The TOUR pro-
gram (Kuipers, 1978) operates in the context of a city
street network. The network is incomplete, and there are
ho global coordinates stored for anything. It maintains a
hierarchical structure of regions. Paths are located inside
regions and can run between regions. This structure
Mmakes it natural to find hierarchical plans for getting
from one place to another (a hierarchical plan for a task
consists of a short sequence of large steps, each of which is
broken down into smaller plans if necessary). Here is a
sketch of an algorithm for finding such plans (Fig. 5):

To find a path between two points P; and P;:

Find the smallest region R including both points.

Find the regions R, and R; just below R that contain
P, and P,, respectively.

Find a route Q2 from R, to R, (by some search pro-
cess).

Recursively find a route @, from P; to @2 in R, and
a route @, from P, to @12 in R,.

Return result @, — Q12 — Q2.

ThlS. algorithm is not guaranteed to return optimal routes,

ut it works without requiring any sort of global coordi-
Rates, All it requires is that the area actually be organiz-
able into appropriate hierarchical structure of major
Toutes between fairly well-defined regions.

Attention is now turned to the problem of exploring
and learning an unknown area. As mentioned, it is possi-
wlﬁ‘ to distinguish between perceptual approaches, in

ich the goal is to discern and relate places defined by
Perceptual invariants, and metric approaches, in which
ioe goal is to discover objects and learn their shapes, posi-

ns, and orientations.

A_ survey of the first kind of approach is available

Uipers and Levitt, 1988). The perceptual technique is
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often coupled with the assumption that the overall struc-
ture of the cognitive map is a graph whose edges corre-
spond to paths and whose nodes correspond to places
(Kuipers and Byun, 1988). Sometimes the paths are given
by a road network, but in less structured domains paths
can be defined in terms of robot control strategies. For
example, if a robot can follow a wall, then a large open
room might be organized as a set of paths around its walls,
punctuated by places at the corners and doors. This pic-
ture makes the most sense when the robot’s sensors and
effectors are assumed to be reliable only over short dis-
tances, so that it has little hope of being able to make
sense of its location after launching itself through the
interior of the room.

Under such short-range assumptions, which are rea-
sonable with today’s robots, places can be defined as areas
satisfying some distinctiveness criterion. For example, a
cul de sac might be defined as a place where most of the
viewing angles around the robot are occupied by solid ma-
terial. A corridor would debouch on a room at a place
where there is a 180° open area on one side and two
nearby solid peaks on the other. If this distinctiveness
criterion can be quantified, as a distinctiveness measure,
then the center of a distinctive neighborhood can be
reached by moving until a local maximum of distinctive-
ness is reached. Doing this hill climbing allows the robot
to attain a canonical location from which to launch subse-
quent explorations.

In one model (Kuipers and Byun, 1988) exploration
requires moving out into open space from the current
place, then adopting an appropriate control strategy to
move along a path to the next place. Eventually, in a
closed world, the robot will come back to a place it has
already visited, which will satisfy the same distinctive-
ness criterion as before. However, it is entirely possible
that two places could look very similar, so some care must
be taken in deciding whether to identify the current place
with one seen earlier. Kuipers and Byun use the following
heuristic for deciding whether two places, Pog and Prew,
are the same. Because the robot has been to Py4 and left, it
knows what some neighboring places look like. Hence it
can attempt to traverse a path to those neighbors. If it gets
to places that look right, it assumes Poq and P, are the
same place, and builds the graph accordingly. If it gets to
places that don’t match, it treats P, and P,.. as unre-
lated places. This strategy requires being able to identify
directions out of P, With those out of P4, which depends
on either a global compass or an asymmetrical distinctive-
ness criterion. The procedure is not foolproof, both because
the directions might fail to match up properly, and be-
cause two similar places might have neighboring places
that look similar. The first problem would lead to failure
to realize that P,q and P were the same; the second
problem would lead to the opposite error. The term identi-
fication problem is used to refer to the possibility of these
kinds of error.

Another perceptual technique has been developed
(Levitt and co-workers, 1987) that is based on the assump-
tion that a robot can reliably track landmarks at a dis-
tance. Over a given time interval, a stable set of such
landmarks (towers, tall buildings, mountains) will be per-
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ceivable around the robot, in a stable order. Whenever two
landmarks are simultaneously visible, the robot can know
when it has crossed the line between them, called a land-
mark pair boundary (LPB). It can tell which side it is on
by whether, in panning clockwise, it sees landmark 1 be-
fore landmark 2. Places can be defined as minimal poly-
gons bounded by LPB, and routes can be plotted by run-
ning an A* algorithm through the resulting tesselation of
the plane. Currently the theory does not specify how land-
marks are first noticed or how they are reliably tracked.

With metric approaches to route finding and explora-
tion, the map-learning problem is to sort the world into
objects and locate the objects in space. In special cases,
today’s sensors allow very impressive performance simply
by sensing a scene repeatedly from a moving robot, gener-
ating a series of overlapping models, and matching up
successive models. The NavLab project (Thorpe and co-
workers, 1988), can create a map hundreds of meters long
and a hundred meters wide by this method. The map is
represented as a grid giving the elevation at discrete x, y
coordinates over a wide area, and marking some pixels as
containing obstacles. The method depends on using a laser
range finder to generate high quality elevation maps and
an inertial guidance system to help match up successive
scenes.

A more general solution to the metric map-learning
problem would rely more on passive vision, and would
have to cope with uncertainty of robot position. It would
also have to solve the problem of recognizing a familiar
group of objects when they are approached from a new
direction. First, it is necessary to represent the shapes of
the objects. The usual approach is to classify each object as
a standard shape (eg, a rectangle) with uncertain numeri-
cal attributes (eg, its length and width). A more ambitious
representation has been used (Davis, 1985), which al-
lowed objects to be approximated by arbitrary polygons
whose sides were of uncertain length and joined at uncer-
tain angles. Second, it is necessary to manage all this
uncertainty. Typically, the task is to keep track of the
intervals within which quantities lie (McDermott and
Davis, 1984) or of probability distributions for those quan-
tities (Smith and Cheeseman, 1986; Chatila and
Laumond, 1985; Moutarlier and Chatila, 1989). As new
information is gathered, the probability distributions be-
come sharper (Fig. 6).

A fundamental question is what coordinate system to
use for quantities like the x coordinate of an object. Even
when there is an obvious coordinate system to use, there is
the problem of capturing precise local information. For
instance, the robot might know that objects A and B are
close together without knowing much about their location
in the global coordinate system. The approach taken by
most probabilists is to store the probability distributions
as means and variances (ie, to assume that they are Gaus-
sian) and then to store a covariance matrix for all pairs of
quantities in order to capture local relationships. Estima-
tion theory supplies methods for updating these matrices
as new observations occur. The alternative (McDermott
and Davis, 1984) is to maintain many local coordinate
systems, so that B’s position could be stored with respect
to A’s frame. Obtaining B’s position with respect to the

"B isbetween A and C"

@ (b)

Figure 6. New information sharpens probability distributions
on coordinates: (@) before new information; () after.

global frame might then require composing the informa-
tion about its position with respect to A and information
about A’s position with respect to the global frame. The
fact that all these quantities are stored as intervals make
the computations rather messy.

It is possible to accumulate information about the pa-
rameters of an object only if the object can be reliably
recognized when encountered. This is just the identifica-
tion problem again, which arose with perceptual ap-
proaches in connection with deciding when to equate per-
ceptually similar places and landmarks. Many workers in
the field assume that recognizing previously seen objects
is a job for the vision module. Others assume that the
current scene can be converted into a local map, which can
then be merged into a global map, by searching for the
piece of the global map that matches it best. Elfes (1989)
described algorithms for matching certainty grids. Davis
(1985) described an algorithm for matching polygoné}1
maps, where the polygons are required only to approx!”
mate underlying shapes. Lavin (1979) developed one fora
more specialized representation of Gaussian hills.

One issue that has received remarkably little attention
is how to correct errors in learned maps. Once a distortion
gets introduced, future attempts to make new information
consistent with it tend to introduce worse and worse dis-
tortions. A discussion of some of the problems is available
(Davis, 1988). It is hoped that probabilistic representa-
tions could tolerate errors by having later observations
overwhelm them, pushing parameters back toward cor-
rect values, but that hope runs into the problem that pa-
rameter-value errors can make matching errors more
likely, causing the system’s map to get further and further
from the truth.

PHYSICAL REASONING

An active area of Al research is the study of reasoning
about the structure and function of physical systemsS:
Structure inevitably includes spatial structure. A k?y
problem type for algorithms developed in this area 18:
given a mechanism, what will it do? In many cases, physl-
cal-reasoning algorithms are expected to take qualitative
descriptions of systems and draw qualitative conclusions
about their behavior. For example, given the signs of in¥”
tial values of quantities, infer whether the values ever




become zero (de Kleer and Brown, 1984; Forbus, 1984)
(see PrYSICS, QUALITATIVE).

Unfortunately, when spatial structure is important, it
is hard to find cases where it is possible to infer much
without knowing the details of the initial layout of a sys-
tem. Hence, especially in recent research, it has been con-
ceded that detailed quantitative knowledge of the shape
flnd initial configuration of a mechanism are needed, even
if all that is wanted is a qualitative description of its be-
havior over time.

When people solve spatial-reasoning problems in their
heads, they often have a subjective feeling of seeing a
picture. For example, if asked to name all 50 states, al-
most everyone reports visualizing a path through which
the attention wanders. There is a controversy about what
these reports are reports of. On one side are researchers
such as Shepard and Metzler (1971) and Kosslyn (1980,
1_983) who believe that there is an actual picturelike en-
tity in the brain performing useful computations. On the
OFher are critics such as Pylyshyn (1985) who believe that
Pictures are poor computing devices and that subjective
Impressions are misleading.

The first issue to settle in building a computational
model of imagery is what the underlying picture medium
is. It is possible to begin by assuming that a map of the
United States was stored as a hierarchical pointer struc-
ture, with nodes representing large areas (like New En-
gland) pointing to smaller component areas (like states)
and other, less familiar, areas pointing to a sparser set of
subareas. Such a model might explain many facts [eg,
certain distortions in subjects’ memories of maps (Stevens
and Coupe, 1978)], but would not itself explain why the
data structure is experienced as a picture when it is tra-
Ve_rsed. Researchers who believe that this is one of the
Prime facts to be explained make their models pictorial
from the start. A dangerous pitfall here is to assume that
a mental image is nothing but a picture, so that some
homunculus must “look” at it. To avoid the need for the
1'IOI‘rlunculus, image theorists usually assume that the pic-
:C)Orlal medium is active, capable of computation on its

wn,

There have been several attempts to avoid the need for
detailed quantitative knowledge of spatial layouts, nota-
bly the work of Hayes (1985a, 1985b) on naive physics
(See Prysics, Naive), the effort to formalize what “everyone
!mOWS” about the way objects in the world behave and
Interact. He presents axioms about the behavior of liquids
In containers, where the containers are described in terms
of their bounding surfaces. The notation omits most of the
details of where these surfaces are located or how they are
shaped and instead focuses on qualitative description of
them ag separating volumes into different functional
Parts. An open container, for instance, is described as a
volume with just one free face, the top. The brim of the
Container is the “face of its top face,” that is, the edge

ounding its top face. Hayes argues that the way to bring
time and change into this formalism is to analyze activity
as four-dimensional histories of objects. For example, if an
Open container full of liquid is tilted, there will be a “leav-
ln“g” history at the brim of the container that interfaces to
a “falling” history in the free space nearby. A more recent
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attempt to axiomatize knowledge about space and change
is available (Davis, 1990).

In practical programs, more specialized solutions often
obviate a detailed representation. Figure 7 shows a prob-
lem solved by deKleer’s (1979) program NEWTON. The
program reasons about the qualitative shape of the roller
coaster in order to realize that the object cannot get to
point X. Other physics-problem solvers reason about situ-
ations of similar complexity (Novak, 1977; Bundy, 1978).

None of these programs rely on a general-purpose
shape representation. All of them use some version of the
qualitative-bin representation. For example, Novak’s pro-
gram accepts physics-problem statements in natural lan-
guage. It turns a sentence like “a man stands on a ladder”
into an internal representation in which a man modeled
as a point mass is located on a ladder represented as a
line. Each such internal entity has various parameters
associated with it, such as the man’s mass. In different
problem statements the man would get modeled as some
other kind of entity, with different parameters. Equations
involving these parameters are set up and solved to pro-
duce the solution to the overall problem. The concern
about these representations is that they presuppose so
much about the problem class. At no point does the pro-
gram possess a neutral statement of the geometric setup,
which is independent of the question type to be asked. It is
hard to imagine a purely qualitative representation of
this kind.

The difficulty of finding an effective qualitative spatial
representation has led researchers to assume that good
quantitative information is available about the shapes
and positions of objects. The problem then is to extract
reasonable predictions about behavior from these initial
conditions, where “reasonable” is hard to define, but tends
to mean “concise and symbolic,” as opposed to voluminous
and numerical.

One way to get a quantitative representation of spatial
change over time is to use a changing spatial-occupancy
array. Each pixel now records its current state, and can
change to a new state after communicating with its neigh-
bors. Interesting inferences then occur by the combined
action of all the pixels. This model is quite attractive to
imagery theorists, because in the brain a natural imple-

X
)

(

(Block initially
at rest) 4411

T\ Wﬂ

Figure 7. Problem solved by NEWTON: “Will the block reach
point X?” (de Kleer, 1975).




Figure 8. Use of blocks-world image
to reason about stability: (a) initial
snapshot; (b) final snapshot.
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mentation would involve groups of neurons, probably laid
out in an actual two-dimensional field. In a digital com-
puter each pixel is a data structure arranged in an array,
and a sequential algorithm simulates each in turn; but a
special-purpose computer could be built that implemented
the pixels as separate pieces of silicon, all running in par-
allel. If this could be made to work, it might be very fast.

An example of this kind of system is Funt’s (1976,
1987) program WHISPER, which solves problems in the
“blocks world,” (Fig. 8). Block A is indicated by labeling
the pixels it occupies with an A for pixels in A’s interior,
or a 1 for pixels on A’s boundary. In that figure the pro-
gram decides that block B is unstable and will cause D to
fall when it does. The image machine helps in several
ways. First, the center of gravity of B must be found, by
having each pixel labeled B or 2 report its location to a
central processor, which adds the coordinates and aver-
ages, The processor notes that the center of gravity of B is
hot above A, so B will fall. Then it simulates the fall by
Instructing each pixel of B to rotate around the upper
right corner of A. This rotation occurs step by step [actu-
a_lly, two arrays of pixels are used (Funt, 1987)]. The colli-
Slon between B and D is noticed when a 2-labeled pixel
attempts to transfer its contents into one already labeled
With a 4. The advantage of this approach to thinking
about colliding blocks is that no intricate calculation
about intersecting lines is required to detect a collision. A
more recent example, involving simulating a wider array
of physical phenomena is that of Gardin and Meltzer
(1989).

_ Other spatial representations can be set in motion be-
sides occupancy arrays. An active area of research is in
modeling mechanisms, where the ubiquity of curved sur-
faces make volume and boundary descriptions more
appropriate than occupancy arrays. The mechanism-
envisioning problem involves starting with a detailed

escription of, say, a clock, and producing a “qualitative”
description of its behavior. Because this work is still in an
exploratory phase, it has encountered a common obstacle
In Al not being able to say exactly what the output is to
be used for. Some researchers (Faltings, 1990) attempt to
Produce a classification of the possible positions the mech-
anism can be in. Others (Gelsey and McDermott, 1990)
Produce a symbolic description of some traces of machine
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behavior for typical initial conditions, without attempting
an exhaustive analysis of the machine’s possible configu-
rations in advance.

The study of possible configurations is called machine
kinematics, and, of course, has been carried out by human
engineers for decades (Reuleaux, 1876). An important
idea in this study is the configuration space of the ma-
chine, an abstract space with one dimension for each de-
gree of freedom of the machine. For example, a machine
with a single wheel rotating on an axle has one degree of
freedom, and a single number (the angle the wheel makes
with the axle) suffices to describe its state completely. A
complex machine can have a configuration space with
many dimensions, which can be expensive to analyze.
However, the fact that the focus is on machines makes
things better than they could be. In the abstract, a simple
wheel has six degrees of freedom (three coordinates in
space, plus three rotations to specify its orientation), and
that is neglecting deformations. When it is stipulated that
the wheel is a rigid body that makes permanent contact
with a fixed axle, all but one of the degrees of freedom go
away.

The configuration space for a machine can be divided
into two regions: states of the machine in which parts
would overlap and states where they would not. The sec-
ond region consists of the states the machine can actually
be in. The boundary between the two regions are the
states in which parts are in contact, and it is here that
most of the interesting behavior of the machine occurs,
because forces are transmitted only during contacts.

A frequently studied example is the clock escapement.
An example appears in Figure 9 (Faltings, 1990). The odd-
shaped part at the top is called the lever. Its two ends
catch the teeth of the escape wheel at the bottom, allowing
it to turn only when the lever is disengaged, and hence
synchronizing its turning rate to the period of the lever
(which is connected to an oscillating balance wheel, not
shown). This mechanism has two degrees of freedom,
characterized by the angles of rotation of the lever and
escape wheel around their axes. The configuration space
of the mechanism is shown in Figure 10 (Faltings, 1990).
It has two dimensions, reflecting the two degrees of free-
dom. Most of the space is gray, because it is impossible for
the two angles to take on most of their possible values

a_W Lb%b‘/\/\/\/\'{ | e d J
\ —
i % . g%v\“? Figure 9. The behavior of a simple clock
escapement (Faltings, 1990; courtesy of
e
w J f 9 th Artificial Intelligence).
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Figure 10. Configuration space for the mechanism of Figure 9
(Faltings, 1990; courtesy of Artificial Intelligence).

simultaneously without causing the lever and the escape
wheel to overlap. The jagged white stripe in the middle is
the escapement’s normal region of operation. The open
white space at the top and bottom is a normally unreach-
able region in which the lever is turned over, and never
engages the escape wheel.

A variety of algorithms have been developed for mak-
ing inferences about mechanisms like this, starting from a
geometrical description. Joskowicz's (1987, 1988) algo-
rithm finds a complete description of the boundary of the
configuration space starting from a description of the
boundaries of the parts. Faltings’s (1990) algorithm di-
vides the free region of configuration space into “places” in
which the behavior of the machine has a simple qualita-
tive description. This place vocabulary can then be used to

0

o L Z

-100 |— —

~150 |— —

—200 1 I L | 1 | 1

0 10 20 30
(a

support qualitative envisioning of the mechanism (Niel-
sen, 1988). The algorithms of Hoffman and Hopcroft
(1987), Cremer (1989), and Gelsey (1990) avoid computing
the configuration space at all, but go directly to quantita-
tive simulation. Figure 11 shows a trace of the evolution
of an escapement found by Gelsey’s algorithm. This out-
put is then analyzed to find repetitions of configurations,
yielding a concise description of the basic loop the mecha-
nism evolves through. Simulated experiments are then
performed to determine how and when the loop comes to
an end and a new regime begins, characterized by a
change in the contacts responsible for the system’s behav-
ior. In the case of the escapement, the description says
merely that the mechanism will oscillate at a constant
period until the spring runs down.
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REASONING, TEMPORAL

It is hard to think of a research area within Al that does
not involve reasoning about time in one way or another:
medical-diagnosis systems try to determine the time at
which the virus infected the blood system, circuit-debug-
ging programs must reason about the period over which
the charge in the capacitor increased, automatic program-
mers and program synthesizers must deduce that after
procedure P is executed the value of variable X is zero,
and robot programmers must make sure that the robot
meets various deadlines when carrying out a set of tasks.
One particular subfield of AI, which has become known as
the area of temporal reasoning (TR), acknowledges this
central role. Although most subfields merely employ tem-
poral terminology, the very goal of TR is a general theory
of time.

Of course, the passage of time is important only be-
cause changes are possible. In a world where no changes
were possible (no viruses infecting blood systems, no elec-
trical charges changing, no changes in program counters,
not even changes in the position of the sun in the sky or
the position of the hands on wristwatches) not only would
there be no computational justification for keeping track
of time but the very concept of time would become mean-
ingless. Therefore, the ideal theory of time must meet two
requirements. The first is that it provide a language for
describing what is true and what is false over time. The
second is that it provide a criterion of lawful change.

The work that is described here is mostly in the form of
various formalisms, which usually means a logic with
more or less well worked out syntax and semantics. The
first section reviews the work done within Al, describing a
somewhat idealized progression of such formalisms. The
last section describes related work from philosophy and
theoretical computer science.

How is temporal information represented? Suppose the
task is to represent in logic the fact that the color of a
particular house is red at time . There are several op-
tions:

Time can simply be included as an argument to the
predicate: COLOR(HOUSE,RED,T), where T is a
time argument (a point, an interval, or otherwise).

The proposition can be “reified’ (or, as McCarthy once

proposed, “thingified”): HOLD(7T,COLOR(HOUSE,
RED); here COLOR serves as a function symbOl
rather than a relation symbol.

Time need not be mentioned at all! Instead, the inter-
pretation of formulas is complicated. If in classic
logic a formula g is either true (written o) or false
(and in this article the discussion is confined to the
propositional case), now a formula is either true at 2
given time ¢ (written ¢ | ¢) or false at that time.
(Here again there is a choice of choosing ¢ to be @
point, an interval, or some other temporal entity.)

The first option is not acceptable from the standpoint of
TR. If time is represented as an argument (or several ar-
guments) so predicates, there is nothing general that can
be said about it. For example, it cannot be said that “ef-
fects cannot precede their causes”; at most it can be said
about specific causes and effects. Indeed, this first option
accords no special status to time, neither conceptual nor
notational, which goes against the grain of the TR spirit-

The second option fares better in this respect, and in
one guise or another has been widely accepted in TR. Tak-
ing this approach seriously requires paying special atten-
tion to the meaning of the terms in the language, which
now also serve the function of what otherwise would be
relation symbols.

The third option, favored in modern philosophy and
theoretical computer science, has for the most part been
ignored in AI until very recently.

TEMPORAL REASONING IN Al

Situation Calculus, STRIPS, Histories, Intervals,
and Chronicles

McCarthy and Hayes (1981) introduced the situation cal-
culus (SC), a temporal formalism that to this day is the
basis for many temporal representations. A situation i8 2
snapshot of the universe at given moment. Actions are the
means of transforming one situation into another. For €X-
ample, by performing the action PICKUP(A) in the situd-
tion where ON(A, B) and ISCLEAR(A) are true, a new
situation is arrived at where ISCLEAR(B) is true. The
actual formal construction uses the function RESULT
that accepts a situation and an action as arguments an
returns a new situation. If in the above example the first
situation is S1 and the second S2, then S2 = RESULT-
(S1,PICKUP(A)). It is possible, of course, to construct
longer chains of action, as in S3 = RESULT(RESULT-
(S1,PICKUP(B)),PUTDOWN(B)). )
SC makes several strong commitments. The first 18
about discreteness of time, which precludes discussion 0
continuous processes such as water flowing into a co”
tainer and gradually filling it. The second is about contl-
guity of cause and effect, so to speak; the effects of an
action are manifested at the very next situation. A further
limitation of SC was that it did not allow concurrent
actions, even in the framework of discrete time. The best
known problem introduced by SC is the frame problem:
Consider the same situations S1 and S2 as describe
above with the additional information that in S1 COLOE




(A,GREEN) is true. Is COLOR(A,GREEN) still true in S2?
Itis hoped that the answer is affirmative, but in fact this
conclusion is not warranted by the theory. The RESULT
function specifies only what changes as a consequence of
taking an action but not what is true by virtue of having
{10.1: changed. In order to be able to make those inferences,
1t is possible to add numerous frame axioms, specifying for
eaf:h action what it does not affect. The first problem with
this solution is that such axioms are numerous: Picking
up a block does not change its color, does not affect any
other block, does not change the president of the United
States, etc. It is obviously impossible to explicitly list
W}}at is unaffected by an action. A further complication
arises if concurrent actions are introduced. In this case
frame axioms are simply wrong: Someone might paint the
block as it is being PICKUPed.
As was mentioned before, despite these limitations SC
as proved very influential. For example, it has been the
basis for several planning (qv) systems. One of the first of
Suqh systems was STRIPS (Fikes and Nilsson, 1971),
which embodied a natural solution to the frame problem.
STRIPS is a name for both a formalism and a planner
based on that formalism. This article is concerned primar-
ily with the former. The STRIPS framework adopted the
Same view of time as SC but made the following addition.
With each action STRIPS associated two lists. The addlist
Specified what becomes true as a result of the action, and
the. deletelist specified what ceases to be true after the
action. The STRIPS assumption was that if action A
transformed state S1 into state S2, then a proposition P
Was true in state S2 if and only if either P was in the
addlist of A or P was true in S1 and was not in the delete-
list of A. This assumption was the basis for the regression
Operator in the STRIPS planner (see PLANNING).
One of the strong advocates of formal reasoning about
e commonsense world has been Hayes. Hayes (1984a,
1984b) offered a general justification of his approach as
Vf'ellh as an actual formalism to describe the behavior of
lqu{ds (see Puysics, Nave). (These are slightly revised
}’EI‘Slons; the original papers were written in the 1970s.)
1 the latter paper Hayes introduced the notion of histo-
Tles, which has had a strong influence on TR. A history is
a connected piece of four-dimensional space-time. For ex-
ample, a falling history is the space occupied by a liquid
ror Fhe duration of its freefall. This view of the world is a
adical departure from the SC paradigm. It acknowledges
no: cO.Iltinuous nature of time (and space, although that is
re directly relevant to this discussion) and allows the
Presentation of gradual change. There is no restriction
0 snapshots of the universe and a method for stringing
sc:illl,l together. Instead an entire interval of time is de-
ed. Of course, it is possible to describe a snapshot of
€ Universe by taking a slice through a history (which is
Sp: Projection of the history onto the three-dimensional
Ce at a given point in time). The theory of histories was
Partially applied by Forbus (1984) to reasoning about
Qualitative physics.
Crit‘h-e spatial nature of Hayes’s histories has drawn some
Weﬁc(lism. For one thing, some occurrences do r.xot have a
arg -defined spatial extent: What are the spatial bound-
€s of a conversation? Of an election? Of a confusion?
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Furthermore, histories are extensional in that the space—
time of the history completely determines the history. But
this cannot possibly be right, due to the fusion problem:
more than one history can take place at the same space—
time, eg, a concert history and a stale-air history. Never-
theless, Hayes’s bold transition from states to interval
inspired much of the later work, including Allen’s interval
calculus and McDermott’s temporal logic.

Retaining the interval-based view of time, Allen (1984)
proposed a theory of action and time and identified the 13
possible relations between two intervals (identity, the one
totally preceding the other, overlapping, etc). The ontol-
ogy proposed by Allen associates with an interval one of
three objects: a property, an event, or a process. A prop-
erty is something that is statically true or false, eg, “the
pen is red.” Allen represented this assertion by the for-
mula HOLD({, COLOR(PEN, RED)). Properties hold uni-
formly throughout an interval; a proposition holds for an
interval exactly when it holds for all subintervals: V I, P
HOLDU, P) = ¥V I' € I HOLD(I', P) (and in fact Allen
required a slightly stronger axiom). Because properties
are reified propositions, to retain their intuitive meaning,
Allen simulated the logical connectives. For example,
HOLDS(, AND(P, @) = HOLDS(, P) /A HOLDS(, @) is
an axiom in Allen’s system.

Contrary to properties, events are holistic entities. If
an event occurred over an interval, it did not occur over
any subinterval. An example of an event is “I went to the
shop”; such an event is repeatable but not divisible. The
predicate denoting occurrence of events is OCCUR(,
EVENT). Processes are a hybrid case. An example of a
statement describing a process is “I am walking”; if it is
true for an interval, it must be true for some subinterval
but need not be true for all of subintervals (I may rest
during my hour-long walk).

Allen’s proposal also included an account of causation.
Event causation describes a relation between events (and
associated intervals). The properties of this relation are
exactly the following: the occurrence of causes entails the
occurrence of effects, effects may not precede their causes,
and the relation is transitive and antisymmetric. Other
parts of Allen’s proposal include the notions of agents,
actions, level generation (Goldman, 1970), intentions,
plans, commitment, knowledge, and belief.

McDermott (1978) began exploring the connection be-
tween problem solving (qv) and theories of time and
action. He proposed a temporal logic to be used in the
process of planning (McDermott, 1982a), in which he in-
troduced the notion of chronicles. McDermott’s construc-
tion takes as primitive the notion of a state, which is a
point in time in some set of possible worlds. A fact type isa
reified proposition that may be instantiated as a fact to-
ken. For example, “I am walking” is a fact type, and “I am
walking on 1.1,.2000 from 1:00 to 1:45” is a fact token. The
construction is set theoretic: the assertion 7(S, P), denot-
ing the existence of a particular fact token, is shorthand
for § € P. Similarly for an event type E, the assertion
0OCC(S1, S2, E), denoting the existence of an event token,
is merely shorthand for (S1, S2) € E. The assertion TT(S1,
S2, P) (“p is true throughout the interval [s1, s2]”) is short-
hand for [S1, S2] C P.
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McDermott assumes that time, as well as being a par-
tial order, is dense. He furthermore arranges time in
chronicles, which are linear timelines that form a treelike
structure: chronicles may branch into the future, and once
they do, the different branches do not meet again. When
taking an action is contemplated, it is necessary to com-
pare the world (or chronicle) in which the action is taken
to the world in which it is not. McDermott’s formulation
was the first one to provide a mechanism for such a com-
parison within the logic; different worlds are simply sepa-
rate paths in the chronicle tree. In particular, he managed
to give meaning to the notion of preventing.

McDermott also devotes a large part of the discussion
to causation as a representation of rules governing
change. The notion he considers are ECAUSE, for one
event causing another, and PCAUSE, for an event caus-
ing a fact. The former allow for a delay between the cause
and the effect. The latter are particularly interesting, be-
cause they introduce the notion of persistences. The idea
is that the effect of a PCAUSE is a defeasible prediction.
For example, the predicted effect of a boulder rolling to a
particular location is that the boulder will be there for the
next 50 years. This prediction will be violated if a con-
struction company decides to erect a building on that par-
ticular site at an earlier time. Persistences, whose seman-
tics are loosely based on nonmonotonic logic (see
REASONING, NONMONOTONIC) are McDermott’s (1982b) solu-
tion to the frame problem. Other topics covered by McDer-
mott are continuous change, qualitative physics and po-
trans (potential transfer), planning, and the notion of a
subtask. Further applications of temporal reasoning to
planning have been published (McDermott, 1984).

Application to Qualitative Physics

Much of physical reasoning involves time for obvious rea-
sons. It is possible to reason about what a physical system
will do starting from initial conditions, or contrariwise it
is possible to reason backward from final conditions to an
explanation in terms of previous behavior. Most of the
work has focused on the former process, which is called
envisioning (de Kleer, 1975) or projection (Wilenskey,
1983; Simmons, 1983).

Envisioning is not the same as simulation. It is desired
that the reasoner see interesting patterns in the behavior,
that it recognize an oscillator, not just become one. Fur-
thermore, it is important that the reasoning be able to
proceed in the absence of the detailed quantitative infor-
mation that a simulator would require. The resulting par-
adigm is called qualitative reasoning about physical sys-
tems. It has been pursued by de Kleer and Brown (1984),
Forbus (1984), and Kuipers (1984) (see Prysics, NAIVE; REA-
SONING, CAUSAL; REASONING, COMMONSENSE).

There are two phases to the reasoning in this para-
digm. First the program must produce an abstract version
of the structure of the system, then it must use this struc-
ture to reason. In almost every case, the abstract structure
is analyzed as a set of devices with connections to each
other. Causality flows through the connections from one
device to another. The state of a device is represented by
the values of a set of quantities. A device can have differ-

Room warm,
furnace off

Room cool,
furnace on

Room cold,
oil tank empty

Figure 1. A simple state diagram.

ent behaviors depending on what ranges various quanti-
ties lie in. For instance, a thermostat-controlled heating
system will be characterized by quantities such as room
temperature and heat flow out of room. The furnace will
be in state OPERATIVE or OFF depending on whether
the room temperature is greater than the thermostat set-
ting. If it is OPERATIVE and the tank is NONEMPTY,
there will be a constant value of furnace heat flow into the
room. And so forth.

Devices connect quantities together; they enforce cer
tain relationships among them. Hence, from an initial set
of quantity relationships, the temporal reasoner can de-
duce how the quantities will change. If the furnace is 0%
and it is not too cold outside, the room temperature Will
increase. Any such change, if allowed to continue, wil
eventually drive some quantity out of its current rang®
thus changing the behavior of some device. The reasoner
must, therefore, reproject the behavior of the system ub-
der the altered circumstances. The new analysis wil
result in a different pattern of changes, leading to new
behavior shifts, and so forth. The final analysis may be
displayed as a graph, as in Figure 1. States of the system
are shown as ovals. An arrow joins two states if the first
may evolve into the second through quantity changes.
loop in the graph indicates that the system may oscillate
between the two given states. If the analysis is correct am
useful, it can be expected that a finite number of signifi-
cantly different states will be found, and hence it is ex-
pected that every system to enter one state and will stay
there or loop among some set of states. Note that the “fur-
nace on” state has two potential successors: either t_he
room becomes warm or the oil runs out. Both possibilitié®
appear because the qualitative analysis shows two quantl”
ties changing: the room temperature is increasing and the
oil level is decreasing. Without further information about
the magnitudes of the quantities, the reasoner cannot dé-
cide which will reach its threshold first and cause the
system to change state.

The early work by Hendrix (1973) anticipated much of
current research in planning and qualitative physi®
Hendrix’s extension of the STRIPS formalism includes
representation of continuous change (using real values for
quantities) and concurrent actions. The central comp®
nent of the system (which is a set of data structures agd 2
skeleton of a simulation program rather than a log}ca
formalism) is the process monitor. This module contin




ously attempts to identify “active processes” and compute
their effects.

Rieger (1976) also addressed the issue of continuous

change in his proposal of commonsense algorithms (1976).
Among the many notions he considered are continuous
causality and gated causal rules. His system too is
couched in terms of data structures and algorithms, and
McDermott (1982a) pointed out some of the difficulties in
assigning meaning to the symbols in Rieger’s system.
_ Another system that is primarily a serious attempt at
Incorporating one of the more sophisticated logics into a
computer program is Dean’s (1986) Time Map Managing
System. The system, which can be viewed as a temporal
reason-maintenance system, was designed to be used as
part of an automated planner. It is loosely constructed
around McDermott’s temporal logic. A earlier attempt
along similar, although more modest, lines is Vilain’s
(1982) system, a time-maintenance system based on a for-
malism that is similar to Allen’s.

It is worth pointing out that the more “applied” work
on TR has not been based to any great extent on the repre-
sentational research described earlier. This can be viewed
as evidence that the foundations of the applied work are
shaky, or that the logic-level research has not yet become
sophisticated enough to be of real value, or both.

WORK OUTSIDE Al

Both Al and theoretical computer science owe an intellec-
tual debt to philosophy, where time, action, and causation
h'ave been studied for many years. Although it is not pos-
sible here to properly cover the relevant philosophical lit-
€rature, two good expositions of the work done on causa-
tion are available (Mackey, 1974; Sosa, 1975). Other
Investigations into the nature of actions have been pub-
lished (Goldman, 1970; Davidson, 1967).

Work done in formal philosophy on the logic of time is
Particularly relevant. It was mentioned in the introduc-
t1°n.that one possibility for representing temporal infor-
Mation is to have time implicit in the interpretation of the
formulas. The way this option is exercised is through mo-
dal logic, to which a modern introduction is Chellas
(1980). The formulas of the logic are augmented by one or
Mmore modal operators; if P is a wif and O is a (unary)
{nofial operator, then O P is a wif too. In the basic modal
Oglc there is a single modal operator 0J, called “box” and
Pronounced “necessarily.” Its dual operator ¢, called “dia-
™Mond” and pronounced “possibly,” is defined by ¢ P =
N D 71 P. The widely accepted semantics for the resulting
08lc are possible world semantics introduced by Kripke
(1963). When applied to temporal logic, possible worlds
are equated with time points, and the modal operators are
USually some variant of the following.

FP: p is true in some future time point.
GP: p is true in all future time points.
PP: p is true in some past time point.
HP: p is true in all past time points.

’iI‘he Ol{tstanding feature of these systems is the indexical-
Y of time: formulas are interpreted with respect to a time
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point (usually called now) and may contain reference to
other time points through use of the modal operators.
Thus if p is taken to mean “it is raining,” the formula
=1 p O G 1 p means “if it isn’t raining now then it never
will.” From this logic a more traditional modal logic can
be derived such as S4, for example by defining O p to be
p /\ Gp. (The other well-known construction is define O p
to be Hp N\ p N\ Gp.)

Prior (1967) is the philosopher widely credited for first
applying the principles of modal logic to temporal logic.
He explored various possible properties of time (linearity,
future branching, circularity, additivity, having a metric
defined on it) and related the resulting logics to known
modal systems. Rescher and Urquhart (1971) did the
same, employing more conventional notation and using
more recent results from logic. In particular, they dis-
cussed decision procedures based on the semantic tableau
method. The most recent comprehensive study of temporal
logics appears in a book by van Benthem (1983). He con-
veniently divides the discussion into the structure of time
on the one hand and the nature of temporal assertions on
the other. In each part he considers two cases: basing the
logic on points and basing the logic on intervals, the latter
possibility having recently gained currency in philosophy.
As was said earlier, the philosophical literature on time is
very rich; these references are merely initial pointers to it.

In theoretical computer science there has been consid-
erable interest in TR, although until recently there was
no overlap between that work and TR in AL Pnueli (1977,
1979) was the first in computer science to apply modal
temporal logic to program verification. There are several
variants of modal temporal logic, stemming from different
models of time (discrete or continuous, linear or branch-
ing) and different choices of modal operators (Emerson
and Halpern, 1983). Discreteness is usually assumed, and
“time points” correspond to the instants when the pro-
gram interpreter is about to execute the next command.
The modal operator O is the “next-state” operator: O P is
true if and only if P is true the next time the interpreter is
about to execute a command. Using the logic, various
properties can be expressed very concisely, such as termi-
nation, freedom from deadlock, fair execution, and more
(Manna and Pneuli, 1981). Temporal logic has been the
framework in which much research on concurrent compu-
tation was done (Gabbay and co-workers, 1980).

Dynamic logic, first introduced by Pratt (1976) in con-
junction with Moore, is the other major area of TR in
theoretical computer science, and it too is geared toward
reasoning about computer programs and digital devices.
Rather than the usual modal operator of temporal logic,
dynamic logic associates modal operators with each pro-
gram. If o is a (nondeterministic) program, then (a)P
means that P holds after some possible execution of a.
Similarly, [«]P means that P holds after all possible exe-
cutions of «. For a systematic treatment of dynamic logic,
from so-called simple dynamic logic to the full-fledged
first-order one, see Harel (1979).

Both dynamic logic and temporal logic interpret state-
ments over time points. Because in Al statements are of-
ten encountered that refer to time intervals rather than
time points (“the robot performed the task,” “I solved the
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problem”), neither formalism is completely adequate for
Al There have been several extensions of these formal-
isms to time intervals. For example, dynamic logic was
generalized to process logic (Pratt, 1979; Harel and co-
workers, 1982). In process logic formulas are interpreted
over paths, or sequences of discrete time points. In Harel
and co-workers’ (1982) version, the two modal operators
(in addition to the ones introduced by dynamic logic) are F

(“first”) and SUF (roughly, “until”). S;,. . . , S, EF piff
S:Ep.Si,. .. ,8,EpSUF qiff, for somej, S;, . . .,
S,Epforalli,0<i<j,andS;,...,S,Faq

Interval temporal logic is a similar formalism, intro-
duced by Moszkowski (1983) in conjunction with Halpern
and Manna, which was applied to reasoning about digital
devices. There are several other logics of time intervals,
including a proposal by Halpern and Shoham (1986). This
logic, which extends point-based temporal logic in a way
that is analogous to the way process logic generalizes dy-
namic logic, is one of few temporal logics in computer
science (whether point-based or interval-based) that are
not committed to the discrete view of time.

It was mentioned at the beginning that to date neither
temporal logic nor dynamic logic have had much influence
on AL Some exceptions, however, can be found (Fusaoka
and co-workers, 1983; Moszkowski, 1985; Shoham, 1986;
Mays, 1983; Georgeff and Lansky, 1985).
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RECOVERY. See VISUAL RECOVERY.

RECURSION

In this entry recursion is just a self-referential feature for
PPchedures (and similar constructs) in certain program-
ming languages. It was first available in LISP (qv)
fMCCarthy and co-workers, 1962), the principal systems
Implementation language for Al, and is available in most
m°fiem programming languages; for example, Pascal
(Wll'th, 1976), Logo (qv) (Harvey, 1985), Ada (Wiener and
Sincovec, 1983), and Modula 2 (Ogilvie, 1985). Rogers
(1987) and Manna (1974) contain fine mathematical treat-
Ients of recursion’s connections to mathematical recur-

8ive (or inductive) definitions, the subtleties of assigning -

Ormal semantics to recursion, and the use of proofs by
Mmathematical induction to verify correctness of recursive
Procedures. Shapiro (1986) is an excellent introduction to
Programming in LISP that effectively teaches one how to
think recursively.

ssentially, recursion simply allows the instructions of
a Computer procedure to invoke the procedure itself. This
trfngs up questions as to how it is possible to implement a
Ing like that and why anyone would want to use it.
Uppose such a feature is allowed in computer procedures;
€ entry gketches how it is actually implemented. First,
€ usefulness of recursion is motivated by presentation of

a simple, but illustrative example.

RECURSION 1339

Some programming tasks create headaches for the pro-
grammer by ostensibly requiring that he or she devise
methods to handle tedious “bookkeeping” subtasks that
are subsidiary to the main tasks. Many times in such
situations recursion can be used to free the programmer’s
mind of such unpleasant details; the details are handled
instead by the computer implementation of recursion. Re-
cursion in these cases enables the human programmer to
produce succinct, conceptually clean programs that are
easy to understand and verify as being correct.

Sometimes in solving problems the intelligent thing to
do, artificially or otherwise, is to systematically consider
all the possibilities in a given situation. This can take the
form of exhaustively and systematically searching some,
perhaps complicated, structure (see Search). Two exam-
ples are searching a maze for desirable objects and search-
ing a game tree (qv) for good moves. It is difficult in pro-
gramming such searches to devise correct, clear strategies
for the program to keep track of where it has already
searched and where it still needs to go.

Here is an example. Imagine wanting to employ a pro-
grammable, electronic monkey to collect all the bananas
in any “tree” of a certain type. A picture of the type of tree
is presented in the tree-shaped diagram of Figure 1. This
figure consists of dots and lines. The dots are called nodes.
The bottom node in such a tree is called the root. For
example, node 1 is the root of the tree pictured in Figure 1.
Branching upward from each node are either two lines
leading to two respective nodes or no lines leading to
nodes. The entire tree is finite. The tree pictured in Figure
1 has 15 nodes that are numbered to facilitate some of the
exposition. Assume that any such tree has bananas only
at its nodes. These assumptions as to the type of tree to be
considered are merely to simplify the problem. The mon-
key is initially placed on the root of a tree and is capable of
understanding and performing the following primitive
tests and instructions that have obvious corresponding
meanings. The tests are: “bananas_present_at_cur-
rent_node” and “there_is_a_node_above.” The instruc-
tions are: “pick_up_bananas_present_at_current_node,”
“climb_up.one_node_to_the_left,” “climb_up_one_node_
to_the_right,” and “climb_down_one_node.” Assume the
monkey can be programmed with a block-structured lan-

Figure 1. A tree is comprised of a root (1), nodes, and branches,
and is finite.
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