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ABSTRACT OF THE DISSERTATION

REFINEMENT OF EXPERT SYSTEM
KNOWLEDGE BASES: A METALINGUISTIC
FRAMEWORK FOR HEURISTIC ANALYSIS

By Allen Ginsberg, Ph.D.

Dissertation Director: Professor Sholom M. Weiss

‘nowledge base refinement involves the generation, testing, and possible incorporation
ustble refinements to the rules in a knowledge base with the intention of ther
roving the empirical adequacy of an expert or knowledge-based system, i.e., its abi

correctly diagnose or classify the cases in its domain of expertise.

'he research presented in this thesis contributes to the development of useful knowle
e refinement systems both at the concrete level of system design. implementation. .
ting. and also at the “meta-level” of development of tools and methodologies
suing research in this area. Relative to the former level, the following contributi
‘e been made: 1) the empirically-grounded heuristic approach to refinement generat
‘eloped by Politakis and Weiss has been generalized and extended, i.e., the approach
n made applicable to a more powerful rule representation language, and heuris
ompassing a larger class of refinement operations have been incorporated, 2)
omatic refinement system utilizing this approach has been implemented and, based u

liminary testing, has been shown to be capable of generating effective refinements.

elative to the level of tools and methodology, a high-level Refinement Metalangu.
{, allowing for the specification of a wide variety of alternative refinement conce
iristics, and strategies, has been designed and implemented. In addition to allowing
- growth of refinement systems by facilitating experimental research, RM also provide
ans for refinement system customization and possible enhancement through

orporation of domain-specific metaknowledge. The incorporation of a for

talanguage for knowledge base refinement represents an extension of the traditional me



of an expert system framework. and is a step in the direction of more powerful

and self-improving expert system technology.
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CHAPTER 1

INTRODUCTION AND OVERVIEW

We Dbegin this chapter with a brief account of the main research
contributions of this thesis. The rest of the chapter gives an overview of a) the
problem of knowledge base refinement and a general account of the knowledge
and subsystems required by refinement systems, b) the SEEK2 automatic
refinement system, and c) the role and content of a metalinguistic framework for

experimental research in this field.

1.1. Main Research Accomplishments

From a broad perspective, this research deals with two related issues. The
first issue concerns the possibility of automating knowledge base refinement at all:
can practical and effective automatic refinement systems, capable of dealing with
large-scale knowledge bases, be constructed? The second issue concerns the
question of what methodology should be utilized in order to formulate and pursue
a reasonable research strategy _for making progress in the design and

implementation of such systems.

This thesis addresses these issues within the context of an ongoing research
program in knowledge base refinement at Rutgers Univefsity, a program whose

first major milestone was the SEEK system [Politakis 82], [Politakis and Weiss



84]. In terms of this ongoing effort, the research presented here makes the
following three concrete advances.

We have generalized and extended the empirically-grounded
heuristic approach to refinement generation that was originally
developed in conjunction with SEEK. The generalized approach is
now incorporated in a new system, SEEK2 [Ginsberg, Wess, and
Politakis 85]. Whereas SEEK's refiﬁerner1t concepts and heuristics are
applicable only to knowledge bases written in a gpecialized rule
representation scheme called criteria table%, SEEK?2's refinement
- concepts and heuristics are applicable to any knowledge base written
in the more general EXPERT [Weiss and Kulikowski 79] rule
representation language. SEEK2 is an extension of SEEK in the
sense that it includes concepts and heuristics pertaining to types of

refinement operations that were not incorporated in SEEK.

* An automatic knowledge base refinement sysem, SEEK?2, has been
designed, implemented, and, to a limited degree, tested. The results
of these tests provide evidence that the heurigtic approach to
refinement generation can form the foundation of successful large
scale automatic knowledge base refinement In addition, analyses of
various refinement dtrategies, as wel[ as a description of the nature
of the types of heurigtics and knowledge required to implement them

in an automatic system, have been provided.



o A Refinement Metalanguage, RM, that enables a researcher to easily
formalize and test concepts, heuristics, and strategies for knowledge
base refinement, has been designed and implemented. This system has
been instrumental in revising and debugging SEEK2, e.g., the

discovery of new refinement concepts has been facilitated by RM.
1.2. Automatic Knowledge Base Refinement

1.2.1. Knowledge Acquisition and Knowledge Base Refinement

The problem of constructing an efficient and accurate formal representation
of an expert’s domain knowledge, the k};ow/edge acquisition problem, is a key
problem in AI. As a practical matter, the most time consuming aspect of expert
system design is the construction of the knowledge base; the rate of progress in
developing useful expert systems is directly related to the rate at which it is
possible to construct knowledge bases whose level of performance is comparable

to that of an expert’s in the field.

Conceptually it is worthwhile to view knowledge acquisition as having two
phases. In phase one the knowledge engineer extracts an initial rough knowledge
base from the expert, "rough" in the sense that ’t.he overall level of performance
of this knc;wledge base is usually not comparable to that of the expert. At the
same time, the knowledge engineer will attempt to extract what we shall call case
know/edge from the expert. This is an important concept in our work, and in

expert systems research generally, so it is worthwhile to explain its role here.



There is no quedion that an important part of what makes someone an
expert in a domain of expertise, is the ability to "perform correctly™ in cases
that fl'all:-within that domain. Depending on the sort of domain we are talking
about, a caée can be anything from a patient exhibiting certain observable or
measurable symptoms, to a set of equations that must be solved or used in some
way to calculate the expected value of some physical quantity in a given stuation,
etc.  Any interesting domain of expertise will have a very large, and often -~
potentially infinite, set of distinct cases associated with it Any expert will have
the ability to "perform correctly™ in a certajn_subset of this infinity of potential
caxs we cal this st of cass the expert's complete case knowledge. Case
knowledge is any subsat of the expert's comblete caxe knowledge. When we talk
about a case c¢ in this work, we think of the expert's "evaluation" (conclusion) or

"performance’ in c as being part of it.

Expert systems research is concerned with the construction of systems that
yield high-performance in "real world" problems, or certain aspects, of such
problems. Thus part of what gives one the right to call a computer program an
expert system is the ability of the program to perform well in cases within the
given problem domain. The basc source of evidence that such a program does
perform well over cases in its domain, is its ability to reproduce an expert's
performance. Case knowledge, therefore, is not just something that we may or
may not want to gather in order to help us in the knowledge acquisition task: it n
provides the only direct way of validating the adequacy and accuracy of the

expert sysem's performance. . One expects, therefore, that any serious effort to’



construct an expert system will involve an attempt to gather case knowledge and
use it as both a guide towards improved performance as well as a measure of

current performance.

However, one also expects the result of phase one will be a knowledge base
that does not have performance comparable to the expert’'s. One way we will
know this will be if the knowledge base does not completely reproduce the
expert’s judgments in the currently available case_knowledge. This brings us to the
second phase of knowledge base construction. In the second phase,’ the know/edge
base refinement phase, the initial knowledge base is progressively refined into a
high performance knowledge base, in part by using the currently available case

knowledge to guide the refinement process.

In terms of a rule-based knowledge base, we expect that phase one involves\/’
the acquisition of entire rules, indeed entire sets of rules, for concluding various
hypotheses. Ideally, at the end of phase one, we hope to be in possession of
what we shall call a ru/e-compl/ete knowledge base. We think of a rule-
complete knowledge base as one that is not "missing” any rules, i.e., a final high-
performance version of the knowledge base can be obtained by altering
components - excluding conclusions - of the current set of rules. Thus the
refinement phase is characterized not so much by the acquisition of entire rules
but by the addition, deletion, and alteration of rule-components, including
confidence factors, in certain rules in the existing knowledge base, in an attempt

to improve the system’'s performance. While one cannot give a "fool proof”



empirical criterion for confirming rule-completeness of a knowledge base, this is
an assumption that will be more or less justified in any particular refinement

problem.’

The assumption of ruleccompleteness is a way of marking a strict
demarcation between rule-acquisition and rulerefinement for the purposes of
ressarch and the development of refinement sysems. In practice, one expects
that one may, and should be able to, discover evidence of rule-incompleteness of
a knowledge base while attempting to refine it One would like to make
refinement systems more "robus” by giving them the capability to recognize such
stuations and act in an appropriate manner. This is a topic for future research,

though chapters 4 and 7 contain some discusson of rule-acquisition issues.

1.2.2. Conservatism and Radicality; Refinement and Optimization

Let kb be an initiadl knowledge base, let C be the currently available case
0

knowledge for the domain of expertise in question. We assume that kb will not
0
be a high-performance knowledge base at this time, and we expect this fact to be

reflected in kb *s performance over the cases in C. That is, we expect that kb
0 0



will not completely reproduce the expert’s judgments over c'.

fh; job of a refinement system is to discover, test, and possibly (tentatively)
incorporate modifications to the rules in kbo. with a view towards improving the
empirical adequacy of the knowledge base, i.e., making it capable of reproducing
the expert’s performance in more cases. At the same time the refinement system
must try to avoid the recommendation or incorporation of refinements that will
not meet with expert approval. In order to do this the refinement system will
make use of various sources of knowledge and metaknow/edge. and case
knowledge is on/y one of these. Case knowledge will be used both as a source
of evidence for generating refinements, as well as a source of test cases for

determining the expected gain in empirical, adequacy of the refinements generated.

'Note that we are not making any assumptions concerning the availability of
information pertaining to the underlying probability distribution of cases; we
therefore do not assume that C necessarily represents a statistically valid case
population. One would expect that in working with a particu/ar expert, the
knowledge engineer will be able to extract a representative sample of the "local”
case population confronting the expert within some period of time. Clearly if we
are in possession of useful and accurate statistical information, there is good
reason to apply statistical techniques to the problem of constructing and refining
a knowledge base. Since, however, expert systems approaches tend to be applied
precisely in domains where either little reliable statistical information is available,
or where the dimensionality of the underlying "feature space” is so large as to
make the use of statistical methods computationally impractical, we do not expect
that such information will be available to us in the refinement phase [Weiss and
Kulikowski 84].



The genera idea is that by making good use of all the sources of knowledge
and metaknowledge available, the process of generating refinements that improve

kbo's perfprrﬁance over C, has a good chance of generating some refinements that

improve the empirical adequacy of the knowledge base in general, and that do not

smply reflect "datigical fluctuations' in C.

While some sources of knowledge and metaknowledge may be unavailable in
particular cases, there is one important source of knowledge that must always be

available. This is smply kb itsdf (see figure 1-1). We are assuming that kb
0 0

has been obtained through interaction with an expert, at the very lead, the expert

has assnted to the truthfulness of the rules contained in kb . This does not
0]

mean that the rules must be correct as they are or there would be no need for

refinement  This does mean that kb represents "sensble" more or less accurate,
0

knowledge concerning the domain of expertiss. Moreover, if we have reason to
0

believe that kb is close to being rule-complete, then we know that the knowledge

base possesses the requisite degree of generality, i.e, it should be capable of

dealing with a. wide variety of cases in the domain of expertise. Under these

assumptions, a conservative refinement drategy is indicated, where this is one

"In keeping with accepted datistical practice, digoint sets of case knowledge
should be used for the purposes of refinement generation and testing. In terms
of the approach taken in SEEK2, this would mean dividing C into a "training set"
and a "tesing set," using the former in the actual run of SEEK2,-and then seeing
how wel the reaulting knowledge base performs on the latter. Such an
experiment has been performed; the results are encouraging, and are reported in
chapter 7. '



Figure 1-1:

Knowledge and Metaknowledge for Knowledge Base Refinement
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that obevs certain general. and possibly domain-specific, constraints or intuitions

concerning the "radicality” of refinements to the knowledge base. A conservative

strategy is one that attempts to improve the empirical adequacy of kb while
: 0

making the least radical changes to kbo possible.

Clearly, the notion of the radicality, or relative radicality, of a refinement is
an important notion in this overall conception of knowledge base refinement. A
formal general understanding of radicality can be given. In chapter 5 we will see
how given a kl:vo one can define a mathematical construct called kb-space whose
points represent all the possible refined versions of kbo. Given any two points in
kb—space there will be a way, perhaps several ways, of "refining” one to the
other. If one could define a (path independent) distance function over kb-space,
in the same way that one talks about the (pythagorean) distance function defined
on points in physical 3-dimensional space. then one would /pso facto have
defined a radical/ity metric on refinements. That is. if kb is a refined version
of kbo. then the radicality of kb with respect to kbo is the distance in kb-space
from the one to the other. The goal of knowledge base refinement could then
be stated as the attempt to find the points in kb-space c/osest 1o kbo that give
the greatest improvement in empirical adequacy over C, ie., as a search for the

closest local maxima in kb-space.

Looking at the problem in the way just indicated, we see that knowledge
base refinement resembies both mathematical optimization problems and search

problems in certain ways. The "objective function” to be optimized in knowledge



base refinement is simply the number of cases in C in which the knowledge base
performs correctly. However since the underlying search space, kb-space, is not a
Euclidﬁarﬂ vector space, it is impossible to apply the techniques of linear or
dynamic programming to this optimization problem, [Bazaraa 77]. In kb-space
one cannot take the gradient of a function at a point in order to determine the
direction of its greatest ascent; in order to get this information one would have

to sample all of the point’s closest neighbors in kb-space.

But there is an even greater obstacle in applying mathematical optimization
methods to knowledge base refinement. We have shown how radicality may be
thought of as a distance function on kb-space, and we could even define such a
metric. The problem is that there are many metrics that could be used, and, in
contrast to the situation in mathematics and physics, the question "which metric is
the ﬁght one?" cannot be answered by means of empirical observation. While
there seem to be several general reasonable "axioms" that any sucgh metric should
obey (see chapter 3), and certain non-controversial intuitions concerning the
relative radicality of certain refinement operations - e.g., deleting two components
from a rule is more radical than deleting one - these axioms and intuitions do
not determine a unique radicality metric. Instead of picking a metric by f/at as
the "right” one, it is wiser to leave unspecified those things whose specification is
properly consigned to the level of a domain-specific refinement problem. In
other words, it belongs to the theory of knowledge base refinement to think
about the genera/ forms in which radicality information may be expressed, and

how such information may be used in the refinement process, but it belongs, for



the most part, to the knowledge engineer or domain expert to supply the actual

information itsalf.

For this reason, we dmply cannot proceed under the assumption that an
accurate radicality metric will always be available. Without such a metric the
idea of the closest neighbors of a point in kb-space is not well-defined, and,
therefore, in such a case there is even a larger gap between mathematical

optimization and knowledge base refinement.

1.3. Designing Automatic Refinement Systems

So far we have not explicitly sated any assumptions concerning the nature
of either the expert system frameworks, or the domain problems we expect to
consder. The discusson has been somewhat tendentious, in that we have mainly
spoken about the expert's conclusion or judgment in a case ingead of, for
example, the expert's performance or plan of action in a case. This is in
keeping with the fact that this work is focused on expert sysem frameworks that
are designed to anJ with classification problems. But, from a general point of
view, there is nothing in the notion of Ian expert sysem that requires such a

gysem to deal solely with classification as opposed to, say, planning problems.

We can capture this level of generality by talkin'g about refinement system
design problems. Such a problem is defined by providing a formal
specification of an expert sysem framework, where in order to give such a

specification one mugt formally specify the syntax and semantics of the items that



can appear in a knowledge base, and the nature of the mechanisms that will be
applied to these items by the expert system. Assuming that we are dealing solely
with rule-based systems this is equivalent to specifying a) a rule representation
langl;xage. and b) an inference and control mechanism that determines which rules
will be applied in any context. A formal specification of such an expert system
framework need not, however, be an exact specification of any actually existing

framework.

Given an expert system framework specification ES, there is a corresponding
refinement system design prob/em: design a generic refinement system for ES.
That is, design a refinement system that will be of use in refining any knowledge

base that can be written in the rule representation language of ES.

As is shown in figure 1-2, there is a general structure to refinement systems
design problems. To design a refinement system one must specify how
metaknow/edge concerning the expert system framework’'s rule, case, and
inference structures will be incorporated and used by the refinement system. In
other words a knowledge representation problem must be addressed: find effective
ways of representing formal knowledge about the expert system framework in
question. One must also provide the actual refinement metaknow/edge that will
be used by the system. At the design level this means that one must specify
generic refinement metaknowledge (that will be useful in refining any knowledge
base written in ES), as well as genera/ forms for expressing domain specific

metaknowledge that may be deemed to be of use - and hopefully available - in



Figure 1-2: Elements of A Refinement System Design Problem
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dealing with some of the actual domains of expertise that are to be modeled by
knowledge bases written in ES. Finally one must specify the strategic
subsystems of the overall refinement system in such a way that it is clear how

the system will make use of its metaknowledge in achieving its aim.

Detailed descriptions of the generic refinement metaknowledge that is used in
SEEK2 will be giv‘en in chapter 4, and some examples will be given in section 1.4
below. Put simply, generic refinement metaknowledge is knowledge that relates
certain observable or measurable features of rule behavior to possible corrective

refinement actions.

1.3.1. Strategic Subsystems

There are four issues that must be addressed by any automatic refinement

system; we say that there are four strategic subsystems of such a system.

In the first place the refinement system must address the issue of
/ocalization. This refers to the process of determining that a certain subset of
rules, R, in the knowledge base is the likely cause of a certain subset, M, of the
currently misdiagnosed cases. We call the pair <R.M> a refinement-situation or
r-situation for short. The localization module of a refinement system is
responsible for dividing up the overall problem of improving the kndwledge base’s

empirical adequacy into r-situations that can then be addressed independently.

The next issue that must be addressed is refinement generation. Given an



r-situation <R.M>, the problem is to generate specific p/ausib/e refinement
suggestions involving the rules in R with the intention of correcting the cases in
M. In this work a refinement is said to be p/ausib/e if it "has a chance" of

correcting certain cases. A precise analysis of this notion is given in chapter 3.

A refinement system must have a verification procedure for testing the
efficacy of the refinements that are suggested by its refinement generator. It
may also require a se/ection criterion for determining when a refinement should

be tentatively incorporated in the knowledge base.

Finally, these subsystems must be integrated into a coherent overall procedure

by the refinement system’s contro/ strategy.

1.3.2. Refinement System Design: A Special Case

The research presented here focuses on refinement system design for expert
system frameworks that are intended to be used to solve classification problems.
In particular, we focus on frameworks whose rule representation languages have
the expressive power of propositional logic, conjoined with certain special "surface
forms,” and confidence factors. Such frameworks do not. for example, allow for

the dynamic binding of variables during run-time.

The term c/assification problem is a technical term in this work, and we
use it as a "shorthand"” for a whole set of assumptions concerning the nature of

the knowledge bases we expect our refinement systems to be dealing with. Many



of these aémmptionswill be clear from the context of the discusson, but some,
especially those that are important in undersanding how SEEK2 works, mus pe
made'ek'plicit at this point. Additional assumptions of a more technical naturé
are discussed bedow (see section 1.6).

1. The knowledge base is a collection of rules of inference that
include many that are inductive in nature i.e, the truth of the
premises of a rule does not logically entail the truth of the
concluson. This means that one counterexample to a rule of this

type does not invalidate it

2. The knowledge base has been obtained via interaction with a domain
expert. This supports the wisdom of taking a conservative refinement

rategy.

3. The problem domain and knowledge base are such that a complete,
fixed, and finite set of possible "endpoints" i.e, conclusions, can be
specified, and is in fact given to the automatic refinement system.

The expert's conclusion in any case mugt be one of these endpoints.

4. The knowledge base will be consdered to have performed correctly
in a case if its concluson matches the expert's for that case
otherwise it has performed incorrectly. What matters is the
knowledge base's answer, not how it reached it If the knowledge

base employs confidence factors, then its conclusion in a given case



will be taken to be the conclusion with the highest confidence factor.

1.4. An Overview of SEEK2

In. this section we present a brief overview of SEEK2. This automatic
refinement system - thé result of a collaborative effort involving myself,
S. Weiss, P. Politakis, with programming assistance from K. Kern - grew out of
an ongoing effort at Rutgers University on the topic of knowledge base
refinement. As the name implies, SEEK2 is the successor of a previous system,
viz.,, SEEK [Politakis and Weiss 84]. In order to appreciate the specific research
progress represented by SEEK2, we briefly compare it with its immediate

predecessor SEEK.

SEEK is a purely /nteractive system, and thus does not address the full
complement of issues involved in doing automatic refinement. SEEK presents the
user with a list of refinement suggestions with respect to an r-situation. If
requested by the user, SEEK will calculate the results of' incorporating any one of
these refinements in the knowledge base. But it is up to the user to decide 1)
which r-situations to investigate, 2) which suggested refinement experiments to
attempt, 3) which refinements to incorporate in the knowledge base. and 4) when
to stop the current refinement process. SEEK2, on the other hand, makes these

decisions on its own.

SEEK works only with knowledge bases that employ a specialized rule

representation format known as criteria tab/es. All of the refinement operations.



metaknowledge concepts and heurigtics used in SEEK are well-defined only in

relation to this mode of representation.

SEEK2, on the other hand, will work with any knowledge base written in
the EXPERT rule representation language [Weiss and Kulikowski 79], and thus -
snce any criteria table knowledge base can easlly be "trandated” into EXPERT,
but not conversdy - is a more general refinement sysem than SEEK. In
designing SEEK2 an effort was made to generalize the refinement concepts and
heurisics of SEEK in appropriate ways whenever possible.  However, certain
primitive refinement operations that were not included in SEEK are utilized in
SEEK?2, eg., shifts of boundaries on nurﬁerical ranges, and there are other
operations that, though of minimal utility in SEEK, are of more importance in
SEEK2 in virtue of the fact that new concepts and heurigtics for these operations

have been devised, eg., alteration of confidence factors.

Finally, SEEK2 makes uses of a partial radicality ordering (see chapter 3) in
its selection regime. The idea of udng a radicality ordering on refinement

operations.is entirely new to SEEK2.

1*4.1. Localization

Any knowledge base that meets our assumptions (p.17) must have a definite
hierarchical sructure that will help in devising localization principles (see figure
1-3). SEEK2*s localization principles are a combination of "divide and conquer”

together with a goal-directed backward chaining mechanism. As we said above,



we assume that the expert and knowledge engineer can identify a finite set of
final d/’agnost/c' conclusions or "endpoints;" these are the conclusions that the
expert uses to classify the given cases. One can then confine one's attention to
the refinement of rules that are involved in concluding a particular endpoint, e.g.,
if the domain is Rheumatology one may decide to work on refining those rules
involved in concluding the single final diagnosis Systemic Lupus. This is the
major divide and conquer part of the strategy; it means that at any given moment
the system is applying the refinement heuristics only to a proper subset of the
rules in the domain knowledge base, and only to a proper subset of the
mis&iagnosed cases, viz., those that are either a false positive or a false negative

for the endpoint in question.

The goal—-directed backward chaining mechanism comes into play once an
endpoint has been chosen. If our chosen endpoint is Systemic Lupus, for
example, we begin by applying the heuristics to all the rules in the knowledge
base that direct/y conclude Systemic Lupus, i.e.. rules whose right hand side is
this conclusion. We call these endpoint-ru/es. A rule that directly concludes
some endpoint will, in general, have components on its left hand side that
themselves are the conclusions of some other rules. such components are called
intermediate hypotheses, and the rules that conclude them are called
intermediate rules (see figure 1-3). The rules that conclude intermediate
hypotheses may themselves include components that are intermediate hypotheses.
Whenever the refinement heuristics suggest modifying an intermediate hypothesis

IH, such - as deleting it from some rule, the rules that conclude IH are thereby



Figure 1-3:  Structure of A Knowledge Base
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implicated as candidates for refinement.

1.4.2. Heuristic Refinement Generation

Iﬁ terms of their semantic properties, many refinements of production rules
may be thought of as falling in one of two possible classes: general/izations and
specializations [Politakis 82]. By a rule generalization we mean any modification
to a rule that makes it "easier” for the rule’s conclusion to be accepted in any
given case. A generalization refinement is usually accomplished by deleting or
.altering a component on the left hand side of the rule or by raising the
confidence factor associated with the rule’s conclusion. By a rule specialization we
mean modifications to a rule that make it "harder” for the rule’s conclusion to be
accepted in any given case. A rule specialization is usually accomplished by
adding or altering a component on the left hand side or by lowering the

confidence factor associated with the rule’s conclusion.

On the side of evidence for rule generalization. one of the concepts we have
emploved in SEEK2, a concept originating in SEEK, is a statistical property of a
rule computed by a function that we call Genfru/e). Gen(rule) is the number of
cases in which (a) this rule’s conclusion shou/d have been reached but wasn't.
(b) had this rule been satisfied the conclusion would have been reached. and
(c) of all the rules for which the preceding clauses hold in the case, this one is
the "closest to being satisfied.” A measure of how close a rule is to being
satisfied in a case, based on the number of additional findings required for the

rule to fire, is easily computed given the case data (for details of the algorithm



used by SEEK see [Politakis 82]; SEEK2's closeness measure is essentially the

same, see chapter 4).

On the side of evidence for rule specialization, one of the concepts we have
defined is a statistical property of a rule that is computed by a function we call
SpecAlrule). SpecA(rule) is the number of cases in which (a) this rule’s
conclusion shou/d not have been reached but was, and (b) if this rule had
failed to fire the correct conclusion would have been reached, ie., the‘ correct
conclusion was the "second choice" in the case (due to its having the second
highest confidence), and the only circumstance preventing its being the "first
choice” is the fact that this rule is satisfied. If there is more than one
satisfied rule that concludes the incorrect first choice then none of these rules
has its SpecA measure incremented; instead we have defined an additional concept
to cover this situation called SpecB/ru/e). each of these rules has its SpecB

measure incremented.

To get a feeling for the sort of heuristics employed by SEEK2 suppose that
for a certain rule r it has been found fhat Gen(r) > [SpecA(r) + SpecB(r)], in
other words the evidence suggests that it is more appropriate to generalize than
specialize . Another piece of information would help us decide which
component of r should be deleted or altered, viz., the most frequent!y missing
component, i.e., the component of r that has the lowest frequency of satisfaction
relative to the cases that contribute to Gen(r). The function that computes this

statistic is called Mfmcfrule). Mfmc(rule) also tells us the syntactic category of
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this most frequently missing component. For example, one sort of component

often used in medical diagnostic systems is called a choice component. These

have the form [k C, .., C], where k, the choice number is a positive integer
1 n

and the C's are components (findings or hypotheses, but not choices). A choice
i

component is satisfied iff at least k of its C's are satisfied. If we know that

the rule r should be generalized and that Mfmc(r) is a particular choice
component, then a natural thing to do is to decrease the choice number of that

choice component. Beng conservative we decrease the choice number by 1.

To summarize the discusson in this section we now display in full the
particular heurigic we have described.
If: Gen(rule) > [SpecA(rule) + SpecB(rule)] &

Mfmc(rule) is CHOCEGCOMFONENT C

Then: Decrease the choice-number of

GHOCEQOMFONENT C in rule.

Reason: This would generalize the rule so that it
will be easier to satisfy.
This heuristic and the concepts it references are examples of what we are

calling generic refinement metaknowledge.



1.4.3. Verification. Selection, and Control Strategy

SEEK?2 first obtains a performance evaluation of the initial knowledge base
on the data base of cases. This is done by "running” the initial knowledge base
on e#ch of the cases in the data base, and then comparing the knowledge base's
conclusion with the stored expert's conclusion. The performance evaluation
consists primarily of an overall score, e.g. 75% of cases diagnosed correctly. as
well as a breakdown by final diagnostic category of the number of cases in which
the system agrees with the expert in reaching a particular diagnosis, i.e., "true
p;ositives." an;i the number of cases in which the system reaches that diagnosis but

the expert does not. i.e., "false positives.”

The system must then decide on the ordering in which it will consider the
endpoints in order to generate refinements for them. (Sin;e SEEK2 always
considers every endpoint in a cycle, the ordering could be arbitrary.) In the
current impiementation, SEEK2 orders the endpoints in descending order according
to a simple measure on the number of "false negatives" and "false positives.”
information that is given by the performance evaluation phase. Then the system
generates and tests refinements for each endpoint in the ordering in turn; when

an endpoint is under consideration it is said to be the current "GDX" or "Given

- DX."

When SEEK2 tests a refinement it does so by running the proposed refined

version of the knowledge over every case in the data base of cases(see figure



Figure 1-4: Basic SEEK2 Cycle
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1-4). Out of all the experiments attempted SEEK2 "accepts" only one, the one
that gives the greatest net gain in knowledge base performance for a// final
diagnostic conclusions. An internal record of the accepted refinement is kept;
and then the next automatic pilot cycle begins. If the current automatic pilot
cycle is such that no attempted experiment leads to an actual net gain, SEEK2
stops. Figure 1-5 shows an example of the output SEEK2 produces in the course

of running a refinement experiment.

Figure 1-5: SEEK2 Refinement Experiment Example

TESTING EXPERIMENT:

In rule 3.7 (the seventh rule in rule-table 3) decrease the choice
number of choice component 1

Estimated net gain of this refinement: 16 cases

Choose 3 of the following 5:

147 (H(RAYES,0.9:1)
148 [F(SWOLH, T)
149 [F(SCLDY,T)
150 [F(DCO,0:69)
151 [H(MY0SS,0.9:1)
-> H(MCTD,0.4)
Before After

True Positives False Positives True Positives False Positives

MCTD 9/ 33 ( 27%) 0 © 17/ 33 ( 52%) 0
RA 42/ 42 (100%) 11 42/ 42 (100%) 10
SLE 12/ 18 ( 67%) 4 12/ 18 ( 67%) 3
PSS 22/ 23 ( 96%) 4 22/ 23 ( 96%) 2
PM 3/ 5 ( 60%) 1 3/ 5 (60% o1
Total 96/121 ( 79%) 105/121 ( 87%)

The automatic pilot algorithm just described is a quasi-hill-climbing
procedure: at each step SEEK2 is guided totally by the "local” information as to
which proposed refinement on the current knowledge base results in the Dbest

improvement, i.e., leads in the direction of "steepest ascent.”



14.4. Session Example and Performance

Figure 1-6 shows the "before and after” performance breskdowns for an
actual SEEK2 run. The endpoints are lisged in their mnemonic form, i.e, "RA"
is short for "Rheumatoid Arthritis', etc. SEEK2 currently has ten datistical
concepts and nine heurigics for generating refinements.  Working in  automatic
pilot mode on this Rheumatology knowledge_base of approximately 140 rules with
5 final diagnostic categories, and using a data base of 121 cases, SEEK2 was able
to increase the overall performance of the sysem from a value of 73% (88/121)
to a value of B% (120/121). It used approximatey 18 minutes of Vax-785 (;pu
time. The total number of experiments tried was 112, out of which 9 were

accepted.

15. Metalanguage and Methodology

There is no magic formula or algorithm for designing useful concepts and
heurigics for knowledge base refinement Discovery of such concepts and
heurigics involves a combination of common sense, insight, and trial-and-error.
SEEK2, for example, has undergone several substantial changes in concepts and

heurigtics, changes that were suggested by experimentation.

At is apparent, therefore, that progress in the fiedd of knowledge base
refinement Wo_uld be facilitated by a wstem that gives a researcher the ability to \
conduct such experiments with relativé ease. Such a system, called RM, - for
Refinement Metalanguage - has been desgned and implemented. A detailed

account of this sysem is given in chapter 6, however, snce RM concepts are



Figure 1-6: SEEK2 Sesson Example
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Tot al 120/ 121 ( 99%

Cases in which the knowledge base's conclusion matches the

given correct conclusion. Thus the figure 9133 in the second row in
the initial breakdown, for example, means that out of 33 cases having
as correct conclusion MCTD, the knowledge currently diagnoses 9 of
them correctly.

Cases in which the knowledge base's conclusion is not identical

to the given correct conclusion. Thus the figure 11 in the first row

of the initial breakdown, for example, means that the knowledge base
has incorrectly reached the conclusion RA in 11 cases.

used throughout this work, an appendix listing the main primitives of RM is

provided (see appendix A).

‘RM is basad upon a methodology and metalinguistic framework that was
actually used in the design phase of SEEK2, albeit "by hand.® As we shall see in
chapter 4, every refinement concept used in SEEK2, eg., Gen(rule), has a
graightforward definition in RM. RM makes such definitions possible because it

allows the user to focus entirely on the "essential" content of the concept he has



in mind: one only needs to be concerned with what one wants done, not with

how it is to be done.

The role envisioned for RM is illustrated in figure 1-7. We see that the
refinement metalanguage plays a role in the specification of both the methods of
heuristic analysis applied by a refinement system, and the overall control strategy.
The figure is also meant to convey the idea of RM being used not only as a tool
for experimental research, but also as a device for customizing refinement

systems.

The basic thrust of the methodology behind RM can be put in a nutshell
thusly: find a set of high-level primitives powerful enough to represent the space
of possible solutions to the given refinement system design pfob]em. The
necessary primitives fall into several categories: |

1. Primitive Refinement Operators: Given the formal specification of

the rule representation language, one must select and represent a set
of primitive generic rule modifications or operators, such that all
intuitively reasonable rule refinements can be expressed using them.
Thus the system should be of use not only in finding or fine-tuning
heuristics for refinements that are currently in use, but also offer the

possibility for designing heuristics that suggest heretofore unused

refinement operations.

2. Primitive Refinement Concepts: These are a set of concepts whose



Figure 1-7:  Role of Refinement Metalanguage
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interpretation is bassd upon our underganding of the entities.
knowledge, metaknowledge, etc. that comprise the domain of
_- khowledge base refinement For example, corresponding to the fact
that knowledge base refinement involves modifying rules in a
knowledge base, in RM we providé a high-level primitive variable
rule, which ranges over the set of éll rules in the given knowledge
base. One mug also pogulate primitive refinément functions which
enable a usy to access or describe any important component or
"behavioral feature' of the pertinent objects. For example, in RM,
the function rule-conclusion(rule) returns the conclusion of rule, the
function satisfied!rulecase) returns true if and only if rule is
satisfied in case, else it returns false (case, of coﬁrse, is a primitive
variable over the data base of cases). These primitive refinement
concepts form the building blocks out of which sophisticated generic

refinement concepts, eg., Gen(rule), are constructed in RM.

3. Primitive Metalanguage Operators. In order to allow for the
construption of sophisticated refinement concepts out of primitives,
and for the definition of heurigtics, one mug also specify primitive
operators belonging to the metalanguage per se. Most of the RM
primitives belonging to this category are familiar from smple set

theory, logic, and arithmetic.

4. Primitive Constructive Actions. Certain primitive actions must be



provided by a metalinguisic framework for knowledge base
refinement. Among these are actions such as the following: creating
~a_ definition of a st of objects creating a new variable of an
~dready defined type (eg. let r be a variable of type rule), creating.
a new function or heuristic, creating a refined verson of a
knowledge base, etc. In other words, the sysem mug allow the user
to create entirely new aobjects by defining them out of primitives and
previoudy defined objects, as wel as to create new ingtances of

previoudy defined objects.

5. Primitive Manipulative Actions. Certain primitive ways of usng or
manipulating both primitive and defined objects must be provided.
Among these we have, for example evaluating definitions and
heurigtics, trying a refinement experiment, accessng a v'ersion of the
knowledge base. It mug also be possible to combine primitive
actions into procedures, so that complete automatic refinement

systems can be designed and tested.

1.6. Some Assumptions

~ An expert systén framework is more than a rule representation language, it
is also a way of using linguistic representations to reach conclusions. Therefore
we need, as it were, a canonical form for the "inferencing mechanism” of such a
system. We try to avoid biasing our account in favor of any current.approach to

inductive inference; the theory of refinement ought not to exhibit a preference



for one approach over another.

We : assume the existence of two data structures evidence space, and
hypothesis space, such that the following assumptions are satisfied:
1. The evidence pertaining to a case is presented in its entirety once
and for all, at the start of the "consultation,” and recorded in
evidence space. The expert system must be run in a non-interactive
mode, e.g., no questioning of the user occurs, no changes in the

evidence occurs. (This is an implementation constraint.)

The evidence includes the following sorts of items: 1) the truth-
values of propositions - not necessarily limited to a two-valued logic:
2) numerical values, or ranges associated with quantitative properties.
Possibly, confidence values or ranges associated with hypotheses in
the knowledge base may be presented initially as well. These may
represent pripr probabilities or simply volunteered information
pertaining to the specific case, and are deposited in hypothesis
space. In addition, it is possible that items in categories (1) and (2)
are also presented with associated confidence values or ranges
indicative of the user’s degree of belief in the evidence, and these
values are deposited in evidence space along with the associated

findings.

2. Initially, the expert system makes all inferences that it can on the



basis of the contents of evidence space alone, i.e., every rule is
evaluated using the evaluation conventions of the particular expert
system framework, and if satisfied the resulting inference (including
confidence, and rule identification) is recorded in Aypothesis space,

which is a separate space from evidence space.

. At this point control is passed to a g/oba/ inference agent whose
job it is to review and revise the current state of hypothesis space
according to the rules of confidence combination, etc. that are used

by the particular expert system framework.

. Control is now passed back to each rule in turn ("local inference
agents"), which are now re-evaluated with reference to the current
state of hypothesis space, as well as evidence space. Only rules that
go from being previously unsatisfied to currently satisfied are of
interest. Any suc;h rules will deposit their conclusions in hypothesis

space as before.

. Steps (3) aﬁd (4) are repeated until hypothesis space reaches a stable
configuration, i.e,, does not change from one pass through the loop
to the next. Clearly, it is possible to construct "pathological" rule
sets that will prevent hypothesis space from ever reaching a stable
condition in this sense. We take the position that the detection

and/or prevention of such situations falls, however, within the



province of expert system framework design, and is not a proper

concern for the theory of refinement.

1.7. Synopsis

Chapter 2 is a brief summary of other work in knowledge base refinement

and related fields.

Chapter 3 introduces the necessary formal elements for giving a precise
characterization of the goals and methods of knowledge base refinement. This
involves a treatment of the formal syntax of refinement operations, and a
discussion of some semantic properties of refinement operations. In particular a
precise definition of the relevant sense of the notion p/ausib/e refinement is
given. This chapter also addresses the problem of radicality measures on

refinement operations.

In this work we will delve into the foundations of the heuristic approach to
knowledge base refinement, and we will show that a reasonable general
architecture for ref inemexit generation based upon the use of heuristic analysis can
be devised. This general architecture is not merely descriptive of the current
system, but also has implicatiqns for the directions of future research. This
discussion is given in Chapter 4. This chapter aiso contains a detailed description

and analysis of the refinement concepts and heuristics used in SEEK2.

Alternative control strategies and various verification and selection regimes



for refinement systems are discussed and in chapter 5. This chapter also shows
how knowledge base refinement may be viewed as a search problem over a space

of knowledge bases.

SEEK2 is a milestone within a more ambitious ongoing research program.
Two of the goals of this program are to formulate ever more powerful heuristics
and stfategic principles for dealing with refinement problems - potentially
involving richer rule representation languages - and also to eventually extend the
heuristic approach to the problem of knowledge acquisition. In this work we will
exhibit a methodology and an associated metalinguistic framework for facilitating
progress in this endeavor. Specifically, in chapter 6 we present a metalanguage
for the design and testing of concepts. heuristics, and strategic principles for

automatic knowledge base refinement.

Chapter 7 concludes the work with a summary of research significance and
possible future directions for research. Certain experiments that provide evidence
for the feasibility and validity of the heuristic approach to knowledge base

refinement are introduced and discussed in this chapter.



CHAPTER 2

RELATED RESEARCH IN Al

This chapter is a brief survey of research of relevance to the problem
addressed in this thesis. Depending on how narrow or broad one’s scope is, the
amount of research of relevance is either very small or very large: if one asks
about aﬁtomatic knowledge base refinement, as we have defined it here, there
is very little research that has taken this as its primary focus; if, however, one
relaxes the assumptions made above in certain ways, or looks at the problem from
a broader point of view, then one can see automatic knowledge base refinement
as being a special case of automatic knowledge acquisition, and as being related to
such Al fields as "learning” and "discovery." Therefore, in each of the subsections
below I first show how automatic knowledge base refinement is conceptual/ly
related to one of these other fields; I then refer to those parts of the existing

literature in that field that are of greatest relevance to the proposed research.

First it must be noted a good deal of the research presented here is a direct
descendant of the SEEK project of Politakis and Weiss. A discussion of SEEK
and its relationship to SEEK2 may be found in [Ginsberg, Weiss, and Politakis

85], and in chapter 4.



2.1. Expert Systems, Knowledge Base Refinement and Pattern Recognition

In order to avoid misunderstandings concerning our view of knowledge base
refinement and the techniques we advocate for doing it, it is worthwhile to
briefly draw some important distinctions between what we are doing and
approaches to modeling decison-making and problem-solving based on pattern

recognition techniques [Duda and Hart 73].

The crucial difference between knowledge base refinement and pattern
recognition techniqués lies in the comparative role and value they each accord to
the various components of the expert's knowledge. The goal of knowledge base
refinement is not merdy to revise a set of rules so t.hat performance will be
optimized, it is to do so in a manner that is likely to meet with the
approval of the expert whose kn.owledge we are trying to capture in
constructing an expert system in the first place. While the expert's case
knowledge can be said to drive our techniques, without the initial knowledge
base acquired from the expert there is smply nowhere to go. Moreover, the:
congtraints of conservatism, both the general condgraints that we as knowledge
engineers fed justified in imposng and the domain-specific constraints the expert
may be able to provide, limit the impact that the particular case knowledge we
have available to us can have on knowledge'base during a refinement session, i.e,
in a real sense the initial knowledge base_ itself is a major determining factor of
the direction in which refinement will proceed. The more substantial and reliable

the constraints, the less likely it becomes that biased case knowledge can lead us



astray. Finally, when a refinement system presents an expert with certain
refinement suggestions, not only is the expert the final judge of their validity,
this sort of judgment is one that presumably falls within the expert’s competence

to make.

Pattern recognition, on the other hand, is not limited by such concerns. It
is a much more general set of mathematical techniques that seeks to do whatever
can in principle be done, given whatever knowledge is available. For
example, while certain pattern recognition techniques rely on what we call case
knowl/edge - which means knowing the important features of cases in general,
and having a data base of correctly classified cases — some of them can be used
even when no cases with known classification are available, e.g.  clustering.
Moreover, while additional knowledge beyond case knowledge is welcome and
useful, e.g., knowledge of prior or conditional probabilities, pattern recognition
can get along without it, and as a practical point, the gathering and validation of
such knowledge is not an important part of the methodology of the field. And
it is not clear that the ability to make judgments concerning prior probabilities of
hypotheses in a domain is necessarily a part of expertise in a domain, e.g.,, while
it is natural to ‘expect an expert in Rheumatology to be able to judge whether a
certain finding is consistent with or indicative of Arthritis, it is much less clear
that it falls within his expertise to judge the prior probability of Arthritis within
the patient or general population. Given that neither the expert nor the data
usually available can give us reliable estimates of prior and conditional

probabilities, pattern recognition often makes use of techniques that are entirely



driven by case knowledge, with the intent of constructing an optimal classfier
over the same sat of cases. This is one reason why, for such techniques, it is
important that the optimized classfier be teted on a new set of cases or
subjeéted to another- form of verification that would tend to limit the influence

of bias in the set of training cases.

There is a difference in the nature of the optimization processes used in
pattern recognition and the optimization process in knowledge base refinement
In a typical pattern recognition scenario the op'-[imization of the classfier (or sat
of classfiers) tends to be a global affair in the following sense. At every point
in the process any and every coefficient is sﬁbject to "refinement”; furthermore,
the concept of a radicality measure on refinements has little or no point in
mathematical optimization procedures, since adjustment of coefficients is usually

the major type of refinement contemplated.

- In knowledge. base refinement, on the other hand, even ignoring for the
moment the assumption that the k_nowledge base truly represents useful expert
knowledge, the very fact that the items in the knowledge base are complex
objects, eg. rules, the components of which can be altered in a wide variety -of
ways, makes the notion of a radicality ordering on refinements an interesting and
rich idea. But when we add on thé assumption that the given knowledge base
represents useful domain knowledge, it is quite clear that the desire to construct
an optimized verson under the "condraints of conservatism,” is not only a

worthwhile thing to do, but is essential to the success of the enterprise.  While



there are many more refinements than adjusting weights possble in refining
knowledge bases, there are also more dangers and liabilities, and hence less

WiIIinQneés to tamper with what is given.

Knowledge base refinement is a "local" optimization problem in the sense
that it is assumed that "large' portions of the knowledge base will be left
unchanged by the process.  While it is true that we want to improve the
performance of the knowledge base as a whole, this does not mean that "anything
goes”  Although we cannot know in advance which portions of the knowledge
base will escape refinement, unless of course we have domain-specific directives
from the expert on this score, we do insst that a "kndNIedge bass' whose final
form is not expected to bear an overwhelming resemblance to the current form,
is not one that is.ready for refinement. To put the difference in the nature of
the optimization processes into a nutshel: in classcal pattern  recognition
techniques the emphasis is on fhe actual construction of an optimal classfier,
while in knowledge'base refinement the emphass is on correcting a small number

of flaws in a complex gructure that is assumed to be largely correct

2.2. Relation to Automatic Knowledge Acquisition

In contrast to knowledge base refinement, which deals with modifications to
components of existing rules, knowledge base acquisition deals with actions
intended to bring entirely new rules into the I_<now|edge bae. Knowledge base
refinement "merges' into knowledge acquisition if we remove the assumption that

refinement does not increase or decrease the number of rules in the knowledge



Even within knowledge acquisition, however, one should draw a distinction
betweén what we may call "raw' knowledge acquisition and "contextual" knowledge
acquisition, i.e, between the process of acquiring new rules, presumably with the
help of an expert, when initially nothing about the domain is known, and the
process of acquiring new rules when one has aready acquired a good number of
rules or other forms of knowledge concerning the domain, that is, when one is
acquiring new knowledge within the context of-a non-trivial amount of current
knowledge. Knowledge base refinement is thus very closely related to contextual
knowledge acquisition, since the former is concerned with refinements to existing
knowledge in the context of an exising knowledge base. If we reax our
assumption that knowledge base refinement does not alter the number of rules, we
arrive at contextual knowledge acquisition, not raw knowledge acquisition. It
seems likely that the framework and techniques we find useful- in knowledge base
refinement  will have extensons that are wuseful for contextual knowledge

acquisition.

Reevant work in the field of contextual knowledge acquisition includes
Davis approach to interactive contextual knowledge acquisition [Davis 79], and
the automated approach of Drasal and Kulikowski to contextual knowledge
acquisition, usng structural and causa knowledge'in conjunction with case
knowledge, and raw knowledge acquisition, using only case knowledge [Dragtal and

Kulikowski 82]



2.3. Relation to Learning

If we agree that a system that improves its performance with respect to its
task domaih can be said to have leérned something, then there is an obvious
connection between learning and automatic knowledge base refinement, viz., if S
is the automatic refinement system and K is the object-level expert system, then

the combined system S+K is one that learns.

There is a deeper sense, however, in which the S+K system is a learning
system. While improved performance over time is a sign that a system is
capable of learning, it is, in my opinion, not a logically sufficient condition for
predicating that accolade of a system. Learning, in the deep sense, is the ability
of a system to successfully cénstruct or modify representations of some aspect of
reality in order to achieve some purpose. Production rule expert systems, whether
we regard them as "direct” representations of aspects of the object domain, or as
representations of some aspects of an expert's representations of the object
domain, are clearly representations of some aspect of reality. An automatic
refinement system can be viewed as endowing an expert system with the capacity
to modify such representations in the light of empirical evidence in order to
achieve a better match with the reality they purport to represent. A consequent
improvement in performance may be viewed as evidence that the refinement

responsible for it in fact does make the knowledge base a better match to reality.

Another connection with the area of learning is apparent if we relax



assumption 4 (see page 17 above) which concerns the criterion of correctness for
knowledge base performance. Suppose that we adopt a criterion of correctness
which involves the idea that the way in which the expert system reaches its
conclusion must meet a given standard, e.g., it must take the most efficient path,
or its reasoning must match an expert’'s. We may further assume that the contro/
regime of the object knowledge base is accessible to and modifiable by to the
automatic refinement system, ie., the latter has an understanding of how the
object expert system uses its knowledge base to reach conclusions. In attempting
to maximize performance under these assumptions, a refinement system would be
concerned not only with adjustments to the object knowledge base but also with
adjustments to the object level control structure’ . Much of the work in learning
has been concerned with exactly this question, viz. How can a problem solving

Ld

system learn to improve its problem solving abilities?

A final connection to research in learning is the idea of applying a
knowledge base refinement system to /tse/f in order to refine its own rules and
associated knowledge for doing knowledge base refinement [Lenat 83]. Taking
the liberty of regarding ourselves as the experts from whom the knowledge has
been extracted, we may regard the concepts and heuristics we use in our
refinement system as itself an initial "knowledge engineering" knowledge base for

the domain of knowledge base refinement. The problem now is to refine this

*Of course it is possible that the object level control structure is itself partially
embodied in its own production rule knowledge base.



knowledge base into a better one. The required data base of cases for
application would be a collection of cases of the following schematic form:
Case Findings:
1) a knowledge base kb, and associated cases
2) the item x in kb that is being considered for refinement
3) the information available to the refinement system

concerning the behavior of x over the data base of cases

Conclusion of the knowledge engineering knowledge base:

The refinement operation recommended for x by the

refinement system

Expert Conclusion
The action prescribed for this rule by the
knowledge engineer/expert in this case.
Alternatively, the system could use the
results of its own testing as a feedback
mechanism, i.e., did the refinement lead

to a net gain in this case?

this

There are two problems with this idea. First, it is extremely doubtful that

there is anyone who is really qualified to play the role of the expert in compiling

this case knowledge; therefore we would be forced to rely on the purely empirical



feedback as mentioned above. Secondly, if the refinement system’s heuristics and
associated knowledge are poor to begin with, then it seems rather unlikely that
they would suggest good experiments for modifying themselves. Assuming that
the knowledge engineering knowledge base is pretty good to begin with - this is
after all something we assume about the ordinary knowledge bases to be refined -
it is conceivable that this approach could yield some worthwhile results of a
limited nature but the value of these ends may not justify the cost of the means.

This is a possible avenue of future research.

Relevant work in learning includes Mitchell’s work on concept and rule
learning [Mitchell 82, Mitchell 83], and recent work by Fu and Buchanan on the
learning of metarules for guiding the invocation of object level rules [Fu and

Buchanan] 84].

2.3.1. A Knowledge Intensive Learning Apprentice Approach to Knowledge

Base Refinement

In a recent paper Reid Smith etal [Smith 85], discuss an approach to
knowledge base refinement for "learning apprentice” systems. In contrast to an
expert system, ;such a sygtem is not expected to (initially at least) perform at
expert levels of competence, but is supposed to function as an "apprentice” 10 an
expert. Such a system "interactive and gradually refines its knowledge through

experience gained during normal problem solving [Smith 85]."

While there are certain similarities between the approach discussed in [Smith



85] and the approach taken by SEEK2, there are also major differences. For
example, a key element in our approach is to generate refinements by looking for
pattern$ over potentially large sets of cases in a case data base; a key element of
a learning-apprentice approach is to generate refinements "on the fly" one case at
a time, as a problem arises. This fundamental difference makes it seem as

though the two approaches are really addressing two different problems.

Forgetting about this fundamental difference, however, there are features in
the approach to refinement generation described in [Smith 85] that we can
focus on as a basis of comparison. The learning—apmenticé approach relies upon
the "justification structure” of a knowledge base rule r in order to generate
refinements for r. A justification structure "explicitly records the assumptions
and approximations involved in the derivation of a shallow rule [Smith éS]
where a "shallow" rule is simply a rule in the expert system knowledge base.
Since such a structure encodes knowledge over and above the knowledge in the

expert system rules, we may call this approach a know/edge intensive approach.

The basic idea is that if we want to refine r in case ¢, we look at r’s
justification structure to determine the "assumptions and approximations” that are
false or unjustified in the circumstances of ¢. At that point one looks at ways
of altering these implicated elements of the justification structure so that c will
be diagnosed correctly. This may be a matter of altering a default assumption
concerning a parameter value - in this case the rule r is itself left unchanged -

or it may be a change in a component in a "justifier belief” that will "propagate”



through the judtification sructure and entail a change in a component of r.

In-terms of the nature of the refinement generation analyss carried out by
the khowledge intensive approach, it seems that the goal is to find refinements
that actually correct the currently misdiagnosed ¢. In terms of the dimensions
of refinement generator classification (see chapter 3) we say that the goal is to
generate exact refinements with respect to the currently’ misdiagnosed case. The
focus of SEEK2, on the other hand, is to generate refinements that "have_a
chance' of correcting a certain subst of the current st of misdiagnosed cases,

we call such refinements plausible refinements (see chapter 3).

As is discussed in chapter 3 the informal notion of plausibility of a
refinement to some piece of knowledge involves a number of aspects, one of
which is the idea of the expected empirical utility of the refinement, i.e, how
great an improvement in -the empirical adequacy of the knowledge base do we
expect to see by making a certain refinement? Another aspect of the informal
notion is raised by the quesion of the theoretical acceptability of the
- refinement, i.e, does a refinement "make sensg’ in terms of the underlying
.domain theory? In SEEK2 we attempt to increase the likelihood of generating
plausble refinements, in this sense, by adopting a conservative strategy. Also, at
various places throughout the work we indicate ways in which certain varieties of

domain-specific metaknowledge would contribute towards this aim.

It is dear that the approach taken in [Smith 85] focuses on the generation



of refinements_that are plausble in the sense that they have theoretical
acceptability.  Since the SEEK2 approach deals mainly with one aspect of the
informél .r.motion of plaushbility, and the knowledge-intensive approach deals mainly
with another aspect of this notion, there is no incompatibility in their
fundamental models of refinement Since the ideal goal of a refinement system
is to produce refinements that meet all the criteria associated with the informal
notion of plaushility, we would expect an "ided" refinement sysem to

incorporate aspects of both approaches.

2.4. Relation to Discovery

To my mind, discovery is what happens when someone learns sﬁmething that
~is. up until that time, unknown (relative to an appropriate reference class of
intelligent agenté). Therefore, having established a connection between automatic
refinement and learning, we have ipso facto established a connection with
discovery.  While discovery of object level knowledge is not the primary goal of

an automatic refinement system, it seems likely that the more sophigticated the

»

refinement sysem is, the more likely it is to discover connections among object
level features that have hitherto escaped the attention of experts, and hence the

more likely it is that the syssem will make discoveries.

Relevant work done under the rubric of discovery includes Lenat's approach
to discovery and modification of heuristics [Lenat 83], and the work of Langley,
Bradshaw, and Simon concerning "discovery" of laws sating empirical regularities

in natural science domains [Langley 83].



CHAPTER 3

FORMAL ELEMENTS OF KNOWLEDGE BASE
REFINEMENT

In this chapter we will be concerned with formal issues that mus be
addressed in the desgn and congtruction of both automatic refinement systems,
and the design and construction of meta-level sysems for the specification of the

former.

The key questions may be posed as follows. What sort of thing is a
refinement?. How are they gspecified?, and What sorts of properties do they have?
We will see that, given a grammar for a rule representation language, refinements
may be viewed as transformational operators on the parsetrees accepted by the
grammar. This analysis will also lead to a canonical form for specifying generic
refinement operators.  We then discuss some of the important wel known
semanticlproperties of such operators, eg., the notion of generalization and
gpecialization.  After this, semantic properties that are crucial from the point of
view of knowledge base refinement are discussed and, as far as possible, defined,

i.e, the ideas of plausibility and radicality.



3.1. Formal Account of Refinement Operators

We can think of the rules in a knowledge base as formal objects whose
wntactic.st;ucture is totally defined by their parsetrees in a grammar for the
rule representation language we are employing. We may then think of
refinements as operators that map complete parse-trees into complete

parse-trees, similar to Chomsky's transformational operators [Chomsky 57].

3.1.1. The Rule Representation Language

To carry out this program we need to decide on a rule representation
language. In order to keep the discusson at the mogt theoretically useful leve of
generality, our policy is to work with a canonical rule representation language,
rather than any particular expert sysem rule Ianguage' The grammar for this

language is given in appendix C.

There are two points to be made concerning our canonical language. First
of all, it has the expressve power of first-order logic. The second point is that
it contains what we call specialized surface forms. These are forms that,
logically speaking, do not increase the expressive power of the language, but that
represent convenient short-hand notations for certain useful congructs. Experience
has shown that specialized surface forms may not only be more readable than
ther corresponding "degp" forms, but also sometimes have naturally
corresponding, useful, and well-understood refinement operations assodated
with them. In such cases we prefer to incorporate the specialized form in our

rule representation, rather than insst on a trandation that would necessitate



complicating the definition of the corresponding refinement operations.

To illustrate these remarks let us consider choice-components, a type of rule
compdnent used in EXPERT. A choice-component has the following syntax:
(<Choice-number>: <choice-list>], where the choice-number is a positive
integer, and choice-/ist is list of finding/hypothesis components. A choice-
component is satisfied just in case at least <choice-number> of the components
in its choice-list are satisfied. @ As we will shall see, there are a number of
natural generic refinement operations associatedv with such components, e.g., one

can raise or lower the choice-number.

Another useful surface form allowed by our canonical language is the notion
of a range. Ranges are of | two sorts: 1) numerical ranges associated with findings
that correspond to a quantity, and 2) confidence ranges for hypotheses. Thus, for
example, the form (Temp [0:50]) can be used to represent the proposition "the
temperature is between 0 and 50." The form (Battery-is-Dead [.5:1]) can be
used to represent the proposition "the hypothesis that the battery is dead is
supported to a degree between .5 and 1." Again there are natural generic

refinement operators associated with such components, e.g., raise or lower the

value of one of the range boundaries.



3.1.2. Generic Refinement Operators

Figure 3-0 shows how the refinement operation of altering a choice-number

can be viewed as a transformational rule on parse-trees.

An important distinction between refinement operators has to do with the
way in which the parse-tree transformation defining the refinement is specified.
If the transformation is specified without reference to any nodes in the parse tree
containing termina/ symbol/s, then the operator is generic, otherwise it is
non-generic. (Note that symbols for logical operators and punctuation that are
special symbols required by the language, e.g., '&’, ", '[’, etc., are not terminal

symbols in the sense we have in mind here.)

To clarify this definition we define a comp/ete rule-context as a sequence
of non-terminal, and possibly terminals symbols, i.e., symbols actually belonging to
the canonical language, such that there is a parse-iree (possibly incomplete) with
these symbols as its tip or leaf nodes. See figure 3-1 for an example of a
complete rule-context and its corresponding parse-tree. Now a ru/e-context in
general, is either a complete rule-context, or a sequence of symbols that can be
obtained from a complete rule-context by removal of symbols corresponding to
certain tip nodes in the parse-tree for the complete rule-context. See figure 3-1

for an example.

Thus instead of viewing refinement operators as transformations on parse-



Figure 3-1: Refinements As Transformational Operators
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Figure 3-2: Rule-Contexts

/‘Rmes\
/CPremiIses> -’\«:mdusiom <Confidence-Factor>

<Component> <Connective> <Premisi

& <Component><Connective><Premises>

<C hoi A A

e

[ <Choice-number>": <Choice-list> 1

Corresponding Complete-Rule-Context

[<Choice-number>: <Choice-list>] & <Component> -> <Conclusion><Confidence-factor>

A_Rule-Context Derived From The Above

... [<Choice-number>: <Choice-list>) ... -> <Conclusion><Confidence-factor>



trees we may view them as transformations on rule-contexts. To specify such a
transformation it is usually sufficient to exhibit the initial and resulting rule
contexts,  together with a set of conditions that define the way in which the
elemeﬁts in the two contexts are related as a result of the transformation (see
appendix B). Now we say that a refinement is generic if the /nitial and
resulting rule-contexts contain no terminal symbols of the canonical language,

otherwise it is non-generic.

In general we work only with generic refinement operators since their
conditions of applicability in no depend upon the literal content of a specific
knowledge base. However some non-generic refinements involve symbols of such
wide use that they could, for all intents and purposes, be viewed as being generic.
For example, consider the refinement operation:

ve.(= <term> <term>)... — ...(> <term> <term>)...

This transformation is specified using the terminal symbols "=" and ">," but

it is clearly one that has potential applicability to many knowledge bases.

3.1.3. Primitive vs Complex Refinement Operations

In order to complete our formalization of the notion of refinement it is
necessary to actually designate a set of primitive refinement operators for our
language, such that for every possible rule the set of all possible refinements to

that rule can be generated by the sequential application of primitive refinement



operators. [ have specified such a set of primitive operations only for a subset
of the canonical language (see appendix B), since, at this time, our research deals

only with a subset of this language.

The primitive refinement operations we will be using have some nice
properties that we will discuss later. For now I want to point out that these
operations appear to have a truly "primitive” or "atomic" nature, in the sense that
they all involve making a single modification to a single rule component. More
complex changes to a rule would involve either application of a composition of
two or more operators in tandem, or, equivalently, the sequential application of
two or more operators. A particular refinement operation y will be said to be
an nth-order refinement operation, for some n21, where n is the number of
primitive operators used in y. A first-order refinement system, such as SEEK2,
will suggest and attempt refinements operations all of which involve the

application of a single primitive operator.

3.1.4. Operators vs Operations

For the purposes of the discussion below it is important to draw a
distinction between refinement operators and refinement operations. An operator
is a general abstract mathematical object which may or may not have parameters.
A parameter is a variable that must be given a value before the operator can
actually be applied to an object. An operation is an instance of the application
of an operator. For example the operator that raises the value of a numerical

boundary is parameterized by a real variable which is intended to be assigned the



value of the increment to the original value, or simply the new value.
Application of this operator to a particular rule component with a specific

increment is an example of an operation.

All the semantic properties we shall discuss are, in the first instance,
properties of refinement operations. However, when a refinement operator is
such that every one of its instances possesses a certain property, then we say that
the operator also possesses the property. In section 3.2 we deal with properties
that do apply to operators in this sense; in section 3.3 we deal with properties

that can only be predicated of operations.

3.2. Semantic Properties of Refinement Operators

An important semantic trichotomy exists among refinement operations: any
refinement operation must be either a general/ization, specialization, or neither

of the two.

Intuitively, a generalization refinement to a rule is one that makes it "easier”
for that rule’s premises to be satisfied in any given case, or one that makes the
rule reach a "stronger" conclusion on the basis of exactly the same premises. In
precise terms, for our purposes a generalization refinement operator is one whose
application always results in a rule being transformed into one of its
generalizations, where in order for a rule r’ to be a generalization of another r
it must at least be the case that i) it is logically impossible for the premises of r

to be satisfied without the premises of r’ being satisfied, and ii) the conf idence



factor for r' is equal to or greater than the confidence factor of r.

Tlhis.'definition implies that if two rules are completely identical except for
their confidence factors then the one with the greater confidence factor is a
generalization of the other. This accords with the idea that a refinement that
keeps a rul€s premises congtant but allows it to reach a dronger concluson in
the logical sense is to be conddered a generalization.  This implication is
warranted, of course, only if having a higher confidence factor is indeed
consstently interpreted as meaning that the conclusion is more strongly warranted;

but that is one of our assumptions.

Intuitively, a specialization refinement to a rule is one that makes it
"harde" for that rules premises to be satisfied in any given case, or one that
makes the rule reach a "weske" condusion on the bass of exactly the same
premises. In precise terms, for our purposes a specialization refinement operator
is one that always transforms a rule into one of its specializations, where in
order for a rule r' to be a gpecialization of another r it must at least be the
case that i) it is logically impossible for r' to be satisfied without r being

satisfied, and ii) the confidence factor for r' is egual to or less than the

confidence factor of r.

It is easy to give examples of refinement operations that are neither
generalizations nor specializations. For example, suppose a rule has a component

of the following form:



...(Predicate...<constant >...)... —*...(Predicate...<constant >...)...
1 2

An ingtance of this "constant switching® operation would be changing (F a)
to (F b). There are no interesting logical relationships between these two forms
per se, so the operator is neither a generalization nor a specialization operator.
Yd one can imagine indances that can be specified in domain-independent
fashion, in which such a refinement would be reasonable. For example we may
mistakenly gart out believing that as possesson of the property F is important in
inferring some hypothess that has observable consequences O. By examination of
caes we find, however, that there are many cases in which a is observed to have
F but O is not observed. On the other hand, in every case that O is observed, b
is also observed to have F. In the stuation described we have case evidence that
(F @ should be changed to (F b), and it would not be unreasonable for a
refinement sysem to offer this refinement suggestion if it led to an increase in
empirical adequacy. Moreover, in light of the description | have just given, it is
plausible to assert that a general heurigtic concerning the conditions under which

this refinement should be attempted can be formally specified.

Our work to date has focused on primitive refinements that are ether
generalizations and specializations, and complex refinements that can be formed by
composition of these primitives. Focusng on these two fundamental modes of

refinement has been fruitful, because we have an intuitive general understanding



of what sorts of "faults' in rule or component behavior call for the application
of a generalization or specialization refinement, see chapters 6, and 4. However,
as the: sééond example above indicates, there is good reason to hope that detailed
investigations into the semantics of certain operations in the third category may

yield useful results.

3.3. Semantic Properties of Refinement Operations

Informally speaking, an important semantic property of any contemplated
refinement operation is whether or not it is a "good" refinement with respect to
a given knowledge base and data base of cases  Obvioudy one can define a
"good" refinement as one that corrects some eror in the knowledge base, or that
corrects currently misdiagnosed” cases;, but this is a usdess definition from an
operational point of view. For a semantic property of refinement operators to be/
ussful in the actual generation of refinements, it mus be one that a) can be
evaluated by the refinement sysem itsdf, and b) does not involve smply testing

the refinement for its effect on the known cases.

In this section we will formulate a precise, operationally significant sense in

which a refinement may be said to have a certain degree of plausibility.



3.3.1. Aspects of the Informal Notion of Plausibility

There are several aspects to the "common sense” notion of plausibility.
First, there is the degree to which the refinement is theoretical/ly acceptable g
given our (i.e., the experts’) current understanding of the domain. This involves
the issue of the meaning or semantic content of the rules in the knowledge base
insofar as they are representations of laws or facts in the object domain. To
determine whether, and to what degree, a contemplated refinement is plausible, in
this sense, generally requires a much richer representation of domain laws,
processes, etc. than is contained in a knowledge base. For this reason we do

not deal with this sense of plausibility in this work’.

Secondly, there is the degree to which the refinement is likely to improve
the empirical adequacy of the knowledge base. In ordinary and scientific usage.
the fact that a refinement to a theor); corrects or is beliéved to have a chance of
correcting some currently incorrect predictions of the theory, is /n jtse/f taken as
evidence of the plausibility of the refinement. Indeed, it can happen that a
"refinement” that can explain or predict empirically verifiable fsults which would
otherwise remain unexplained, will tend to be adopted no matter how a priori
implausible it seems on the basis of current theory, e.g., Einstein’s special theory
of relativity. It is this aspect of plausibility, what we may call the expected

empirical utility of a refinement, that we are most concerned with in this work,

“The approach to refinement discussed in [Smith 85] would seem to provide a
way of capturing this aspect of plausibility.



and that we will be defining below.

Thefe is, however, a third aspect to the common sense idea of plausiﬁility
‘that must concern us. This is the degree to which a refinement represents a
departure from what is currently believed to be an acceptable theory, or law.
This is what we have termed the radica/ity of a refinement. We have already
seen that the operational goal of knowledge base refinement (for expert system
knowledge bases) is to improve the empirical adequacy of a knowledge base under
the constraints of conservatism, see chapter 1. One of the constraints of
conservatism is to prefer less radical refinements to more radical refinements,
other things being equal. = How general intuitions as well as domain-specific

metaknowledge concerning radicality can be captured will be discussed below.

3.3.2. Expected Empirical Utility of A Refinement Operation

The plausibility of a refinement is directly proportional to its expected
empirical utility, where the latter is the number of currently misdiagnosed cases
that the refinement has a chance of correcting. In order to formulate an
operational notion of plausibility, we must therefore understand exactly what is

meant by the idea of a refinement’s "having a chance"” of correcting a case.



3.3.2.1. On-Target Refinement Operations: Intuitive Picture

Given any knowledge base kb, a case m currently misdiagnosed by kb, and
any refinement y to one or more rules in kb, the incorporation of 4 in kb will
either cause kb to correct its diagnosis for m or not. Talk of v's having a
chance of correcting m is meaningful, therefore, only when one brings another
term into the relation, viz., what is known (by the relevant agent or system)
concerning the state of affairs involving the misdiagnosis. In other words, the
question 'Does vy have a chance of correcting m? is meaningful only when posed
in relation to a b§dy of knowledge (or beliefs) concerning the relevant r-
situation, and since different agents or systems may possess distinct knowledge
concerning the same r-situation, the answer to the question may vary from

system to system.

Let C be the data base of cases. We may think of <kb,C> as a "combined
system" that can be in any one of a number of completely specified states called
microstates. A formal account of these will be given below. For the time
being it suffices to think of a microsﬁte as containing everything there is to
know about the behavior of every rule and rule-component in kb vis-a-vis every

case in C.

The knowledge that a system has concerning an r-situation <R,M> - where
R contains those rules in the knowledge base that are suspected of causing the
misdiagnosed cases in M - will be called the system’s View of the r-situation.

Such a body of knowledge will be thought of as specifying a macrostate of the



combined system <kb,C>. Again these will be defined formally below. For the
time being it suffices to think of a macrostate as being a partia/ specification
of the actual microstate of <kb,C>. In other words, in general, being in a
macrostate is consistent with being in any one of a number of accessib/e

microstates.

Given a view V of <R,M>, let us designate the set of microstates accessible
relative to V as u(V). Relative to V, a refinement ¥ to R will be said to be
On-target with respect to mcasescM if and only if there is at least one
microstate o € u(V) such that, if o is the actual microstate of the <kb,C> system ,
the refinement 4 corrects every case in mcases. Thus, for y to have a chance of
correcting a case m, is for y to be On-Target with respect to m (relative to the

system’s view).

A simple example will help in drawing an intuitive picture of these notions.
The reader should refer to figure 3-3 for this example. Let kb and R consist of
a single rule r, as illustrated (we ignore confidence factors in this example). Let
C and M consist of two (misdiagnosed) cases, 1 and 2, whose correct conclusion
DX is also the conclusion of r. In addition to this information, assume that the
system’s view of this r-situation contains only the information that the first
component of r is unsatisfied in both cases. The accessible microstates for
<kb,C> are as diagramed in figure 3-3. Note that while there is a microstate,
number 4, in which deletion of component A from r will result in no gain, there

is also a microstate, number 1, in which this refinement will correct both cases.



Intuitively, from the system’s point of view, this refinement has a chance of
correcting these cases because, relative to the system’s view. microstate 1 is
accessible (can obtain). We say that deletion of component A from r is on-target
with fespect to these cases. (Note that deletion of component B from r is not
on-target for either case, and note that the system can know this on the basis of

the information in its view.)

A refinement 4 is said 1o be exact with respect to mcasescM if every
microstate that is accessible relative to V is one in which application of 5 causes
every case in mcases to be diagnosed correctly by the knowledge base. Given an
r-situation <R,M> and a view V, the set of refinements that are exact is a subset
of the set of refinements that are On-target. This work is concerned only with

the generation of On-Target refinements.

3.3.3. On-Target Refinement Operations: Formal Explication

This section shows how the intuitive picture drawn in the preceding section
can be justified by means of precise mathematical constructions. This section may

be skipped without loss of continuity.

3.3.3.1. R-Phase Space and Microstates
First we need to define the notion of a microstate of the system <kb,C>.
We shall introduce a mathematical construct called 7-phase space. A microstate

will be any point in this space.

A point in the r-phase space corresponding to the microstate of the system
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<kb,C> is_ determined by specifying the value of every feature for every case in
the data basé of cases. By a feature we mean the "real world" fact or quantity
that determines the value of some finding component in the knowledge base. For
@<am|ble, if KB contains a finding component of the form temperature of
patient in range 700... 103, then the corresponding feature will be a quantity
corresponding to the given patient's temperature. True/false finding components,
such as, Patient has swoiien hands, correspond to features that take on the
value 1, if the feature obtaina a vaue of O if the feature is known .not to
obtain, and some designated third value if it is not known whether the feature

obtains or not. Formally, if there are m features 0, 1 £ £m, and n cases

then the dimensionality of r-phase space is (m+l)xn, where the increment in the
feature count represents the feature corresponding to the dored expert's
concluson of a cae k (what we call the PDX(k) in RM), and will be desgnated

L

<t>. A point in r-phase space (a microstate) will then have the following form:

where the subscript is an index on the features, and the superscript is

an index on the cases.

For later purposes it will be usgful to define the notion of a feature-vector
corresponding to a case ( [Duda and Hart 73]). Given a microstate

specification a, as above, and a cae with index Kk, then the feature-vector



corresponding to this case is given by the following " sub-vector” of a

and will be denoted by the notation #(ak).

Note that this account may be generalized to deal with knowledge bases that
employ the full power of the predicate calculus by associating a distinct feature
to every object in the domain of discourse when necessary. For example, if the
knowledge base contains a finding component of the form Patient x has
temperature in range 100.,,103, then for every "patient object” in the domain
of discourse there is a feature that corresponds to the temperature of that patient.
In general we may presume that the domain of discourse is finite.  However,
even if the domain of discourse is infinite, the current approach will «ill be

applicable.

3.3.3.2. Specifying Macrostates: Intuitive Picture

A macrostate encapsulates a certain body of knowledge concerning an r-
stuation. We may think of a macrogstate involving a particular r-situation as being
expressed by the values of certain functions as applied to the given r-situation;
we will call these r-functions. In other words, the r-functions in question are
generally applicable to any r-situation that might be encountered by the

refinement system, and the knowledge that the system will gather concerning any



r-situation can be no greater than the knowledge expressed by the application of
these r-functions to the r-situation. While a single sysem's knowledge-gathering
capabilities, and hence its associated st of r-functions, are fixed, one sysem's
knowledge-gathering capacity and depth of analyss may be greater than another's.
This difference would be mirrored by the relative power embodied in the two

differing sets Of r-functions associated with the two agents.

In order to say precisdly what the content of any possible r-function can
be, yet «ill maintain the requiste degree of génerality and flexibility, one musg
gecify certain primitive r-functions and primitive operations for combining
the former, i.e, one must specify a metalanguage for the construction of such
functions. An r-function will be any function that can be constructed from the
primitive r-functions by means of the primitive operations. Primitive operations
are taken from logic, smple st theoretic operations, arithmetic, and certain
algorithmic constructs. The primitive r-functions used in RM are described in
appendix A; ther use is.demonstrated throughout chapter 4, and they are
discussed in detail in chapter 6. This discusson is not repeated here, for present
purposes it suffices to assume that a sufficiently rich metalanguage for r-function

construction is a given.

Let * be the set of r-functions associated with a refinement sysem. By the
notation $(<R,M>) we designate the act of applying every <e $ to evéry possible
argument for O in the r-situation <R,M>, as well as the collection of resulting

values. We call this collection of values the refinement system's view of the r-



dtuation, and we call * the viewfinder.

3.3.3.3._ I\/]icrostat% Accessible to A Macrostate

La V=>(<RM>) be a refinement sysem's view of a particular r-situation.
V may contain objects of many different sorts, eg., numbers, sets of objects,
sequences, etc. However for the purposes of analyss it is most useful to view
each v eV as a proposition that expresses the information yieded by the
corresponding application of the r-function in question. For example, if f is an
r-function on pairs conssting of rules and sets of cases that returns the number
of those cases in which that rule is satisfied, then ordinarily f returns a number
as its value. But we view it as returning a proposition P of the form, "The
number of cases in _C in which r is satisfied is n" V as a whole, therefore, may
be regarded as a collection of propostions concerning the objects in the

knowledge base and the data base of cases.

Smilar remarks apply to microstates the elements of a microstate can be
regarded as representing propositions concerning the values of features in cases

(including the expert's conclusion).

Given a veV and a microgtate a, there are two possibilities of interest: the
values of the features in a are consstent with the truth of v or they are not
For example if v is the proposition that a (hon-numerical) finding component ¢
is unsatisfied in case m, then microstates in which the feature corresponding to

the value of this finding in case m has the value 1 (true) are inconsistent with



the truth of v: all other microstates are consistent with the truth of v.

A microstate o is accessible relative to a view V if and only if o is
consistent with the truth of every ve€V, otherwise o is /naccessib/e relative to

V.

Before defining the On-target relation it will be useful to discuss some
preliminaries. We define the notion of an endpoint-vector as follows. Assume
the set of endpoints, DX, of the domain knowledge base is enumerated in some
fixed order, i.e., dxl,...dxn. Then an endpoint-vector is a vector of confidence
factors of length n. Intuitively, the ith entry in an endpoint-vector corresponding
to a case m is the confidence accorded to the dx‘ by the knowledge base in case
m. We may therefore regard a knowledge base kb as defining a partia/ function
from feature-vectors to endpoint-vectors: let ¢ be a feature-vector, and let ¢ be.
an endpoint-vector; then we say that kb(3)=¢ if and only if running kb over the

data represented by @ results in final hypothesis confidence factors for the

endpoints identical to the values in .

Let V be a view of a given r-situation <R,M>, where RcKB. Let u(V)
denote the set of microstates accessible relative to V, and let o be a variable over
the members of wu(V). Let v be a refinement operation involving (only) rules in
R, and let KB’ be the knowledge base that results after application of y to
R. Let meM, and let $(o,m) be the feature-vector corresponding to case m in

microstate ¢. Then v is On-target with respect to m if and only if there is a



oeu(V) such that the endpoint-vector ¢=KB’(g(o.m)) accords the highest
confidence ;o PDX(m); if v is not on-target with respect to m then we say that
it is off-target with respect to m. A refinement 5y is On-target with respect to
a set of mcasescM if and only if there /s a o€ u(V) such that for every
me mcases the endpoint-vector ¢=KB’($(c,m)) accords the highest confidence to
PDX(m). Note that in the preceding definition the universal quantifier falls
inside the scope of the existential quantifier, i.e., in interpreting the definition
one should imagine that we first fix o to refer to a particular microstate and
then we would show that y will correct .each m giv;en its feature-vector ¢(c.m) in

a.

In words. we say the relation On-target(y,V,M) is true if and only if there
is a microstate o accessible to V relative to which application of y to kb will

correct every case in M.

3.4. Radicality and Plausibility

The basic task of a refinement system is to offer refinements that are
known to improve empirical adequacy and that are likely to meet with expert
approval. Since the expert has already assented to the rules in the knowledge
base, we assume, other things being equal, that he will prefer refinements that
tend to preserve the knowledge base in its current form. The radicality of a
refinement operation is a property that tells us how great a departure a réfined

version of a rule (or a kb) is from the initial version.



3.4.1. Radicality Metrics

As we mentioned in chapter 1 a radicality metric on the space of all refined
versions of a knowledge base kb can be formally defined. The problem is that
many different radicality metrics may be defined, and there is no one of these
that is the "correct” one. Moreover, it is not clear what sort of information,
even domain-specific information, one can use to make a selection of radicality

metric in a particular instance.

On the positive side, there are two points to be made concerning the
possibility of arriving at a useful version of such a metric. First, one can specify
several natural "axioms" that it would seem reasonable for any such metric to
obey, e.g., if the radicality of y=8, then the radicality of y =g, where 4  is the
inverse operation to y. Secondly, there is a function that obeys these axioms and
that can always be used as a metric, viz.,, the number of primitive operators in «
can be taken as a measure of the radicality of y. Note that this metric is of no
use in doing pure first-order refinement, since it will assign every first—order

refinement a radicality of 1.

In any event, if a radicality metric, Rad(y) is given, then one may use it
together with On-target to form a measure of plausibility as follows. Suppose
that 4y is on-target with respect to the cases u. Then the p/ausibility of v is
defined as the ratio u/Rad(y). Intuitively this number may be interpreted as the

the estimated number of cases gained per unit change.



3.4.2. Radicality Operationalized for First-Order Refinement

The notion of a radicality metric is not only a theoretical ideal, it also has
limited practical value in knowledge base refinement. The fact is that if there is
some reason to believe that a refinement y has a chance of correcting a large
number of cases. then y should be tested and, if it does indeed have a dramatic
impact on the empirical adequacy of the knowledge base, the system should, at
the very least, report this information. This seems to be a desirable mode of

operation regardless of the radicality of +.

Depending on the strategic configuration of the refinement system, radicality
information may be useful at various "decision points" or perhaps not at all. A
system that does not tentatively incorporate refinements, what we call a
ground-zero sysiem (see chapter §), may have no use for such information, since
it never has to make a decision cénceming incorporation of refinements. A
system that does tentatively incorporate refinements, what we call a generationa/
system (see chapter 5), e.g. SEEK2, can use radicality information ‘to decide
among competing refinements that are known to yield an improvement in
empirical adequacy. (In SEEK2 radicality comes into play only when competing
refinements yield an egua/ net gain in performance.) We now describe a general

scheme for operationalizing radicality for first—order systems.

Given a set of primitive generic refinement operations for (a subset of) our

canonical language, we specify a partia/l ordering on these operators



corresponding to our (qualitative) intuitions concerning the relation operator x is
more radical than operator y. Such an ordering - in fact, the one used in
SEEK2 - is exhibited in figure 3-3. If x and y are two refinement operators,
then if a path can be traced down from x to y then y is more radica/ than Xx:
if the reverse is true then x is more radical than y; if neither is true then x and
y are noncomparable according to this relation. For us noncomparability means
that, other things being equal, there is no reason to prefer one operator over the
other in terms of radicality, and we say that the operators are at the same level

of radicality.

Note that the partial ordering is an ordering on operators. Thus, from the
point of view of this ordering alone there is nothing to distinguish two distinct
applications of a confidence raising operator, even if one application involves a
greater increase than another. Therefore, for operators that do involve such
numerical parameters, a quantitative radicality ordering is imposed on the
corresponding operations according to the size of the parameter. For example, a

confidence increase of .3 is more radical than a confidence increase of .2.

As mentioned above, in SEEK2 the radicality orderings just described come
into play only when two or more refinement operations have been found to yield
an equal net gain in performance. This is the simplest policy, others can be
implemented using the same orderings. Thus, one might insist that as long as any
combination of operations from a qualitatively lower radicality level in the

ordering can be found that yields an equal improvement 10 even one operation at
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a qualitatively higher level, then the former should be preferred to the latter.
For example, suppose that within a given cycle of refinement generation and
testing it is found that de/etion of component ¢ from rule r yields a net gain of
10 cases (and suppose this is the greatest net gain over all refinements tested).
Suppose it has also been found that raising a numerical boundary in component c
of rule rl, yields a gain of 5 cases, and that raising a numerical boundary in
component c2 of rule rz, yields a gain of 5 cases. Note that we cannot assume
that the joint effect of these two operations will be a net gain of 10 cases. Let
us suppose that the two operations are now tested /n tandem to determine what
there joint effect is, and suppose the resulting gain is 10 cases. Then according
to the policy we are describing, the system should select these two changes for
tentative incorporation in the current cycle, rather than the qualitatively more

radical deletion operation.

There are other factors that go into a judgment concerning a proposed
refinement’s radicality that are not taken account of in this scheme. Some of
these factors can be quite sophisticated and difficult to "quantify,” such as the
desire of avoiding refining components that have survived a long "evolutionary
history” intact. Others are easily incorporated, but it is difficult to give any a
priori (domain-independent) justification on whether and how they are to be
employed, e.g., a preference for refining endpoint rules over intermediate rules, or
vice versa. At any rate, the incorporation of such factors is a subject for future

research.



CHAPTER 4

HEURISTIC REFINEMENT GENERATION

In chapter 3 we showed that the notion of a refinement's having a certain
degree of plausibility can be formalized. The badc concept is that of a
refinement being On-Target with respect to set of misdiagnosed cases, reative, of

course, to a given view.

A goal of this chapter is to show that this notion is operationally significant,
that is, a refinement system can generate On-Target refinements in an efficient
manner, without resorting to brute force methods. The paradigm for refinement
generatioh presented in this chapter is called heuristic refinement generation.
since it makes use of rules or heuristics for generating on-target refinements.
The teem "heurigic' is also applicable because the approach is not intended to
generate every on-target refinement that exists with respect to a given r-situation
and view. Thié is a paradigm that was first developed in the SEEK system

[Politakis 82, Politakis and Weiss 84].

This chapter should also be viewed as providing the necessary background
information and motivation for our future discusson of the metalinguigic

approach to refinement sysem construction (see chapter 6). The refinement



concepts and heurigtics presented here encapsulate our cUrrent gate of knowledge
concerning heuristic refinement generation. While a good number of the concepts
and :_héuristics to be presented have been discussed dsewhere [Politakis
82, Politakis and Weiss 84, Ginsherg, Weiss, and Politakis 853, it is only by
reviewing the current stuation, and describing possible alternatives and extensions
to it that we will have a better undersanding of the sorts of capabilities that
should be provided in a refinement maf;llanguage. Moreover, in this chapter all
refinement concepts will actually be defined uéing the metalanguage RM. This
exposition will serve to illustrate both the power and dedsrability of the
metalinguistic primitives selected, and will demondrate the systemization of

metaknowledge that can be achieved by applying a metalinguistic approach.

After a discusson _of the general heurigic refinement generation paradigm,
we will consder the issue of the relative merits and costs of doing first-order vs.
higher-order refinement based upon a heurigtic approach. This will lead us to
the notion of failure-driven higher-order refinement, and a proposa for a
general architecture for heurigtic refinement generation that can accommodate the
former. The bulk of this chapter is taken up with the description and analysis of

the heurigtic generation of first-order on-target refinements.



4.1. Frequently Used RM Primitives

In describing refinement concepts and heurigtics in this chapter we will ma
extensve use of the RM mealanguage. An annotated lisg of the most importa
RM primitives is given in appendix A. However a lisg of the more freguent

used RM primitives, and some useful defined notions, is provided below.

Variables
case * a variable ranging over cases in the data base
rule * a variable ranging over rules in the node

hypot hesis = a variable ranging over hypotheses

dx * a variable ranging over endpoints (note than any

dx is a hypothesis by definition)
nmease = a variable over the set of m sdiagnosed cases.
Funct i ons

CDX(case) * know edge base's highest confidence conclusion in case

CDX-2(case) = the know edge base's second hi ghest concl usion

in case



PDX(case) = expert's conclusion in case

RuleCF(rule) = confidence-factor of rule

ModelCF (hypothesis,case) = the confidence accorded to hypothesis by

the knowledge base in case

Rules—for (hypothesis) = the set of rules with hypothesis as their

conclusion

Satisfied(item, case) = T iff item is satisfied in case
= F iff item unsatisfied or unknown in. case
where item can be a rule, a rule component,

or a rule subcomponent.

4.2. The Paradigm

Suppose our view V of an r-situation <R,M> consists of the following
information: i) r is unsatisfied in mcasescM, ii) for each mcase€ mcases r
concludes PDX(mcase) with a.confidence factor high enough to correct the case,
and iii) component ¢ of r is unsatisfied in every mcase€ mcases. In terms of our
semantic definition, it is clear that deletion of component ¢ from r is on-target
with respect to mcases: there is an accessible microstate ¢ - namely, the one in

which every other component in r is satisfied in each mcase € M - such that this



refinement corrects these cases relative to their feature-vectors in o.

This' bit of reasoning can be encapsulated in a general "rule of thumb,” in a
manner that is exactly analogous to typical expert system rules in ordinary
applications. Since our goal is to generate plausible refinements, the rule is most
useful in the following form:

If in the current view V,

there is a rule r with component ¢ is such that:

i) r is unsatisfied in mcasesCM,
ii) for each mcase€mcases r concludes PDX(mcase)
with a confidence factor high enough to correct the case,

iii) component ¢ of r is unsatisfied in every mcase€mcases.
Then
On-Target (delete ¢ from r,V,mcases)

The conclusion of this rule is to be interpreted as making the assertion that
deletion of component ¢ from rule r is on-target with respect to mcases. Note
that since we have an independent semantic characterization of what it is for a
refinement operation to be on-target, we have a criterion by which to judge the
truth or falsity of such rules as general principles. From our discussion it is

clear that the rule is an example of a true rule.



What makes the rule useful is not only the fact that it is true, but that it is
in a form which allows us to see how simple deductive mechanisms can be
applied to it so as to generate specific plausible refinement suggestions for a
given .r-situation <R,M>. Thus imagine that the viewfinder contains the following
r-function:

F(c™,M) =
the set of cases m € M such that

rule r is unsatisfied in the misdiagnosed case m &

the conclusion of r = PDX(m) &

the confidence factor of r 2 the hypothesis confidence

of CDX(kb,m) in m &

component ¢ of r is unsatisfied in m

(Note: the notation - designates a variable over the components c

of rule r)
In terms of this r-function the above rule may be rewritten as:
If in the current view V,
r -
F(c ,M) = § =emptyset

Then

On-target (delete c',V,3)



In gathering the view of <R,M> the value of F(c'M) will be computed for
every component of every reR. If for a particular ¢’ the antecedent of the
refinement heuristic is satisfied, then the conclusion is drawn. While a conclusion
so drawn tells us something that is true, it also may be thought of as offering a
suggestion, viz., deletion of ¢ will aid in accomplishing the goal of correcting the

cases in M.

Generalizing from our example, we see a familiar - paradigm taking shape.
Heuristic refinement generation is exactly analogous to the familiar rule-based
framework used in ordinary expert systems. A heuristic refinement generator may
be seen as consisting of a viewfinder, and a know/edge-base of heuristics
similar to the one we have shown in figure 4-1. In order to avoid confusion, we
will call a refinement generator’s heuristic knowledge base its r-know/edge. The
viewfinder is a mechanism for ascertaining the presence/absence or values of
useful features concerning r-situations. This is similar to an ordinary expert
system in which there is a fixed set of features that can characterize any case in
the domain; the values of these features may be ascertained by the expert system
itself or by interrogation of a human observer. R-knowledge is a set of
principles or rules of thumb that relate the presence of certain complex patterns
of features in a view of an r-situation to the existence of plausible refinements
for the correction of the misdiagnosed cases in that r—situation. Again this is
similar to an ordinary expert system in which the knowledge base contains rules

that relate the presence of complex patterns of features to classification endpoints



(i.e., diagnoses) or to suggested courses of action (i.e., treatments).

4.3. First-Order vs. Higher-Order Refinement

- As conceived in this work, heurigic refinement generation is a process
driven by empirical case analysiss. given an r-situation, <R,M>, a refinement
generator will gather certain kinds of information by examining the behavior of
the rules in R with respect to the misdiagnosed cases in M. This is the process
that we have dubbed as gathering a view V of the r-situation, or determining
the macrostate of the r-situation. What enables a refinement sysem to
congruct a V for an r-gsituation is its viewfinder *. * is a collection of r-
functions that, for a given refinement sysem, is fixed. Case analyss is the
application of the r-functions in * to the objects in an r-situation in order to
congruct a view. Once the view is obtained, r-knowledge is invoked to generate

specific refinement suggestions.

A firg-order refinement system is one that limits its refinement suggestions
to operations that involve the application of a single primitive refinement
operator (see chapter 3). Intuitively, the viewfinder of such a sysem can be
expected to contain r-functions that represent certain patterns of features that are
rdevant to the application of a dngle primitive refinement operator.  Since
primitive refinement operators apply to a single rule component, the r-functions
in .the viewfinder will be functions of single rules and single rule-components.
Figure 4-2 shows a smple illugration of the point If we are interested in

generating a first-order generalization refinement to a rule r, we will search for
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the following sort of pattern in the currently misdiagnosed cases: r's conclusion is
correct, r's confidence is greater than the confidence of the current incorrect
conclusion. etc. This pattern represents a complex property that can be ittributed
to r, e.g. in SEEK2 we talk about Gen(r) = the number of misdiagnosed cases in

which a pattern similar to that just indicated is satisfied by r.

Now suppose that we were interested in generaling second-order on-target
refinements. Intuitively, the viewfinder of a system capable of generating on-
target second-order refinements can be expected o contain r-functions that
represent certain patterns of features that are relevant to the joint application of
pairs of primitive refinement operators. Establishing the presence of such
patterns in a case will require the joint examination of pairs of rules and/or
rule-components: we say that second-order case analysis is required in order to
generate second-order on-target refinements. Figure 4-2 again gives a simple
example. A second-order specialization refinement to two (endpoint) rules r1 and
r_ will be on-target only when a certin type of pattern is jointly satisfied by the
two rules. For example, both rl and T must be satisfied and conciude the
_ incorrect conclusion at a confidence greater than the confidence accorded to the

correct conclusion, ete.



Figure 4-2: First vs. Higher-Order Refinement
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4.3.1. Estimate of Cost

An important use of r-functions is to help the refinement generator select
prime_'réfinement candidates from the set of initial candidates R. The exact details
of how this is done will of course vary from onelrefinement sysem to the next.
A typical first-order refinement generator might sart out by calculating the
values of certain r-functions of the form f(ruleM) for every rule in R, whée M
is a set of misdiagnosed cases. For the sake of argument let us make the
egregious assumption that the amount of computation required to compute a call
to any r-function of any order is congtant. Then the cost of the first phase of
the typical first-order refinement gener'ator is on the order of |R|*n, where n is

the number of r-functions calls made for each rule.

‘Le us suppose -that we have n second-order r-functions of the form

f(<rule yule >M) and that our refinement generator is to apply them to each pair
1 2
of ryl&s in R. The amount of work done on this analyss will be on the order of

yP IRI
|IRr*n. Going to the logical limit, there are V' ' subsets of R for which it is

conceivable one might wish to calculate some nth-order r-function call and so

the amount of effort expended by such an analyss is clearly exponential in |R].

Assuming that the first phase of case analysis has produced a set R' of
prime refinement candidates that are either single rules or ordered n-tuples of
rules, the next step is to apply further case analysis to each of these items in an

effort to find the rule-components, or combinations of rule-components that are



prime candidates for refinement. L& m be the total number of components in
the rules in R'. If we apply n first-order r-functions of the form
f(compénént,M) to each component, then, by our assumption, the amount of
effort expended is on the order of m*n. Application of n second-order r-
functions will require work on the order of nf3‘n, and since there are 2" subsas
of the set of components in R/, the amount of work required to do a "compleeé"

nth-order analyss is exponential in m.

Even this smple analyss is persuasve to the greatet extent possble one
would like to do first-order case analysis, and revert to higher-order analysis only
when indicated. However there are a number of caveats to be made. The first
is that while an r-function may be explicitly first-order in form, it may
implicitty be more or less equivalent to higher-order r-functions in content.
Condder for example the first-order r-function:

f(rule,cases) * the <component,, conponent ,> pair in rule that is

2

jointly nost frequently satisfied in the cases.

r 4
* Sel ect <cl,q> w th Max

T r
Joi nt - Sati sfi ed- Count (<cl, cz>, cases)

Clearly a single call to this r-function implicitly involves many calls to the

second-order r-function Joint-Satisfied-Count, where the latter is a specially



defined r-function that returns the number of cases in which the two components

are jointly unsatisfied.

The second caveat, also illustrated by the preceding example, is simply to
once more point out that the assumption that any call to any r-function involves
the same amount of computation is absurd. The amount of work expended is
clearly reiat.ed to the "length" of the defirition of the given r-function, and the

complexity of the constructs used therein.

Additional discussion on the cost of case analysis is given in section 4.6.

4.4. A General Architecture for Heuristic Refinement Generation

Every refinement system, whether based on first or higher-order case
analysis, has to confront the ‘problem of how to recognize failures of refinability
(see chapter 1), ie., r-situations in which rule acquisition, as opposed to rule
refinement, is desirable. Now an analogous problem arises for first-order systems,
or any system whose order of analysis is not exhaustive with respect to the given
r-situations, namely, how do we recognize failures of "first-order refinability,”
i.e., r-situations in which complex refinement operations, generated by higher-
order analysis, are needed? In this section we briefly discuss this question from a

general point of view.

Suppose that either within a single cycle, or perhaps over the course of a

number of cycles, a first-order refinement generator has generated and tested one



or more refinements for a set of misdiagnosed cases, mcases, but with limited or
no success, i.e., no matter what the system tries all or most of the mcases remain
misdia_gndsed. The question is whether, and how, by reviewing the record of its
failures concerning these cases, and perhaps gathering additional information via a
higher—order case analysis, the first-order refinement generator can temporarily, as
it were, operate in a higher-order mode in order to generate complex
refinements. This type of temporary higher-order operation 1is called
failure-driven higher-order analysis. Concrete examples of scenarios in which
'failure-driven higher-order analysis is called for, are given latter in this chapter

(see section 4.8).

In this section we present a general architecture for heuristic refinement
generation that is powerful enough to accommodate the process of failure~driven

higher—-order analysis.

4.4.1. Three Types of Refinement Heuristics

We may draw a distinction between r-knowledge heuristics whose premises
contain on/y r-function calls (of course, the premises may contain comparisons
and mathematical/logical operations on these values), and those whose premises
also include components of the form On-target(y,V,mcases), i.e., contain
components that might be concluded from other r-knowledge heuristics. R-
knowledge heuristics of the first form will be called view-to-refinement
heuristics, or vr-heuristics for short. R-knowledge heuristics of the second form

will be called refinement-to-refinement heuristics or rr-heuristics for short.



One use for such rr-heurigtics is as a way of implementing some aspects of
the constraints of conservatism. For example, suppose a vr-heuristic is satisfied
and recommends deletion of a component. In the spirit of conservatism one
should..try to avoid such an action if a less radical measure is possble. For each ¥
component type one might incorporate an rr-heuristic that would act as a
"demon" with respect to recommendations concerning components of that type,
making sure that whenever a deletion is proposed alternative measures are also
tried. For example, one such rr-heuristic would say that if a numericall finding
is recommended for deletion, then one might achieve the same goal by @(tendinQ

the associated numerical range of the finding.

The third type of r-knowledge heuristics will be called control heuristics or
c-heuristics.  Strictly speaking, the consideration of such heurigtics, as ther name
implies, belongs more with a discusson of the srategic control principles of a
refinement sysem than with a discusson of refinement generation per se
However, insofar ‘as issues of control drategy are intertwined with issues in

refinement generation, some discusson of c-heuristics is appropriate here.

Whether we think of vr and rr heurigtics as dating facts (about what
refinements are on-target) or as offering advice (about what refinements we
ought to try), heuristics in these categories have one function, viz.,, to generate
specific plausble refinement suggestions. On the other hand, while the "ultimate'
function of c-heuristics is to aid in the generation of plausible refinements, ther

immediate function is-to get the refinement system to take an action that is



indicated in the current situation, e.g., conduct a higher-order analysis of some
rules belonging to the current r-situation. In other words, while the conclusion
of any: vr or rr heuristic is always of the form On-target(y,V,mcases), the
conclusion of a c-heuristic always involves a d/rective constructed out of
primitive actions available to the refinement system. Such an action might be,
for example, to gather joint dissatisfaction statistics for components in a rule that
should be generalized, but for which generalization of the most frequently missing
component has failed: this would be an instance of the primitive action
Compute(r-function). (A list of primitive actions that can be performed by a
refinement system is included as part of the specification of a metalanguage for

the specification of control strategies (see appendix A)).

In addition, the premises of c-heuristics may contain components that
express feedback information of two possible types: i) information concerning the
effectiveness of refinements that have already been suggested and tested, ii)
information concerning the changes that take place /n a view of an r-situation as

a result of incorporating a refinement.

4.4.2, Levels of Analysis

As can be seen in figure 4-3, we mayv view a refinement generator as being
organized into /eve/s. Each level has its own set of vr, rr, and c-heuristics. At
level n, we find the items that are to be used in conducting nth-order case
analysis with the intention of generating refinements applicable to kb-objects of

order n. C-heuristics that operate within a level will be called tactica/



c-heuristics. C-heuristics that are not part of any level, but operate between
levels will be called strategic c-heuristics; they are like switches that cause the

system to move up or down the various levels of analysis.

As an example of a tactical c-heuristic we cite a control principle that is
used in SEEK2. Considered abstractly, SEEK2 may be thought of as dealing with
r-situations <R,M> in which R always consists of a// the rules in any rule-chain
leading to a specified dx. The fact is, however, that initially SEEK2 does case
énalysis and .ref inement generation only for the endpoint-ru/es that conclude dx.
If during the course of this initial generation process a refinement that involves
deleting/altering a hypothesis component H in an endpoint rule is generated, then,
and only then, is refinement generation initiated for the intermediate rules that
conclude . H. This "backchaining” on implicated hypothesis co;nponents may be

iterated.

Giving a realistic example of a strategic c-heuristic is not an easy matter,
since. to my knowledge, there is no refinement system in eXistence that makes use
of any. For a detailed description of a scenario in which such c-heuristics would
be applicable, and what they would say, the reader should refer to the discussion
of failure~driven higher—-order analysis in section 4.8. In this section we will
simply give a brief abstract description of the role envisioned for strategic c-

heuristics in the overall architecture of a refinement generator.

Given the costs of doing exhaustive higher-—order analysis. the idea is to start
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out by doing exhaudive first-order analyss for the complete set of r-situations
presented to the refinement generator, including the generation and testing of
refinements.  Once this has been done, strategic c-heuristics evaluate the feedback
and rﬁake a determination as to whether or not higher-order analyss of some
agpects of one or more of the r-situations is called for. This determination may
involve evaluating several features including 1) the overall degree of success
achieved by the first-order ahalysis and, 2) for meases that have resisted
correction ascertaining whether refinements tha; are on-target with respect to
these meases are failing to improve empirical adequacy because they do not
correct them, or because, while they do correct them, they also cause currently
correctly diagnosed cases to become misdiagnosed.  The reevance of (1) is
ébvious we may find that an adequate overall improvement in knowledge base
berformance is achieved by first-order refinement The relevance of (2) is as
follows. If a refinement y does a good job of correcting the meases it -is
intended to correct - those for -which it is on-target - but fails generally
because it causes more new misdiagnosed cases M, then in conducting a higher-
order search for complex refinements we will want to examine the cases in M and
the rules R/ invoked in those cases. Formally, if <RM> is the r-situation that
led to generation of 7, then we would now be doing a higher-order analyss for
the augmented r-situation <RuR',M>. On the other hand, if 7 failed because it
smply did not correct its on-target cases, then in moving on to a higher-order
analyss we will «ill be concerned with the same r-situation as originally led to

generation of 7, but now we will be examining it with a finer-grained analyss.



4.5. First-Order Case Analysis

Fi_rst_-_order cae analyss is of interest theoretically since it represents the
smplest case Intuitively one hopes that a first-order viewfinder can be
implemented so as produce views in roughly linear time, i.e, so that the overall
complexity of view construction would be on the order of |R|+1components of
the rules in R| in the wors case, where this number is given in terms of two
fundamental operations. 1) smple access to values of primitive r-functions, and 2)

primitive operations on such values. We address this issue below.

First-order case analyss is also of interes because SEEKZ2's heuristic
refinement generator can be formulated in terms of first-order r-functions. It
therefore pr0\I/ides a testbed for quegtions concerning first-order case analyss,
viz.,, can first-order case analyss be done in linear time, how effective is such

analyss in suggesting plausible refinements, etc.

4.5.1. Nature of the R-Situations

For both drategic and theoretical reasons it is important to specify the
nature of the r-situations that a heuristic refinement generator will confront.
This is done by imposng condraints on R and M. As a matter of drategy such
considerations should, and will, be discussed separatdy from the issue of
refinement generation per se. However, without making some assumptions about
the nature of the r-situations that the refinement generator is to confront it is

very difficult to do concrete work.



4.5.1.1. Constraint on M

Our first order of business, therefore, is to constrain the contents of M and
R in :suEh a way that the rules in R may be thought of as possib/e candidates
for refinement with respect to the mcases in M. This is done by relving on the
endpointé of the knowledge base for providing a "principle of division."
Specifically, M must consist of mcases such that PDX(mcase) or CDX(mcase) is
identical to a specific common endpoint dx. Since, by definition an mcase
satisfies PDX(mcase) # CDX(mcase), this means that M consists of mcases whose
conclusion should be dx but is not, o-r whose conclusion is dx but should not be.
An mcase in the former category represents a fa/se negative judgment on the
part of the knowledge base, or an FN for short, and an mcase in the latter
category represents a Fa/se Positive judgment, or an FP for short Let
FN(dx,mcase) and FP(dx,mcase) be r-functions, actually, r—predicates, that return
true or false according as to whether mcase is a FN or FP with respect to dx.
Then M(dx) may be defined as an r-function that returns {mcase| FN(dx.mcase)

v FP(dx,mcase)}, i.e., M(dx) is the set of all FP’s and FN’s with respect to dx.

The rationale for choosing M(dx) as a principle of division is simple: if all
the mcases in M(dx) are corrected then, other things remaining equai, the
refined knowledge base’s performané with respect to the endpoint dx will be
perfect (over C of course). Clearly, if the knowledge base has no FN's or FP’s
with respect to dx, then every time the knowledge base shou/d conclude dx it

does, and it never concludes dx in a case that it should not.
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Therefore, unless otherwise stated, the M in an r-situation ¢ will be
understood to be the value of M(dx) for some dx. At the very least M must be
a subset of such a M(dx). Therefore we will speak of the endpoint or dx

assoc/ated with M, or that generates M.
4.5.1.2. Constraint on R
Given an M, we now want to state a constraint on the possible members of
R. the set of initial refinement candidates with respect to M.
1) An endpoint rule t is an /'hit/'a/ refinement candidate with

respect to M if there is an mcase€ M such that either

a) r’s conclusion = PDX(mcase) or

b) r's conclusion = CDX(mcase) and
r is satisfied in mcase, and
r's confidence factor 2 the final hypothesis

confidence factor of PDX(mcase) in mcase.

2) An intermediate rule t is an initial refinement candidate with
respect to M if r is a member of a rule—chain whose last link is an

endpoint rule that is an initial refinement candidate with respect to

M.



The definition can be viewed as being recursive: rules that do not directly
conclude classification endpoints, i.e, intermediate rules, become refinement
candidates through their ultimately being connected to refinement candidate rules

that do directly conclude endpoints, i.e., endpoint rules.

Some simple ideas and terminology associated with this congdraint on R are
worthy of comment An ingance of an mease satisfying clause (La) in the
definition will be sad to provide evidence that r ought to be generalized, i.e
have some generalization refinement applied to it, while an instance of an mease
satidying dause (I.b) provides evidence that r ought to specializéd, i.e, have
some specialization refinement applied to it. Corresponding to these circumstances

we will ek of a rule being a candidate for generalization/specialization.

While a single mease m cannot smultaneoudy satisfy clauses (La) and (l.b)
with r&pect-to the same rule r, m can independently satisfy these clauses with
respect to distinct rules, and it is clearly possible for two or more cases to
provide evidence that r should be both generalized and specialized. The latter
circumstance might indicate that one component of the rule should have a
generalization operation applied to it, while a distinct component of the rule
should have a specialization refinement applied to L Given this analysis it might
seem wise to adopt an policy of non-comparability of these two sorts of
evidence in the formulation of refinement generation principles, i.e, refinement
generation principles for generalization refinements ought not take account in any

way of evidence for specialization and vica versa.  However, as we shall see



below, there are reasons for taking an approach to refinement generation that

allows for the comparability of these two sorts of evidence.

We note that a rule can be a candidate for generalization regardless of its
satisfaction status. If r's conclusion=PDX(m)# CDX(m), and r /s satisfied, then
the only relevant generalization operation is to raise r's confidence factor so its
conclusion=PDX(m) can become the endpoint with the highest hypothesis
confidence factor in mcase m. On the other hand, rules can be implicated by a

case as requiring specialization only if they are satisfied in the case.

Notice that while the definition specifies clearly how intermediate rules. i.e.,
those that do not directly conclude an endpoint, may become refinement
candidates, it does not help us very much in determining whether the evidence
indicates a need for generalization or specialization operations for such rules.
The reason is that with the introduction of intermediate rule levels the complexity
of the problem again mushrooms. We will see below how heuristic refinement
principles that reduce the problem complexity can be used to generate refinements
for intermediate rules. For now, in order to indicate the nature of the’
complications introduced by intermediate rules, we point out that. one and the
same mcase m can implicate a sing/e intermediate rule r in two different
ways by virtue of the fact that i) m provides evidence that endpoint rule r
should be generalized, ii) m provides evidence that endpoint rule T should be
specialized, and iii) r’s conclusion H occurs in components of both r and T

Without further analysis of this specific mcase it is impossible to know whether i)



r's refinement candidacy as evidenced by m should be taken seriously at all, i.e..
whether we should act upon it, ii) m really supports the generalization of r, or

i) m réélly supports the specialization of r.

The last example raises a general point, viz., a rule’s being a refinement
candidate in the sense provided by the above definition, certainly does not mean
that it really ought to be refined in any way. for one thing other refinements
may do a much better job of correcting the problem. For a rule, or any item,
to be a refinement candidate means that we have some reason for attempting to

generate refinements for it.

4.5.2. First-Order R-functions on Rules: Satisfaction Measures

Given an r-situation o the first order of busino# for ‘a ‘first-order
refinement generator is to apply r-functions to the rules in R, the set of initial
refinement candidates, in an effort to locate a few of them that are prime
refinement candidates. In this section we discuss first-order r-functions on rules

that are intended to aid in accomplishing this task.

One of the advantages of dealing solely with generalization and specialization
refinement primitive refinement operators, is that every first-order r-function is
naturally "geared"” toward providing evidence for the application of one or the
other sort of refinement category. Therefore, we can divide our discussion into a
consideration of r-functions relevant to generalization operators, and those

relevant to specialization operators.



Before doing so however, we discuss a pair of r-functions on rules and rule
components of great interest. not only to first-order case analysis, but to case
analysis in general. As is the case with the other r-functions, one of the two
relates to generalization and the other to specialization. The former is a measure
of how close an unsatisfied rule is to being satisfied, and the latter measure
of how close a satisfied rule is to being dissatisfied. These two concepts

are useful as 2 kind of "primary" filter on the set of refinement candidates.

4.5.2.1. Closeness to Satisfaction

To appreciate the potential usefulness of a closeness measure in generating
plausible refinements, consider again the following simple scenario. Suppose we
know, on the basis of other r-functions, that T is a rule that would correct
mcase m if it were to be satisfied in m, and that component ¢ € T is
unsatisfied in m. As we have said before this gives us some reason o believe
that deletion or .some generalization of ¢ could correct m. We can’t be sure of
this because there may be other components of r unsatisfied in m. Now add the
following information to the scenario. There is another rule r2 for which exactly
the same property holds with respect to m, i.e., if satisfied r_ would correct m,
and we know r2 is missing a component c: too. In fact there may be several

rules for which exactly the same property holds. Without further information, we

have no reason to favor one of these rules over the other.

Short of doing an exact analysis, what further information could help us in

distinguishing the "refinement potentials” of these candidates with respect to m?



Suppose that we knew in some intuitive sense that T owas in fact "very far" from
being satisfied in m, but that T was "verv close" to being satisfied. Given this
information, even if we were told that refinement to c2 would still not correct
mcase, if forced with a choice we would choose to refine c2 above cl. The
reason is that since r2 is already closer to satisfaction than rl, the refinement to
c2 will bring us closer to correcting m than the refinement to c‘. A fortiori, if
we do not know that the refinement to c2 is guaranteed to fail, all the more
reason to choose ii. Another reason to choose the rule closer to being satisfigd is
that this policy seems to be more in accord with the spirit of conservatism; one

may view this rule as the one intended to cover the situation.

Politakis [Politakis 82] showed how the intuitive idea of closeness to
satisfaction could be measured in a quantitative fashion. With minor changes, the
same closeness measure is employed in SEEK2. The measure I am going to
define here is a revised version of the measure used in SEEK2. The differences
between the newer measure and that used in SEEK2 will be pointed out after the

definition has been given.

Intuitively one would expect ‘a measure of a rule’s closeness—to—~being
satisfied in m to be related to a measure of the radicality of the least radical
refinements necessary to make the rule become satisfied in m. In the presence of
a well-defined radicality metric one might opt to take these measures as being
identical. The problem, as we have had occasion to point out before, is that the

choice of metric can in large part be a measure of taste, or domain-specific



consider ations.

However, there is a deeper philosophical argument for keeping these two
measures distinct. A radicality metric on refinements is supposed to capture some
of our intuitions about the "comparative meaning" of rules, i.e, about when rules
can be said to be more smilar in meaning than others, etc. Radicality metrics
are therefore solely a function of objects in the knowledge base, and have no
dependence on what the "external world" is like. But this is precisdly what a
closeness measure on rules is intended to capture, viz., how close is a rule to
being satisfied by the current sate of the world, i.e., how close is a rule to being
aatisfied in terms of the findings given in the current case. This is intended
to be a wholly objective domain-independent measure of an empirically verifiable
feature of rules. While it is true that we cannot alter the findings that make a
rule unsatisfied, but only the rule itsef, it does not follow that the "minimum
changes needed” to make the rule satisfied are an accurate measure of how close
the rule is to being satisfied by the case findings. For one thing, since there
may be a number of different ways in which a rule can be changed to make it
satisfied, in order to specify one as being the "minimum change” one mus make
a judgment concerning the relative radicality of the alternatives. As we have
discussed previoudy (see chapter 3), radicality judgements may often be a matter

of opinion.

Be that as it may, we present a closeness measure on rules over cases that is

based on a measure of the minimum number of findings in a case whose values



prevent the rule from being satisfied. The partial satisfaction measure of a rule
in a case, or PSMfruiecase) is a recursve r-function that is defined in terms of
the partial satisfaction measures of the components in rule In order to avoid
counting the same finding component more than one time, we date the definition
in a sort of semi-procedural form, where we gdart with the first component on
the extreme left, ¢, and proceed sequentially to the lag component c :

1 n
1. PSMof a rule

PSMrul e, case) «
E PSM(cease)

c6rue

2. PSM of conponents

i) |If ci is a truth-valued finding;

PSM finding,case) * 1 if SatisfiedCfinding, case) - F
and this component has not already been
counted in computing the PSM of a ¢

J
where j <

« 0 if SatisfiedCfinding, case). * T, or

c, has al ready been counted

ii) |If Ci is a nunerical-valued finding with




associated range [l:h], and value v in case:

PSI\/(f| ndi ng, case)

| Min{v-l.v-fa |
* ~, if Satisfied(finding, case) - F

| v{l+h}/2 |

¥ 0 if Satisfied(finding, case) * T, or

c.1 has al ready been counted

iii) If c. is an internedi ate-hypothesis, Hypo, wth
1

associ ated confidence range [ ;:h]:

PSM Hypo, case) * mninmum PSMr, case) of all rules r that
conclude Hypo with confidence

somewhere in the range [I:h]

iv) |If Ci is a Choice, i.e., [k ch(l). ..., ch(n)3:

PSM[k: ch(l),...,ch(n)] ,case)

JEk Mn[PSMch(]), case)]



= sum of the k lowest PSM(ch(j), case), where in
computing each PSMichlj).case) sequentially we again
take care not to count the same component more than

once.

One immediate difference between this and the earlier PSMs is the care we
have taken to be sure not to count the same finding more than once. This was
never explicitly stated in SEEK or in SEEK2, and the fact is that SEEK2's
currently implemented PSM will count findings more than once. Whether
situations in which findings are over-counted arise depends upon the logical
structure of the rule-chain in the knowledge base. Here is a simple schematic
example of a realistic situation in which this could happen. Let r1 be of the
form ...HI&H:...-> dx, where Hl and Hz are intermediate hypotheses. Now
suppose that the on/y rules for these two hypotheses are rm and T, of the form
w.Foom> I-Il and ..F..—> Hz, respectively, where the F that appears in these two
rules represents exact/y the same fiqd/'ng component, and occurs as a conjunct
at the top /eve/ of the rules. Suppose that in m all three rules are unsatisfied.
Then in computing PSM(rl,m) we will count F twice unless we explicitly take care

to avoid counting findings more than once. -

This is one way in which the new PSM differs from the previous ones.
Another way concerns the definition of the PSM of a numerical-valued finding

component, clause (2.ii) of the definition. 7The PSM of a numerical-finding F



with value v /s defined as the ratio of the distance of v from the c/osest
range-boundary to the distance of v from the midpoint of the range. This
ratio is always less than or equal to 1, and approaches 1 asymptotically as v gets
further and further away from the closest range-boundary. This behavior is

clearly consistent with the desired interpretation of PSM.

The justification for incorporating this new clause in our PSM definition can
be easily illustrated by the following example. Let T be a rule that is missing
only truth-valued finding component F1 in case m, let r2 be a rule that is
missing only numerical-valued component F2 with range ([L:h] and value v.
According to the earlier closeness measures both rules have a PSM=1. However,
suppose that v is "almost" in the range [l:h], whereas the truth value of F! in m
is simply the opposite of what F , says it should be. Intuitively Fz is closer to

being satisfied than Fl.

One could argue, cogently I believe, that whether this sort of PSM on
numerical findings is appropriate may depend upon domain-specific, and perhaps
even knowlédge-base specific considerations. In some cases one is willing to say
that being outside the range is simply equivalent to being false, and there is no
merit to being closer to a boundary rather than farther away. But in such cases,
I would suggest, one thereby shows that one has no intention of allowing
refinements to the boundaries in the first place, i.e., one is so confident about
the existing boundaries that they are not subject to refinement. Conversely, if

one is willing to consider refinements to boundaries then I can see no way of



escaping the conclusion, assuming one abides by the spirit of conservatism of
course, that being closer to a boundary rather than farther away counts for
somet_hirig. And what it counts for is a measure of how close the component is
to being satisfied (as well as a measure of the radicality of the refinement needed

to make the component satisfied).

Alternative schemes for dealing with numerical findings are possible. For
example, one could measure the distance from v to the closest endpoint or the
midpoint against the total size of the range, i.e h-l. This would allow for PSM
values > 1, indeed it would allow for unbounded PSMs. This would seem to be

an undesirable consequence.

One might wonder why a similar PSM measure for intermediate hypothesis
components is not advocated. In other words, instead of or in addition to
looking at the the minimum PSM of the rules that conclude the hypothesis H, as
described in clause (2.iii) of the definition, why not also look at the distance of
the actual knowledge base confidence in H from the closest range-boundary. 4For
example if the component is of the form H [.5:1], and the actual confidence in
H in the case is .4, then analogously to numerical findings we compute 2 PSM =

.1/.35 =.29.

First of all, it is obvious that we would not want this sort of computation
to completely rep/ace computing PSMs for rules that conclude H, even though

this would result in savings in the complexity of the overall computation. This



would result in extremely counterintuitive judgments of closeness. as the reader
may ascertain for himself. But even to include this calculation /»n any way as
part of the PSM of H, seems to violate the philosophical position outlined above.
In the case of a numerical f/inding when we measure distance from satisfaction
in the way we have advocated, we are measuring values whose interpretation is a
matter of objective empirically verifiable features of the real world - a numerical
finding represents an objective feature of the domain of expertise which exists
whether or not a given knowledge base mentions it. This is not the case with
confidence ranges for intermediate hypothesis. @When we measure the distance
from H’s actual confidence to the closest range-boundary, we are measuring values
that have meaning only within the context of a knowledge base of rules together
with a2 method of handling uncertainty. In other words, we are talking about
constructs that we use to measure our confidence in conclusions, constructs whose
meaning and use may vary from person to person, as well as from system to
system. I am not saying that these constructs have no value, or that they should
not be used. What I am saying is that a closeness measure that incorporates the
sort of calculation over confidence ranges that we are discussing, is less objective
than one that does not, i.e., it is less of a direct measure of the degree of match

of case findings to rule satisfaction.



4.5.2.2. Satisfaction Measures for Complex Forms

Ultimately the PSM of any kb-object in a case will depend upon the
satisfaction or - dissatisfaction of its "constituent” findings, i.e., the primitive r-
function Satisfied(finding,casel is an essential ingredient in the definition. In
our discussions we haven’t said much about the logical form of findings; we know
that they are simple-components which in turn can be propositional or predicate
forms (see chapter 3). In most real life expert system the findings can essentially
be thought of as propositional in nature, even if, as in EMYCIN, their internal
structure can be exhibited to a limited degree. But what becomes of the notion
of a findings being's satisfied or having a closeness measure if it contains either

free or quantified variab/es?

Presumably if an expert system makes actual use of variable x, then it must
have access to (a representation of) a domain of individuals that can be the value
of x. Therefore when we speak of a form containing x free, e.g., F(x) as being
satisfied in a case, we are generally speaking about x as denoting a particular
individual in the domain for which F(x) is true. There is no ambiguity about the

satisfaction conditions of an existentially or universally quantified form.

Does the notion of closeness to satisfaction make sense for rules containing
such forms? Consider the case of free variables first. For rules with free
variables the meaning of closeness must be redefined in terms bindings of the
variables in the rules that minimize the PSM as defined above. For example,

consider the rule schema:



Fx& Gx) & HX ->( X% (1)

Suppose the rule is not satisfied in case ¢. Now it doesn't make sense to
sy that 1 has a PSM of n in case ¢; one mudg reativize the PSM to a choice of
bindings for the variables in the rule. For example suppose case ¢ involves 2
objects A and B that can each be bound to x. To compute the closeness measure
for 1 in case ¢ we have to compute the PSM of the two possble ingtantiations

of 1 usng our definition and take the minimum.

The more objects that the can be bound to a variable in a case, the more
costly the calculation is. Moreover 1 is the smplest case. Consder a revised

verson:

Fx & Gy & (HXx) ->.( .x) 2

Now we have to compute the PSM for each of he following possible

bindings:

X y
A A
A B



and take the minimum. Note that if a predicate in 2 is an intermediate
hypothesis, then we have to do the same thing for every rule that concludes it

before the closeness of 2 can be known.

The closeness of an existentially quantified form is calculated in more or less
the same. way as for free variables. The case of a universally quantified
component or rule is different. Here one has to sum over the PSM of the form
for every binding of the variable that does not satisfy the form. The closeness

of multiply quantified forms can be obtained in similar fashion.

Even for a small universe of individuals, these cases involve considerable
computation. The value of computing closeness measures for such forms is
questionable, especially when the costs are so large that one is spending more time
calculating PSMs than generating and testing refinements. This is an issue that

must be left to future research.

4.5.2.3. Closeness to Dissatisfaction

PSM is an r-function that aids in filtering out good generalization
candidates. By "symmetry" one is led to Wonder whether we can identify an r-
function measuring “closeness to dissatisfaction” of satisfied rules, as an

aid in to filtering out prime specialization candidates. Such an r—function



was not devised in the original SEEK nor in our work on SEEK2. We will see
that such a closeness to dissatisfaction measure or DSM can be defined, and that

it can have a variety of uses.

At firs glance one might think such a notion is misconcelved: if a rule is
satisfied, then all its components are satisfied; to make it dissatisfied one has only
to make one of its components dissatisfied, and so every rule will have the same
DSM. This would be true if every component_ of every rule had exactly the
same formal dructure. But we know this is not so. Condder the following
smple example. Let r be a one-component rule whose left hand side is of the
form [1. ch(l), ch(2), ch(3)]; r can be satisfied in a case ¢ in virtue of exactly
one, or exactly two, or all three of the choice eements being satisfied in c.
Intuitively in each case r is closer to being dissatisfied than in the next The
DSM of a choice component will therefore be the sum of the minimum DSMs of
the required number of choice elements that need to be dissatisfied in order to

make the entire component dissatisfied.

In the case of numerical findings it is also clear that one satisfied finding
may be closer to being dissatisfied than another on the grounds that the value in
the former case is closer to one of the range-boundaries. In fact the same
formula that we used for the P9V of a numerical component can be used in

defining its DSM.

The DSM of a satisfied/unsatisfied truth-valued finding is 1/0.



Clearly the DSM of a rule will be egual to the minimum DSM of its
components' The DSM of an unsatisfied rule is 0, the DSM of a satiffied rule is

a numbe greater than O.

These remarks are sufficient to show that a DSV r-function can be defined.

Of what use would a DSM be?

At the levd of first-order analysis of endpoint rules DSM does nat have
a filtering role analogous to PSM. The reason is that for first-order heurigtic
analyss the main r-dsituations of interest in relation to specialization are SpecA
situations (see section 45.4). In a SpecA dtuation there is a unique rule, the
SpecA rule, whose dissatisfaction will correct the mease. Therefore there is not a
group of initial specialization candidates from which we want to filter out the -
best candidate, i.e., the one that is already closest to being dissatisfied. There is
only the SpecA rule to worry about. (Smilar remarks apply to SpecB situations.
while we can compare the DSMs of the SpecB rules, the fact is that every one

of them mug be dissatisfied if mease is to be corrected.)

However, once we move to the levd of intermediate rules, DSM has a
role to play, even in a first-order sysem. The r.eason is smple. Suppose a
SpecA rule r contains two or more intermediate hypotheses, and say, for the sake
of argument, that r's left hand side contains only hypotheses. Now if we Wanf to
focus our attention on a particular component of r to épecialize it makes sense to

work with the hypothesis whose DSM in mease is a minimum, since it is already



closest to being dissatisfied in mcase.

There is,- however,” an important implication of this example: even if the
SpecA rule consists entirely of non-hypothesis components, it is worthwhile
knowing the DSM of each of its components in order to help us select one of
them as a prime candidate for specialization. In other words, what PSM is to
rules, DSM is to components. Let r be a rule that we want to specialize, and
suppose that r has more than one component. To pick a single component of r
to modify we can take the DSM of each component in r, and then generate

refinement experiments only for the component with the minimum DSM.

DSMs of ru/es becomes useful when we move on to higher—order analysis.
For example in a situation in which it is determined that several satisfied rules
are independently sufficient causes of the misdiagnosis, higher-order analysis might
be applied to yield a joint generalization-specialization refinement in which we

might choose to specialize only those satisfied rules with the minimum DSM.

Finally, in either first or higher-order analysis DSM might be of use as an
indicator of a possible failure of refinability of the knowledge base, and therefore
as an indicator of a need for renewed knowledge acquisition. As an example of
this consider a set of SpecB rules each having components that are extremely
"over—satisfied" in mcase, and suppose we have reason to believe that these rules
are basically in correct form. Suppose in addition that there was also no good

candidate of sufficient confidence for generalization in mcase. It is intuitively



appealing to view this situation as calling out for new endpoint rules for

PDX(mcase).

4.5.3. Generalization Related R-Functions

4.5.3.1. R-Functions Related to Confidence Boosting

Situations that are amenable to correction by confidence boosting are easy to
identify at the endpoint level using first-order analysis. Basically we look for
satisfied rules for PDX(mcase), if there are any, then the one whose confidence
factor is closest to the value of CDX(mcase) is singled out, since it will require
the least boost in confidence to correct the case’. This is called a genCF

situation and the chosen rule is called the genCF rule.

If one intends to use confidence boosting as a refinement mechanism, there
are two pieces of information that are worth gathering: a) how many times is a
rule a gen—cf rule relative to a set of mcas;:s, and b) given this information, how
big a confidence boost in the rule will be required for it to correct
all/most/some of those cases? The r-functions that return this information are
genCF(rule,mcases) and Mean-CDX-CF/mcases) and are defined below.

(First we define some r-functions used in the definition of genCF)

genCF-rule(mcase)

5Clearly a number of the satisfied rules could meet this specification. One
therefore has to decide whether to arbitrarily choose one of them, or consider the
whole set of them. We opt for the former policy.



= the rule such that
a) PDX(mcase)=conclusion(rule)
-z -b) rule is satisfied in mcase
c) of all the rules satisfying conditions
(;) and (b) in mcase, none has a greater

confidence factor than rule.

= Select rule € Satisfied-rules—for (PDX(mcase) ,mcase)

with Max RuleCf (rule).
genCF-mcases (rule,mcases)
= {mcase€mcases| rule = genCF-rule(mcase)}
genCF (rule,mcases)

= |genCF-mcases (rule,mcases) |

Mean-CDX-CF (mcases)
= the mean value of the confidence of CDX(mcase)

over mcases

= Mean(CDX(mcase) ,mcases)



In computing the mean value of CDX(mcase) over the mcases, instead of the
maximum, we reveal our intention to try to correct most (raise the genCF rule’s
confidence to the mean plus, say, two standard deviations) or some (raise to the
mean)‘but not all of the cases. In other words, we want to err on the side of

caution.

The situation with intermediate rules is basically the same. The notion of a
genCF situation can be éxtended to apply to intermediate rules in the following
way. Let rg be an endpoint rule that is to generalized, and suppose that the
single missing component that is to be generalized is the intermediate hypothesis
Hg with range [a:f]. If there are satisfied rules for Hg then this is a genCF
situation, because by raising the confidence of one of these rules to fall within
[a:B] one will correct the case. Note also that this back-chaining of genCF
possibilities could proceed to any intermediate rule level. With minor revisions,
therefore, the r-functions defined above can be made to apply to these situations

as well. (In the current implementation of SEEK2, however, genCF information

is gathered only for endpoint rules).

4.5.3.2. R-Functions Related to Component Alteration

The types of generalization that involve alteration of rule components are
far more varied and subtle than simple confidence boosting. Moreover, in the
general case an unsatisfied rule may have a number of unsatisfied components.
These factors increase the complexity of the problem, sometimes to the point

where first-order analysis is not sufficient. @ Here we are talking about r-



functions that are first-order not merdy "in namé' only, but in spirit as well
i.e, do not involve calls to higher-order r-functions in ther definitions. We will

elaborate=on “this point" below. - -

At the endpoint level a gen situation is one in which there are unsatisfied
-rula for PDX(mcase) anyone of which would correct mease if it were satisfied.
In the typical case there will be many such "gen candidates’ in a gen Stuation.
This is where our PSM comes in. The gen-rule in a gen dStuation is that "gen
candidate" rule whose PSM(rulemcase) is a minimum. Analogoudy to genCF
dtuations, if we are to capitalize on the refinement possibilities in gen stuations
we need to two things. @) how many times is a rule a gen-rule with respect to a
set of meases, and b) which components of the rule ought to be generalized to

correct those cases?

The following are the r-functions that provide the answers
gen-rules(mease)
* the rules for PDX(nmease) that would correct nease

if satisfied

- {rul es Rul es-For (PDX(nease)) |

Rul eCF(rul e) =Mbdel CF( CDX( mease) , nease)}

(Note that we do not need to specify that these rules are



unsatisfied, since that is entailed by the other clauses)
gen-rule(mcase)
= the rule in gen-rules(mcase) that minimizes PSM(rule,mcase)
= Select rule€gen-rules(mcase) with Min PSM(rule,mcase)

gen-mcases (rule,mcases)

= the subset of mcases in which rule = gen-rule(mcase)
= {mcaseeumasesl rule=gen-rule (mcase)}
gen(rule,mcases)
= the size of gen*mcases(rule,mcases)
= |gen-rule(rule,mcases) |
Mfmc (rule,cases)
= the most frequently missing (i.e., unsatisfied)

component of rule relative to the set of cases

= Select c€rule with Min Satisfaction-count (c,cases)



An instance of Mfmc of particulér interest is:

~Mfmc (rule,gen-rule(rule,mcases))

= the most frequently missing component of rule relative to the

subset of mcases in which rule is the gen-rule.

It is easily inferred from these r—functions that we intend to focus attention
on the Mfmc of rule in its gen-mcases as our prime refinement target. This
approach has its drawbacks - as well as some intuitive appeal — but it has the
virtue, as we shall see below, of being first-order in spirit as well as name. The
same cannot be said of a more sophisticated approach that would involve use of

the following r-function:

Mcomp(cr,cases)

= the subset of cases in which cr is unsatisfied

= {case€cases| ”Satisfied(cr,case)}

We could compute the value of this r-function for every component of a
rule over its gen-mcases, i.e., for each ¢ we would have a subset of the gen-
mcases in which it is unsatisfied. @~ We would then compile these results to get
data of the form "c' is unsatisfied in gen-mcases Xx.y,..." Except for the space

requirements (to keep track of the subsets), so far the procedure could be done



in linear time, i.e, when we examine a gen-mcase we add it to a list for every

r

¢ such that -»Satisfied(c’,mcase). However, the idea now would be to
"consolidafe" the information in these subsets in a useful fashion, which does not
come.down to smply taking an intersection (but even this would not be first-
order in spirit). Rather, one would want to find the smallest set of ¢ whose
joint diss%atiéfaction fully accounts for as many as the meases in the gen-mcases
as possible.  As an example, let r be a rule with three components, and let
meases consist of dx cases identified by the integers from 1 to 6. Then in the
firét phase of this analyss we will have gathered information that can be

represented in tabular. form as follows, where an entry under a component

represents the circumstance that the component is unsatisfied in that case

Component
< € <
1 3 3
Case 2 4 : 4
3 5 5



Notice that in this example c: and c3 each have equal claim to being Mfmc.
While it is only by working on all three components that we can correct all the
mcases, the fact is that there is only one mcase, viz. 3, in which all three
compbnents actually take joint responsibility for the misdiagnosis. By working on
c] alone we may correct mcases 1 and 2. By working on cz and c3 together we
may correct 4, 5, and 6. And since we can correct mcases 4, 5, and 6 on/y by
working jointly on c, and c. {cz,ca} is therefore the smallest set of components

whose joint dissatisfaction is responsible for the largest share of the mcases.

To produce the analysis given in the preceding paragraph from the above
table is easier said than done. In general if r has n components, the
corresponding table has n columns, and in the worst case each column will have
|mcases| rows. Starting with the first element in the leftmost column, we will
have to compare it with every element in each of the other n-1 columns, i.e., we
do (n-1)|mcases| comparisons. However, we have to do this for every element
in the first column, and since there are |mcases| of them the total cost is on
the order of (n-1)|mcases|’, in terms of ‘the number of comparisons. While this
is a very coarse—grained analysis, it is enough to show that a sophisticated

approach to component generalization is definitely not first-order in spirit.

Before moving on to intermediate rules we discuss two other r-functions
geared to the generalization of numerical ranges (or confidence ranges). Let F be
a numerical finding with range [L:H] that we wish to generalize with respect to

mcases. In order to do this we might wish to lower the value of L or raise the



vadue of H. Here we tdk about the r-function related to Iowéring the vdue of

L; the other case is completely andogous.

L-Miss(c" [L:H],cases)
* the subset of cases such that the val ue of cr is less

than L

r
* {case€cases| value(c ,case) < U

r .
L-down(c  [L:H ,incases)
r . . . . .
* the mean value of ¢ in the incases in which it falls

bel ow L

 Mean(val ue(cr, L-m ss(cr [L: H , meases))

Note that these definitions apply equally wel to intermediate hypothesis

components.

This brings us to the condderation of intermediate rules. As with genCF
dtuations, it turns out the same r-functions that apply to gen sdtuations with
endpoint rules are applicable to intermediate rules. Whether we decide to refine
only the Mfmc of an endpoint rule, or some combination of missng components,

the fact is that consderation of intermediate rules can be deayed until an



intermediate hypothesis H has been targeted at the endpoint level. Once that has
happened, we can look at all unsatisfied intermediate rules for H in the
appropriate confidence range and take their PSMs over each of the mcases that
implicate H, i.e., we can apply a suitably revised version of gen-rule(mcase) to
gen situations at the intermediate level. Clearly, therefore we can use gen-
mcases(rule,mcases) and gen(rule,mcases) at the intermediate level as well.
Obviously each intermediate gen-rule that we identify will have a Mfmc with
respect to its gen-mcases. If the Mfmc is also an intermediate hypothesis, the
same analysis can be back-chained to the next level of intermediate rules,
otherwise appropriate action will be taken just as for the Mfmc of endpoint

rules.

4.5.4. Specialization Related R-Functions

First it is convenient to define a subset of the mcases that are

relevant to first~order specialization.

Spec-Mcases (mcases)
= the subset of mcases in which PDX(mcase) is the 2nd highest
knowledge base conclusion

= {mcase€mcases| PDX(mcase)=CDX-2(mcase)}

Let spec-mcase be a variable over Spec—Mcases for a fixed set



- o a

of mcases

Spec-rules (spec-mcase)

= the set of satisfied rules for CDX(spec—mcase) with

confidence factor greater than or equal to

PDX (spec-mcase) =CDX-2 (spec-mcase)

= {rule€Satisfied-rules—for (CDX(spec-mcase),spec-mcase) |

RuleCF(rule) 2ModelCF (CDX-2 (spec-mcase) ,spec—mcase)}

SpecA-mcases (rule,mcases)

= the spec-mcases in mcases such that rule is the only member

of Spec-rules (spec-mcase)

= {spec-mcaseirmcases| Spec-rules(spec-mcase)={rule} }

SpecA(rule,mcases)

= the size of SpecA-mcases(rule,mcases)
= |SpecA-mcases (rule,mcases) |

SpecB-mcases (rule,mcases)

= the spec-mcases in mcases such that rule is only one of

the members Spec-rules(spec-mcase)



= {spec-mcaseemcasesl ruleESpec-rules(spec—mcase)}

SpecB(fuie,mcases)

= the size of SpecB-mcases(rule,mcases)

= |SpecB-mcases (rule,mcases) |

We earlier spoke of the value of DSM in localizing components of SpecA or
SpecB rules as refinement targets. Since we currently do not employ a DSM in
SEEK2 we will not include it in further discussions, though it is a subject for

future research.

One might decide to deal with a Spec situation by lowering a rule’s
confidence. Analogous to the role of Mean-CDX-CF in genCF situations, we
define an r-function:

Mean-PDX-CF (mcases)
= the mean value of the confideﬁce of PDX(mcase)

over mcases

= Mean (PDX(mcase) ,mcases)

so we can know to what value the confidence should be lowered.



Specialization of numerical and confidence ranges can be defined in a way
that is somewhat analogous to the generalization of such ranges. For example,
the following r-functions can be used in determining when and to what value a

lower bound L should be raised:

L-spec(cr [L:H],cases)
= the subset of cases such that the value of cr is greater
than or equal to L but less than or equal to the midpoint

of the range
= {case€cases| 12value(c’ ,case) S (L+H)/2 }
L—up(cr [L:H) ,mcases)
= the mean value of cr in the mcases in which it falls

between L and the midpoint

= Mean(value(c', L-spec(cr (L:H] ,mcases))

The idea is to specialize the component by raising L to a value closer to the

midpoint as determined by L-up.

As with genCF and gen situations, SpecA and SpecB have application at
intermediate rule levels in a way that can be detected by first-order analysis.

Once an intermediate hypothesis H in an endpoint SpecA rule r has been targeted,



for example, then if there is only one satisfied intermediate rule r' that
concludes H with confidence in the specified range, then r' may be consdered a
SpecA rQIe:'at the intermediate level. If r' is only one of a numbe of satisfied
rules for H, then r' is a SpecB rule at the intermediate level, albeit r is a
SpecA.  (The current implementation of SEEK2 does not gather specialization

information for intermediate rules).

45*5. R-Functions for Conservation

We have defined an r-situation as a <R,M> pair satisfying certain conditions.
We will now see that, for certain kinds of case analyss, this notion of an r-
dtuation mug be extended or modified. All the r-functions we have talked
about so far are designed to gather information from misdiagnosed cases alone.
Do the other cases in C have any role to play in refinement generation (it is

obvious that they have an important role in refinement verification)*!

Correct cases, i.e, cases for which PDX(case)=CDX(case), do have a role to
play in refinement generation, viz., they can be used to filter out on-target
refinements that nevertheless have some chance of degrading the knowledge base
performance over currently correct cases. In other words, these cases can be used

to guard that only conservative modifications are adopted_.

It is worth noting, however, that since we propose to test every generated
on-target refinement over the entire data base of cases anyway, if we er againg

caution in the refinement phase due to a lack of such information, this error will



always be detected in the verification phase. However, if we fail to generate a
plausible refinement due to such estimates, we may be making an error that we
will never detect. It does not pay to be overly conservative in the refinement

generation phase.

“We will use ccase as a variable over correct cases, and ccases as a variable
over sets of correct cases. There are four r-functions dealing with ccases that
have at one time or another found their way into a version of SEEK or SEEK2.
Specifically Aits(ru/le) and Signif(rule) ére generalized versions of concepts
originating in SEEK; Fits/ru/e) originated with SEEK2, but is not used in the
current implementation; Signif-Level(rule,cf] originated with SEEK2 and is an
example of a refinement concept that was discovered with the aid of the
metalinguistic framework RM. We define them below in order of increasing
usefulness.

Fit-Ccases(rule,ccases)
= the subset of ccases in which PDX=CDX and this rule

is satisfied and concludes CDX
= {ccase€ccases| PDX(ccases)=CDX(ccase)=Conclusion(rule)}

Fits(rule,ccases)

= the size of Fit—-ccases(rule,ccases)

= |Fit-Ccases(rule,ccases) |



Hit-Ccases (rule,ccases)
= the subset of Fit-Ccases(rule,ccases) in which rule concludes
CDX with confidence 2 the knowledge base's

confidence in the 2nd highest ranked conclusion

= {ccaseeFit-Ccases (rule,ccases) |

RuleCF (rule) 2ModelCF (CDX-2(ccase) ,ccase)}

Hits (rule,ccases)

= the size of Hit-Ccases(rule,ccases)
= |Hit-Ccases (rule,ccases) |

Hit-Rules (ccase)

= the set of rules that are "hits'" with respect to ccase

= {ruleeSatisfied-rules—for (PDX(Ccase)) |

RuleCF(rule) 2ModelCF(CDX-2(ccase),ccase)}

Signif-Ccases(rule,ccases)

= the subset of ccases in which {rule}=Hit-Rules (ccase)

= {ccase€ccases| Hit-Rules(ccase)={rule} }



Signif (rule,ccases)
= |Signif-Ccases(rule,ccases) |
Sign;f4Level(rule,cf,ccases)
= the size of the subset of Signif-Ccases(rule,ccases) in which
the 2nd highest conclusion in ccase has a confidence greater

than CF

= l{ccases6Signif—Ccase(rule,ccases)|

ModelCE(CDX-Z(ccase),ccase)ZCF}|

Intuitively a rule’s Signif -Ccases are ccases for which the rule, in its current
form, may be said to be the sine qua non. In contemplating refining a rule in
order to correct a certain number of mcases we want to be conscious of the
number of Signif-Ccases that are potentially at stake. Signif-Level is a
refinement of this notion that is particularly applicable to contemplated reductions
in confidence of a SpecA rule. Clearly in reducing the‘ confidence of a SpecA
rule T t0 gain mcases we want to avoid reducing it to the extent that we lose
ccases belonging to Signif-Ccases of . If CF is the value to which we
contemplating reducing r’s confidence factor, then Signif-Level(r.cf,ccases) tells us

how many Signif-Cases of r’s will be lost by doing so.



4.6, Cost of Case Analysis

Our hope has been that a first-order viewfinder would be capable of being
implemented so as to produce views in linear time, where the complexity is
measured in terms of the numbe of calls to primitive r-functions and the

number of operations on the resulting values.

Condder the following example. A satisfied rule is a genCF rule in mease
if its confidence for PDX(mcase) is higher than any other satisfied rule that
concludes PDX(mcasg). If an implementation of the genCF idea "mirrored" this
intuitive statement, then the resulting complexity would be non-linear. To see

this let r and r be two satisfied rules for PDX(mcase) in a genCF stuation.

Then in calculating genCF(r,) (genCF(s)) according to the preceding specification,
we will not only call primitive r-functions with the current argument as value but
aso for ry (r;) as wel. Clearly this represents a duplication of effort that can
be avoided by judic_ipus reformulation of r-function definitions. Fortunately there
are ways of implementing genCF ideas, as wel as all of the other first-order r-
functions presented here, so that primitive r-function calls never need to be
repeated unnecéssarily, and the observant read‘ér will note that we have often
dructured our formal definitions with this goal in mind. Moreover, it seems
reasonable to suppose that any set of r-functions, even of higher-order, can be
"optimized" in this fashion, viz.,, calculations on the values of primitive r-

functions can be arranged so that repeat calls are avoided.



This leaves the question of whether in terms of the number of operations
performed in the calculations done on the values of primitive r-functions, the
first-():rd:ér r-functions presented here are linear functions of the number kb-
objects examined in the given r-situation. In order to deal with this question let
us try to determine the most efficient way in which genCF-mcases(rulemcases)

could be determined for every relevant rule in R an r-situation with M=mcases.

By dint of its form we tend to view this-process of evaluation of genCF-
mcases(rulemcases) over R as proceeding from a fixed rule in R to a search over
the meases. But this approach definitely entails a duplication of effort as we
have seen above. The key to optimizing the process is to view it in an exactly
opposing manner, i.e, as proceeding from a fixed mease to a search of al the
ruies in R. For every mease, we find the rule (or rules), if any, that is the
genCF rule for that mease, and increment its genCF "count” accordingly. Every
rule looked at will have the same fixed number of operations O applied to it, i.e
a) does conclusion(rule)=PDX(mcase), b) is Satisfied(rulemcase)=T, c) what is the
value of the distance=ModelCF(C3DX(mcase),mcase)-RuleCF(rule), and d) is it less
than the currently smallest distance? When we have looked through all the rules
in this way, we will know which rule is the genCF rule in this mease. After we
have done this for each mease in meases we will know the value of
genCF(rulemcases) for every rule. Therefore the total amount of work done per
rule is O|meases|, and the total amount of work overall is |R|*O*|mcases|,

i.e., proportional to the number or rules examined.



The preceding argument can easily be repeated for SbecA. SpecB, and the
various mean values that are calculated in case analysis. Fits, Hits, Signif, and
Signif-Levél are r-functions that deal with a rule’s correct or desirable behavior,
and therefore have a ccase or ccases argument instead of an mcase or mcases
argument in their definitions. Therefore the cost of evaluating one of these r-
functions per ru/e will be O*|ccases|, where ccases is a relevant set of correctly
diagnosed cases. If the given r-situation has the form <R,mcases,ccases> then the
total cost of analysis will be on the order of |R|*O#*(|mcases| + |ccases|), i.e.,

the overall cost is linear in (|mcases| + |ccases|).

We have not, however, mentioned gen(rule,mcases), a cornerstone of our
analysis (nor Mfmc, but the latter is less problematic). The reason is that one
might suspect that the' complexity of computing PSM(rule,mcase) - which is
needed for gen - for every rule in R and mcase in mcases, is not proportional to
the number of distinct components in R and |mcases|, due to the interleaving
of rule-chains. It would seem that we would be forced to duplicate some of our

efforts every time the same hypothesis appears in more than one rule—chain.

In order to show that this is not the case, it is sufficient to note the
following points. First of all, given an mcase and a knowiedge base kb, one can
arrange the order of computation of PSM for every component and rule in kb,
so that each of them needs to computed exactly once. Of course, this can only
be done if we are willing to store PSM values for components and rules. The

computation would start by computing PSM for every distinct finding component



in the kb. We then use these values in computing PSMs of the components and
rules that they are part of, and so on. Essentially, if one views the rules in kb
as correéponding to an acyclic digraph, with the various nodes representing the
components and rules, and the arcs representing the containment relation, then
what we would be doing is to process the PSMs of the nodes in a topological
ordering produced by starting with finding nodes (these would have no arc
entering them) and ending with the nodes corresponding to endpoint rules. Each
node would be visited exactly once, and at .the time of its visitation all the
information relevant to determining its PSM would already have been computed

6
and stored .

The second point needed to demonstrate the linearity of PSM, is that the

*To elaborate somewhat, the digraph consists of typed nodes, where the nodes
can have elements in them. A node is of one of the following types: 1) finding
component, whose elements will either a numerical range or a truth-value, 2)
hypothesis component, whose elements will include a confidence range, 3) choice
component, whose elements will include a choice-number, 4) rule, whose elements
will include a confidence factor. An arc from node a to node g exists if any of
the following is true: i) a corresponds to a component that is contained (at the
top level) in the rule that corresponds to g, ii) a is a type 4 node that
corresponds to an intermediate rule r with confidence factor CF and § is a type
2 node corresponding to a hypothesis component whose range includes CF, iii) «
is a node corresponding to a rule component that is a choice-element in the
choice component corresponding to 8. Note that while identical components may
have distinct occurrences in distinct rules, the corresponding rule map has only
one node per distinct rule-component. Given our assumptions concerning the
logical structure of kb, this digraph must contain both nodes that have no arcs
coming into them, and nodes that have not arc leaving them; the former are all
the finding nodes (we are ignoring finding-to-finding rules), and the latter are all
nodes that correspond to endpoint rules. Moreover, it is clear that the map will
contain no cycles. The nodes of such a digraph can be topologically ordered.



complexity of computing the PSM of any component or rule, provided it is done
in the pr_dering described, is a function of that kb-object’s type and parameters
only. -~ In particular, the complexity of computing the PSM of any finding
component and any hypothesis component may be viewed as essentially a constant;
for a choice component it will depend on the size of the choice-list; for a rule
it will depend on the number of components in the rule. In the latter two cases
the amount of computation done is therefore variable, but it must be bounded by
some finite constant imposed by the maximum number of components that can
occur in a choice component or a rule. Therefore as we visit each node in the
digraph in turn, the work we do in computing PSM for that node is always
bounded by some constant x. Therefore the total work done in computing PSM
for every component and rule in kb is bounded by x(number of rules in kb +

number of rule-components in kb).

4.7. Refinement Knowledge: Heuristics for First-Order Refinement

We now know how to do first-order case analysis, the question is what r-
knowledge do we need to combine it with in order to generate plausible
refinements? Before we delve into the nuances of any particular set of heuristics,

it may be helpful to consider some higher level options.

The task of a heuristic refinement generator is to generate on-target
refinements. Or is it? The fact is that two attitudes are possible here. We can
view the basic driving desire behind refinement generation as being the generation

of refinements that maximize expected gains in performance over the mcases



in the given r-situation. Or we can view this desire tempered by the desire
not to degrade performance over cases currently diagnosed correctly, i.e., the goal
is generate refinements that maximize expected gains over the mcases in M,
but minimize the expected /osses over the set of Ccases. Let us call the first

attitude max-gain, and the second max-gain+min-/0oss.

This is an issue we have already broached in this chapter (see p.134). To be
consistent with what we said earlier — that to be overly cautious in refinement
generation is a mistake - it would seem that we should advocate taking a max-
gain attitude. However, as we shall see shortly, the r~knowledge in SEEK2 is
best understood as resulting from a max-gain+min-loss position. Fortunately.
however, it is relatively easy to parse SEEK2’s r-knowledge into those parts that
implement the max-gain goal and' those parts implement the min-loss goal.
Therefore once we have understood the structure and content of this r—knowledge

it is an easy matter to "strip off"” the pieces relevant to min-loss in order to

derive a pure max-gain refinement generator.

4.7.1. Discussion of Max-Gain+Min-Loss Heuristics

In addition‘ to FN and FP which we defined above, we need the notions of
a True Positive, or 7P, and a True Negative, or 7N. If PDX(case)=CDX(case)=dx,
then the knowledge base has made a TP judgment with respect to dx in case; if
dx # PDX(case) # CDX(case), then the knowledge base has made a TN judgment
with respect to dx in case. Formally we define the following r—functions:

TP(dx,case) = T if PDX(case)=CDX(case)=dx



= F ot herw se

TN(dx,case) - T if dx* PDX(case) # CDX(case)

% F otherwise.

For the purposss of the present discusson we may fix dx to be some

congtant endpoint, and the set of cases in M=M(dx) (see p.101).

The goal of the overall knowledge base refinement process is to minimize
the number of FP and FN judgements of the knowledge base, consistent with
the spirit of conservatism. (Minimizing FPs is equivalent to maximizing TN and
minimizing FNs is equivalent to maximizing TP.) Given this overall goal a
generalization refinement may be seen as an attempt to contribute to it by
increasing the number of TPs for an endpoint (equivalents, decreasng the
number of FNs for that endpoint, and possbly, but not necessarily, decreasng the
number of FPs for other endpoints). A specialization refinement is an attempt to
contribute to the overall goal by decreasing the number of FPs for an endpoint
(equivalently, increasing the number of TNs for that endpoint, and possbly, but

not necessarily, increasing the number of TPs for other endpoints)

However, anytime a generalization is made there is a possbility that the

refinement will lead to an increase in the number of FPs for the endooint in



question as well, which is clearly at odds with our goal. Anytime a
gpecialization is made there is a possbility that the refinement will lead to an
increase’ in the number of FNs (equivalently, a decrease in the number of

TPsJ for the endpoint in question as we//, which is dso a odds with our god.

From the max-gain+min-loss point of view it is the role of the refinement
generator to produce refinements that not only have the chance of reducing the
number of FPs and FNs over M, but that also have the least chance of

generating new FPs and FNs over other currently correctly diagnosed cases in C.

In order to discover how we may attempt to generate such refinements using
the information in the view of a consder the following notions. Let ATP
represent the total net change (over all cases and all endpoints) in TPs that will

occur due to a generalization refinement 7; let AFP represent the total net
9
change in FPs that will occur due to 7. Then the refinement 7 contributes to

our overall goal iff
ATP>0
and
ATP>AFP ().

Similarly, let ATN represent the total net change (over all cases and all

endpoints) in TNs that will occur due to a specialization refinement 7; let AFN

S

represent the total net change in FNs that will occur due to 7. Then the

S

refinement 7 contributes to our overall goal if:

S
ATN >0



and
tIN>LFN (2

In teems of Max-gain+Min-loss way of looking at refinement generation, an
optimal heurigic for generating generalization refinements would be one that
never suggéted a refinement that violates condition (1), and, an optimal heurigtic
for generating specializations would never suggest a refinement that violates
condition (2). It is doubtful that there are any truly heuristic principles that
are optimal in this sense.  (Obvioudy a "heurigic* that says, "Incorporate such-
and-such a refinement, then recalculate the knowledge bases performance, and
accept the refinement only if ether (1) or (2) is satisfied.” is not the sort of
thing that we have in mind. Such a "heurigic' pertains to the problem of
experimentation and selection of refinements for incorporation of into the
knowledge base, not to refinement generation) One has to settle for something

that is less than optimal, and computationally feasible as well.

This is where r-functions come into the picture. The r-functions, such as
Gen. have a twofold character: they can be used as indicators of pathological rule
behavior, but they can also be used as estimators of expected gains due to
refinements. . Thus Gen and GenCF can be used as estimators of ATP for
appropriate generalization refinement operations, and, intuitively, this seems
plausible. Therefore, if we can find a plausble esimator of LFP for

generalization refinements then we will be able construct heuristics for generating



generalizations that use these estimators as an approximation to condition (1). A

seemingly good concept for this role would be something like the following:

BadGen(r) = the number of correct/y diagnosed cases in which,
if r had been satisfied (or had a higher confidence

factor) the case would have been misdiagnosed.

The problem with BadGen, however, is that from a computational point of
view it is not consistent with a general divide and conquer strategy. To compute
BadGen(r) requires one to analyze every case in the data base having a PDX that
does not match the conclusion of r (to see whether the satisfaction of r, or an
ixicrease in its confidence factor would lead to a false positive). In general, for
any endpoint there will be far more cases in which it is the wrong conclusion,
than cases in which it is the right conclusion. (Nevertheless, it might be
worthwhile to implement something like BadGen on the grounds that its potential
for yielding savings by filtering out more unacceptable refinements at the
generation phase might be worth the additional cost; in general there is a trade-
off between the amount of time one is willing to invest in the refinement
generation process and the amount of work one will have to do in the
experimentation process. This is an example of an option that is made available

by utilizing a metalinguistic approach.)

We therefore have settled on the quantity [SpecA(r) + SpecB(r)] as an

estimator of AFP due to a generalization refinement, and as such the conditions
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Gen(r) > [SpecA(r) +
SpecB ()]

and
GenCf(r) > [SpecA (r) +SpecB(r) ]

in our generalization heuristics for SEEK2 are our approximations to condition
(). In this context we are usng [SpecA(r) + SpecB(r)] as a estimator on the
grounds that the "future will resemble will the pags,” i.e, generalizing a rule that

is aiready responsible for [SpecA(r) + SpecB(r)] FPs will cause the rule to

generate another [SpecA(r) + SpecB(r)] FPs.

A smilar account of the role of the conditions
SpecA(r) >Signif(r)
ad

[SpecA (/-) +SpecB (r) ] > Signif-Level (r,Mean-PDX-CF (
[SpecA-mceses (r) + SpecB-meases (r) 1))

as approximations to condition (2) can be given. In this case we use SpecA
and [SpecA * SpecB] as estimators of AW due to a specialization refinement,
and Sgnif and Signif-Level as an esimators of LFN for the same refinement;
these correspondences are intuitively plausble.  (Signif-Level is used only for

evaluating confidence lowering refinements).



4.7.2. Discussion of Max-Gain Heuristics

Taking the Max-gain approach to refinement generation means not worrying
about_.tﬁ.e possibility of increasng the number of FFs and FN's over Ceases when
generating refinements to reduce ther number over the meases.  Given our
analyss for the Max-gain+Min-loss approach, it is a smple matter to recover
from it an analyss for the pure Max-gain approach. The badc alterations to the
analyss are to ignore the second clauses in conditions (1) and (2). Therefore, for
generalizations we want predictors of LTP only, and for specializations we want
predictors of LTN only. The same egimators of theé quantities'that were usd in
the Max-gain+Min-loss approach can obvioudy be used in the Max-gain approach
as wel. Thus eg, ingead of comparing Genfr) with SpecAirhSpecB(r), we
smply check whether Genfr) is greater than 0, to determine whether
generalization refinement experiments for r should be generated. Note that, for
any r-situation, the experiments suggested by this Max-Gain approach mugs be a

superset of the experiments suggested by the Max-Gain+Min-Loss approach.

4.7.2.1. Mixed Approaches

There is, however, a third possbility. 'Signif and Signif-Level are two r-
functions for rule conservation that are badcally intended to be egimators of
LFN that can occur as a result of a gpecialization refinement  One might
therefore use these r-functions as before, but eschew the use of SpecA, SpecB as
esimators of AFP for generalizations, since we know that the latter are not

particularly suited for this role. This approach is a mixture of max-gain and
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max-gain+min-loss .

4.7.3. Specification of Refinement Experiments

Actually the analysis so far provides only one piece of information, viz., for
which rules should have we generate refinements? Depending upon whether one
adopts max-gain or max-gain+min-loss, one may get different answers to this
question for a given r-sitﬁation, but the next questions are the same no matter
which approach we use: given an implicated rule, which of its components should

be revised, and in what manner?

Sometimes the answers are obvious given the information that implicated the
rule in the first place, e.g., genCF rules should have their confidence factors
raised, where the new value can be determined in the manner we discussed earlier
(p.121). When the answers are not obvious we can try to answer the first
question by using additional relevant r-function calls in an attempt to localize the
problem to certain components in the rule. For example, for implicated gen
rules, a natural thing to do in first-order analysis is to find Mfmc. (For
implicated Spec rules a natural thing is to find the components with minimum

DSMs, but as we mentioned earlier this measure is not currently implemented in

A version of SEEK2 that uses a mixed approach has been implemented and
compared with the currently used Max-gain+Min-loss approach. The results
agreed with our expectations: the set of experiments suggested by the latter
approach was a subset of the experiments suggested by the former. However, in
the cases tested, the additional experiments generated by the mixed approach did



SEEK2).

At this point we have either managed to localize our concern to a single
component of the rule, or not. In the latter case — which will generally arise for
Spec rules - since our goal is to generate refinements with the largest On-target
sets, the best thing we can do is to select a component of a type that has the
least radical generic refinement operators applicable to it. Once a component has
been selected in this manner, we proceed in the same way we do for the former

case.

In whatever manner we have managed to localize our considerations to a
single component ¢, our choices for 4y are obviously constrained by the nature of
¢, the refinement operators applicable to it, and the type - generalization or
specialization- of refinement to be generated. As we have seen in our discussion
of r-functions, in some cases, e.g., a numerical finding, additional r-function calls
can provide useful information in formulating an effective refinement operation.
If such additional information is not available, we make an educated guess on the
basis of the aforementioned constraints and conservatism constraints. For
example, if we have localized to a choice component of a gen rule, and we have

no further information, a conservative educated guess is to decrease the choice-

number by 1.

There is one special case. If the localized component is an intermediate

hypothesis H, then besides possibly generating a refinement to H itself, we



definitely want to back-chain the analysis to the intermediate rules that conclude
H. As we have seen above, back-chained analysis of intermediate rules closely
resembles the initial analysis of endpoint rules. (Recall that SEEK2 does not back-

chain on intermediate hypothesis in Spec situations.)

The reader is now in a position to fully understand the r-knowiledge, or r-

heuristics, that we have incorporated in SEEK2, and that is exhibited in below.

4.7.3.1. SEEK2’s R-Knowledge

VR~-Generalization Heuristics

(These are called VR heuristics because they contain only r-function

calls in there premises).

1. If: Gen(rule) > [SpecA(rule) + SpecB(rule)] &

Mfmc(rule) is equal to CHOICE ¢

Then: Decrease the choice-number of CHOICE ¢ in rule.

2. If: Gen(rule) > [SpecA(rule) + SpecB(rule)] &

Mfmc(rule) is some NON-CHOICE component

Then: Delete this NON-CHOICE component in rule.



3. If: GenCF(rule) > [SpecA(rule) + SpecB(rule)]

Then: raise the confidence level of the rule to

Mean-CDX~-CF(GenCF-mcases(rule)).

RR~-Generalization Heuristics

(These are called RR-heuristics because their premises make reference to

the conclusions of VR or RR heuristics.)

4. Refine Confidence Range of Intermediate Hypothesis

i) If: the NON~-CHOICE component that has been suggested to be
deleted from rule rl is an INTERMEDIATE-HYPOTHESIS H with
associated confidence range (L:U) &
the majority of Gen-mcases(rl) in which H is not set in
the range (L:U) are ones in which H’s confidence factor

is set below L

Then: lower the value of L in the range (L:U) in rl1 to
Mean-value(H, {case| case is a member of Gen(rl) & the

confidence for H in case is less than L})



i) If: the NON-CHOICE component that has been suggested to be
deleted from rule rl is an INTERMEDIATE-HYPOTHESS H with
associated confidence range (L:U) &
the majority of Gen-mcases(rl) in which H is not set in
the range (L:U) are ones in which H's confidence factor

is st above U

Then: raise the value of U in the range (L:U) in rl to
Mean-value(R {case| case is a member of Gen(rl) & the

confidence for H in case is greater than U})

5. Refine Range of Numerical Finding

i) If: the NON-CHOICE component that has been suggested to be
deleted from rule rl is a NUMERICAL-FINDING F with
associated range (L:U) &
the majority of Gen-mcases(rl) in which F does not have a
value in the range (L:U) are ones in which F's value

is less than L

Then: lower the value of L in the range (L:U) in rl to
Mean-value(F, (casg case is a member of Gen(rl) & the value

for F in case is less than L})



ii) If: the NON-CHOICE component that has been suggested 10 be
deleted from rule rl is a NUMERICAL-FINDING F with
associated range (L:U) &
the majority of Gen-mcases(rl) in which F does not have a
value in the range (L:U) are ones in which F's value

is greater than U
Then: raise the value of U in the range (L:U) in rl to
Mean-value(F, {case| case is a member of Gen(ri) & the value

for F in case is greater than U})

Control Heuristics

(The following is said to be a control heuristic because it specifies
under what circumstances analysis should be backchained to intermediate

rules.)

6. If: the NON-CHOICE component that has been suggested to be
deleted from the rule rl is an INTERMEDIATE-HYPOTHESIS &
12 is a rule that concludes the INTERMEDIATE-HYPOTHESIS (at
the indicated confidence range) &

r2 is closest to being satisfied in a plurality of Gen-mcases(rl)

Then: Identify the most frequently missing component of r2 relative



to the cases in which rl1 was chosen to be generalized; if
it is a CHOICE. lower the choice-number, if it is a
NON-CHOICE, delete it, or, if it is an INTERMEDIATE

HYPOTHESIS, apply this heuristic again.

Specialization Heuristics

If: SpecA(rule) > Signif(rule) &

there is a CHOICE in rule

Then: Increase the choice-number of CHOICE in rule.

If: SpecA(rule) > Signif(rule) > 0 &

¢ component with range [L:U] in rule &

L’=Mean(c,Signif -cases(rule))-2+#(Standard-deviation) &

L < L' < Mean(c,Signif-cases(rule))

Then: raise L to L’

If: SpecA(rule) > Signif(rule) > 0 &

c component with range [L:U] in rule &



U =M ean(c,Signif-cases(rule))+2* (Standar d-deviation) &

Mean(c,Signif-cases(rule)) < IT < U

Then: lower U to U’

10. If:  [SpecA(rule) + SpecB(rule)] >
Signif-Uvel(rule,M ean-PDX-CF( [SpecA-mcases(rule) +

SpecB-mcases(rule)])

Then: lower the confidence level of the rule to

Mean-PDX-CF( [SpecA-mcases(rule) + SpecB-mcases(rule)]).

4.8. Failure-Driven Higher-Order Analysis: Outline of a Scenario

Suppose that r is the only gen rule for a given a, and c is its Mfmc.
Suppose that we have generated and tested every plausble refinement to ¢ and
that in each case no improvement in empirical adequacy resulted. At this point,
the first step is to find out whether these failures resulted because actual gains in
TPs over M were offset by new FPs over Ceasa_ or because these refinements
were not effective in increasng TPs over M itsdf. We analyze the latter case

first

Obvioudy, if even deletion of ¢ from r did not increase TPs over M, there



must be at least one other component of r missing in each of the mcases in the
on-target set. This is a situation reminiscent of our discussion above (page 126)
of the more sophisticated higher-order approach to localizing likely components
of gen rules. At this point therefore, some version of that idea might be used
identify either a single component other than Mfmc to generalize, or some

combination of cumponents.

If we are in the former situation, however, there is no point in looking for
better ways to generalize r, since the refinements already generated are known to
increase TPs over M. The problem is to prevent their increasing FPs over Ccases.
Let u be the set of former ccases that become mcases when r is generalized. On
the face of it, it seems that we have a dilemma: either we generalize r and lose
the u ccases, or we fail to generalize r and continue to lose the gen-mcases(r).

Does this failure of refinability call for rule acquisition or higher—order analysis?

There are higher-order procedures that can be attempted in this situation.
For example, maybe the problem can be alleviated by lowering r’s confidence in
tandem with one of the original refinements that was successful over M. The idea
is to lower r's confidence to a point where it still corrects as many cases in M as
possible, but reduces the size of u as far as possible. To do this we could take
the mean of PDX over the cases in u=m and the mean of the CDX over the
cases in gen-mcases(r)=m . We know that we can drop the confidence of r 0 a
value somewhere above m, and still correct the majority and perhaps most of the

cases in gen-mcases(r). If m <m_. this lowering of confidence will still result in



the majority of cases in u beng los. On the other hand, if m >m, then it is
1 2

possible that lowering r's confidence to a value closer to m, and farther from m,,
will have the effect of correcting the majority of cases in gen-mcases(r) without

causing major loses over the current ceases.
4.9. Summary

In this chapter we have presented the viewfinder  of SEEK2s first-order
heurigic refinement generator. In part this was done in order to pave the way
for discussons of the role of a metalinguistic framework in the desgn of
refinement sysems, the exposition was also intended to show the power of the

metalinguistic primitives selected.

‘We have also presented an architectu_re for extending or deepening the
smple or "flat" mode of heuristic refinement generation. We have discussed
gtuations in which the notion of failure-driven higher-order refinement has
applicability, and have given some idea of heuristics and procedures that can be
applied in these gStuations. The question of when to look for and attempt to
take advantage of such dstuations, is a key issue in contemplating higher-order
refinement. For example, should a refinement system "aways' attembt to
discover dStuations amenable to higher-order refinement, i.e, in every cycle of
refinement generation, or should it only make such an attempt when it reaches a
point where all of its proposed first-order refinements are known to fail? These
are isues involving the overall - control srategy and tactics employed by a

refinement sysem, which is the subject of the next chapter. Once we have
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discussed general questions concerning control we will be in a position to discuss
some of the concrete issues involved in implementing a failure-driven approach to

higher-order refinement (see chapter 6).



CHAPTER §

STRATEGY AND TACTICS

5.1. Integration of The Three Strategic Components

There are essentially three distinct strategic aims one usually wants to

accomplish in one way or another with a refinement system.

The first aim is to /ocate, as well as possible, and to as fine a grain as is
possible, "places” in the knowledge base where errors are present. This is
analogous to the problems of locating hardware flaws in an actual circuit or a
design flaw in a circuit schematic. In fact all of these problems can be
considered as instances of a class of problems that I have defined elsewhere,

[Ginsberg 84), and called /ocal/ization problems. 1 therefore call the first
component of our strategy the fau/t /ocal/ization component. The localization
issue is one that we have already touched upon in our discussion of refinement

generation; we will have a brief discussion of it below.

Given that we have reason to believe that certain rules or rule-components
are faulty, our second aim is to suggest ways of correcting these errors. This is
the issue addressed by the second component of the overall strategy, and we will

call it the refinement generation component. This strategic aim is truly at the



heart of the problem, but since it is an issue to which we have already devoted

much attention (Chapters 6, 4), we have little to add here.

The third component addresses the issue of refinement verification and
selection.  Once we have generated some refinement possbilities, we want to
know which of them, or which combinations of them, improve the empirical
adequacy of the knowledge bass and which ought to be recommended for
adoption, or tentatively incorporated in the knowledge base. This is the dtrategic
am that we have said the least about up until this pbint, and will therefore

concentrate on in this chapter.

The main tak of this chapter is to consder ways in which these three
components may be integrated in a unified coherent drategy for doing knowledge

base refinement.
5.2. Fault Localization

5.2.1. Philosophical Prelude

The analogy between the drategic aims of fault localization in knowledge
base refinement and hardware fault diagnosis, also carries over to a certain degree
at the level of drategic principles in the two problem domains. For example, in
both problems one tries to use the inherent hierarchical reationships among the
components of the entire (domain) sysem in order to ad in the search for

flaws [Genesereth 82].



But the analogy has its limits and can be misleadiﬁg if carried too far. In
hardware (or design) fault diagnosis the issues of where the fault is and what to
do about it. are not only conceptually distinct, they can be attacked separately in
practiée, and successfully so. This is because there are, in general, definitive
observable criteria by which it can be determined that a fault exists at a certain
location in the circuit. For example, if a circuit module is supposed to output a
1 at a port when a 0 is input at another port, then if the expected behavior is
not observed we know that the module is faulty. Of course, to know this with
"absolute certainty” in the case of an actual piece of hardware we have to know
certain other things with absolute certainty, e.g., the failure was not a transient
effect of random interference from a distant source. Clearly we are never in a
position to rule out every other possible explanation of the failure with absolute
certainty, but rarely is anything remotely approaching such certainty desired. If
we are willing to make some assumptions, that may often be justified in ordinary
circumstances, then we can say that obtaining conc/usive evidence of faultiness
is not only a real possibility in hardware fault diagnosis, but is in fact often
obtained. This observation is even more pertinent with respect to fault diagnosis
at the design level. This means that, for most intents and purposes, one can
drive a fairly sharp wedge between the strategic goals of fault localization (where
is the fault?) and fault classification (what is its nature?) and correction (how

to fix it?) in hardware fault diagnosis.

The situation in knowledge base refinement is usually quite different,

depending upon the nature of the domain of expertise the knowledge base is



intended to capture. In the usual case, the rules in an expert sysem represent
inductive rules'of inference, and this is what we assume in our work. (If a
knowled_'ge:‘base, however, contained rules that were intended to represent relations
between premisess and conclusons that could be made with deductive or
mathematical validity, the analogy to fault localization in hardware fault diagnosis
would be that much deeper, since putative logical or mathematical relationships
mus hold universally, i.e, one counterexample is proof of invalidity.) In a
typical expert sysem domain, eg., a branch of medical di.agnosis the rules will
represent empirical associations of varying degrees of "necessty.” Often the
necessty of the association is purdy a matter of datistical relevance of certain
features to others, sometimes there is an undersanding of the association in terms
of underlying causal mechanisms, but more often than not the complexity of the
problem together with limitations in the experts undersanding of these
mechanisms is such that they mus be regarded as non-deterministic, i.e, the
corresponding associations must still be expressed in datistical laws.  In such a
domain the fact that a single case is known in which a rule sanctioned an
inference that is incorrect, is usually not conclusive evidence that the rule is
suitable for refinement. What is worse, definitive criteria for such evidence
cannot be given. If we observe ten counterexamples and no positive instances to
a rule which has a confidence factor of, say .7, is that definitive evidence that
the rule is flawed in any way? The answer is no, for a very smple reason: the
problem can always in principle be attributed to a failure to acquire other rules,

rather than to a flaw in this rule.
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In knowledge base refinement, therefore, while we can drive a conceptua/
wedge between the strategic aims of fault localization and fault correction, in
practice this distinction can be sometimes obscured. The best evidence that we
have located a faulty rule is the knowledge that if we refine it in a certain way
then empirical adequacy is improved. If case evidence leads us to believe that a
rule is flawed and we find that a certain refinement to the rule improves
empirical adequacy, and we find no other refinement to another rule that does
equally well, then we have even more reason to believe that we located a "real”
flaw to begin with. If the expert approves of this refinement, then we are
finally justified in concluding with relative certainty that a flaw was located.
However. even after the refinement has been given expert approval, we can still
pose doubts concerning its appropriateness or validity. Conversely, if we find
that all plausible refinements to the rule in question fail to lead to adequate gains
in empirical adequacy, etc., we may consider this as evidence that the rule was
"OK" to begin with after all. Knowledge base refinement is truly an exercise in

pragmatism.

The result of this discussion is that our division of the problem into three
components does not mean that solutions to each component can be given in
complete isolation from the others. Thus while we may offer certain strategic
principles in relation to the interpretation of one strategic component, in many

cases the principle will have implications for the entire problem.



5.2.2. Strategic Principles for Initial Fault Localization

While we can't hope to localize faults all the way down to the component
level without. doing refinement generation, we can hope to initially localize faults
to the rule level, i.e, to sets of rules, by usng other criteria. The details of
how this is done for a first-order refinement sysem have already been discussed
in chapter 4. To review briefly, given any mease we can localize the rules
responsble for it to those in rule-chains for ether PDX(mcase) = the expert's
concluson in mease, or CDX(mcase) = the knowledge bases concluson in mease
This criterion is sufficient to enable us to divide the overall problem of
improving the knowledge bases performance into subproblems involving one dx,
i.e, we dedl with r-situations <R,M> in which
M=M (dx)= {mease|FP(dx,mcase)vFN(dx,mcase)}, and R is defined as in chapter 4,
i.e, the sat of rules that are in some rule-chain with dx as the endpoint Note
that R is also a function of dx, so we can write R(dx). It is then up to the

refinement generator to further localize the problem.

One mus be clear, however, as to how far this application of the dSrategy
of divide-and-conquer goes. One could undergand it as extending through all
three drategic components of the refinement process. Viewing it in this way
would mean that one would deal with each r-situation independently of the others
even in the verification and selection phas&s of the process. In other words, for
each endpoint dx, one would refine the rules for it with the goal that the cases

in M(dx) should be corrected, without worrying about the other cases.



In the general case this wholesale adoption of divide-and-conquer is
misguided. If we reduce the size of M(dxl) by refining the rules involved in
concluding dxl, while ignoring the effects of the refinements on other cases, then
we hai/e no way of knowing that we haven’t created more mcases than we have
gained. Divide-and-conquer makes sense for localization and refinement
generation. To use it in verification and selection is. in general, a waste of time,
and likely to be counterproductive. Only if we have special knowledge to the
effect that the rules and cases for each dx have minimal "interaction" with one

another, is wholesale use of divide-and-conquer justifiable.

Another important strategic principle for fault localization is also already
fémiliar from our previous discussions. This is the idea of using the hierarchical
logical structure of the knowledge base to guide our search for faulty rules.
Thus, in heuristic refinement generation, we begin our analysis with endpoint rules
and proceed to intermediate rules only when hypotheses components are implicated
in the former. As noted before, back-chaining up a rule-chain may be repeated

as many times as warranted.

There is another manner in which this strategic principle may be applied in
knowledge base refinement. In some knowledge bases, the endpoints themselves
are ordered in hierarchical fashion; we call such an ordering a taxonomy ( [Weiss
and Kulikowski 79]). To use automobile fault diagnosis as an example, while
both dx]= car has electrical system problems and dx2= battery is discharged

are both endpoints,- if we employ a taxonomy we will designate dx‘ as a



"predecessor” of dx , ie., dxﬂ is one type of electrical problem. Such a taxonomyv
is a hierarchical structure whose logical properties can be exploited for the
purpose of more efficient fault localization. For example, if PDX(mcase)=dx
but CDX(mcase)=dx], where, as above dx2 falls under dx1 in the taxonomy, then

we can localize the fault in this mcase to the rules that conclude dxﬂ.

5.3. Verification and Selection

We now move on to the topic of strategies for verification and selection
of refinements. In contrast to fault localization, the situation here is somewhat
less clear. Aside from the knowledge that it is wise to test refinements over the
entire data base of cases, there are no obvious strategic principles that determine
the basic outlines of the process. In large part, the choice of verification and
selection regime depends on the sort of performance We would like our
refinement system to achieve, and the nature of the search algorithm used to
achieve that level of performance. The nature of this connection will become
clear below. But the fact that the connection exists makes it difficult to discuss

verification and selection in a vacuum, i.e., without assuming something about the

overall search strategy employed.

Therefore in this section we will discuss the issues of verification and
selection of refinements in relation to three very general, mutually exclusive, and
exhaustive options for doing knowledge base refinement. The three options are i)
ground-zero sysiems:. these work solely with the initial knowledge base, i.e., they

do not tentatively incorporate refinements, ii) sing/e-generation systems:. these



incorporate refinements, analyzing successive versions of the original knowledge
base, but at any time have access only to the latest version, iii)
mu/tiple-generation systems: these are like single-generation systems except that

they have access to multiple versions of the knowledge base at any time.

5.3.1. An Important Ground Rule

Before discussing the three options, we first need to state a "ground rule”

that all three of them will be understood to obey.

The ground rule is the rule of comp/ete case anal/ysis. This is a shorthand
way of referring to the principle that no selection (or final ranking) of
refinements generated for any r-situation is to be done prior to the generation
and testing of refinements for every r-situation involving the current knowledge
base. In other words, before selecting any refinement for tentative incorporation.
the refinement system must first do refinement generation and testing (of every
refinement so generated) for every dxe DX, i.e., every <R(dx),M(dx)> must be
analyzed. (Of course if Mi(dx)=¢ for a dx, then the "analysis" of the

corresponding r-situation is trivial.)

In a work where we have usually expended considerable effort in order to
keep our analysis as general and flexible as possible one might wonder why we
choose to impose such a seeminglly arbitrary ground rule. For one thing the
assumption of complete case analysis makes it much easier to conduct a

meaningful comparative discussion of the three strategies to be presented. The



main reason, however, is that no matter which strategy we use, the assumption of
complete case analysis makes good sense. Clearly, for ground-zero and single-
generatio‘n -systems it would be reckless to change the only version of the
knowledge base we have before completing our analysis of it. In the case of
multi-generation system, since multiple versions of the knowledge base are in
hand, failure to adhere to the principle of complete case analysis would not be
disastrous. However, as we shall see below, there are nonetheless good strategic

reasons for adhering to this principle.

5.3.2. Verification and Selection in Ground-Zero Refinement Systems

A ground-zero system is one that never selects refinements for tentative
incorporation in kbo (the initially given knowledge base), rather its analysis is
always conducted with respect to kbo. As output a ground-zero system will, at
the very least, produce a list of refinements to l(bo that have been verified to

yield such-and-such a gain in empirical adequacy.

Failure to incorporate refinements is not, in itself, a failing, since the expert
is always the final judge over the admissibility of refinements. However, while a
ground-zero system does not need to worry about selection issues as such, if the
system is to be of mmaximum utility, it has to be all the more concerned with
verification issues. In other words, if all the system does is report findings of
the form "refinement 5 yields net gain of n cases,” where the list of such
findings is potentially large, the system is less useful than one that could say

something more about the relative merits of these refinements. Simply reporting



the reaults in order of decreasng net gain would be of some use. However, what

we have in mind is something much more useful. Suppose that refinements 7
1

and 7_ are known to result in (positive) net gains n, and n" respectively. This
information ill leaves open the question of what the combined effect of

incorporating both 7 and 7 in kb will be. The smple way of obtaining this
1 2 0

information is to do a tes of this joint refinement over the entire data base of

cases, just as we have aready done for each refinement separately.

Let G(7,kb,C) be a function that for a given refinement to the kb, whether

smple or complex; returns the net gain in cases in C that rewults  For

it 2

7={7 ,7 }, there are four possibilities of interest-

Empirical non-interference

G(7kb,C)=G(7, .kb,0G(7"kb,C)

Constructive interference:
G(7,kb,C) > G('rl.kb.C)*G(-r,.kb,C)
Destructive interference:

G(1,kb,C) < Max{G".kb.O.G"._kb.C)}



Indeterminate:

Glr.kb.C) 2 Max {Gly .kb.C).Glr kb.C)}
and

G(~.kb,C) < G('yl,kb.C)*'G('y’,kb,C)

Let us examine each of these in turn. If 7, and v, are empirically
non-interfering, the net effect of their joint incorporation is sfmply the su}n of
the net effect of their single incorporation. It is important to note that
empirical non-interference of refinements, as well as the three other properties
listed. is not a function solely of the refinements and the kb but also of the
current composition of C. Two refinements that are empirically independent with

respect to C might fail to be so if new cases were added to C.

If it turns out that the net effect of joint incorporation is greater than the
sum of the two refinements taken singly, then we have constructive interference.
If it turns out that the net effect of joint incorporation is less than the
maximum of the two refinements taken singly, then we have destructive
interference. In this case, and only in this case, can we say with certainty that
somehow one or more cases that would have been gained by one of the
refinements singly, is lost as a result of the joint refinement. If the joint result

is greater than or equal to the maximum of the two but less than their sum, this

meerrniteonnmtrmnommm mnattld lha thn wamitlt ARG Aman ooallilvracemnet AAIIertommmnteonse Plheae Atlhemae Ittt <o¢



could jus as eadly be the result of the two refinements being redundant over
some casss, i.e, there is some overlap in the cases they correct singly; for this

reason we label the results indeterminate.

Common sense seems to dictate the following precepts.  Empirically non-
interfering and congructively interfering refinements ought to be grouped together
and recommended for joint incorporation. Destructively  interfering  and

indeterminate refinements should be kept apart

There is no reason to limit this joint verification idea to two refinements.
Given a st r of n refinements of podtive net gain, we would like to know all
the "maximal" joint subsets of I\ i.e, subsets of T consisting of refinements
whose joint incorporation into kb results in a net gain that is greater than
or equal to the sum of the single gains, and such that no other member of T

can be added to the subset without violation of this condition.

A sophigticated ground-zero syssem might therefore work something like this.
Firs it will generate and test refinements for each current r-situation over C,_
keeping a lig of those that have positive net gain. At the end of this phase it
will compute all the maximal joint ’subsets of refinements from this list, and then

rank the resulting maximal sets in order of decreasing net gain.

Such a procedure might seem to be too costly. If there are n members of

the initial list, then 2" subsets will have to be tested. Note that we cannot cut



174

down on the cost by making use of assumptions concerning the above p-roperties
that may seem natural but are in fact not justified. There is no reason to
believg; for example, that empirical independence is a trandtive property, i.e, if
a and 0 are empirically independent and 0 and y are empirically independent, it

does not follow that a and y are

Given that this procedure is too costly, what are the alternatives? An
approximation algorithm that 1 find attractive will now be discussed.
Intuitively, the idea behind the algorithm is to find one or more maximal subsets
in an incremental fashion, although none of the maximal subsets generated is

guaranteed to be among the best in terms of overall net gain. Let r=7..7 be _

1 n

the initial set of refinements ordered (from 1 to n) in terms of decreasng net
gain. Let <J be initialized to {4}. Let $ be initialized to 71. Now for every

other 7, i=2...n we do the following.
if

G U J{7) kb.C) £ CHwkbC)}+G(7 kb,C)

(adding 7 to u leads to an increase over G(qkb,C)

as leagt as great as G<7 ,kb,0)

then



(add v to w)

else

§ SU{'Y}

At this point w is a2 maximal set in the above sense - this is obvious by its
construction - although it need not be one with the greatest net gain. At this
point we can repeat the procedure using { as the initial set. We continue until
every member of the initial set belongs to some maximal set, i.e., until a pass
yields {=¢. In the worst case this procedure will require on the order of n’
verification runs over C. When we are done we may not have discovered all the
maximal sets, nor those with greatest net gain, but we have succeeded in imposing
some order. on what is otherwise a mass of unrelated results. As we shall see

below, this procedure is also useful in single and multi-generation systems.

The general point to be made here is that a good refinement system cannot
avoid the issue of selection. A good ground-zero system will present its findings
in a way that is more or less the same as a system that does tentative selection.
Therefore the issue of choice of a selection criterion, which we discuss below, has

implications for the verification component of a ground-zero system.

The main advantage of a ground-zero system is also its main disadvantage.



By esxhewing tentative incorporation of refinements a ground-zero system
eiminates the problem of "dependency chains' of refinements, that is, the final
results _.re.ported by a ground_-zero sysem are independent, in the sense that the
net gain engendered by one refinement does not depend upon incorporation of
any other refinements presented. This is true even if the results are in the form
of maximal sets as we have advocated, i.e., incorporation of any non-empty subset
of a maximal set will result in a net gain. But thére is another sense in which
these refinements are independent: each refinement is discovered by doing
refinement generation over kb . In a generational sysem, on the other hand,
after doing some tentative i?lcorporation, one may be working only with

knowledge bases that are refined versons of kb . The results of refinement
o

generation. over these refined knowledge bases may depend upon earlier changes

made to kb . If the earlier changes are later reected by the expert, the work

0
done in latter phases was for nought.

But the whole point of a generational sysem is to introduce changes in kb
0

that will "loosen things up a bit" and thus lead to new possibilities for refinement

generation, and discovery of proven refinements. If tentative incorporation of

refinements to kb0 does not ipso facto lead to new refinement generation

possibilities, or postive verification for refinements that previoudy resulted in
zero or negative net gain, then we may as wel use a ground-zero system.
Therefore, the main disadvantage of a ground-zero system is that it misses out on
the discovery of new refinement generation possibilities that could come from

tentative incor poration.



How much of a loss or disadvantage this is depends upon the level of
analysis carried out by a ground-zero system’s refinement generator. The higher
the order of the analysis, the more complex the generated refinement operations

can be, and therefore the less likely it is that a useful refinement will be missed.

§.3.3. Verification and Selection in Single-Generation Refinement Systems

A single-generation refinement system is one that at any time has only one
version of the knowledge base available for analysis. = Whenever a tentative
incorporation is made, the old version of the knowledge base is no longer
available. A single-generation system that does tentative incorporation is said to
be cyec/ic, where the cycles are demarcated by the sequence of successive

knowledge bases.

As we remarked in the previous section, the intent of such a system is to
follow up on new refinement generation possibilities, as well as retest old
refinements in a new environment, created by incorporating proven refinements.
The fact is that no matter what the level of analysis conducted by the refinement
generator, one cannot rule out the possibility that incorporation of a proven
refinement will result in r-situations that will yield new plausible refinements
when analyzed by the same mechanism. Moreover. once some tentative
incorporation is made, old refinements that previously led to little or no gain,

may now produce positive net gains.

SEEK2 [Ginsberg, Weiss, and Politakis 85] is a cyclic system. In each cycle



it does a complete case analysis, as defined above, and then it tentatively
incorporates the single refinement that yields the greatest net gain over the
currenf vérsion of the knowledge base. It halts when none of the refinements
generated in a cycle lead to a positive net gain. The output of the program is
the set of refinements that have been discovered to lead to this result, together

with the appropriate statistics on net gain and overall performance breakdown.

~Given our previous discussion, there is one way in which a cyclic system
such as SEEK2 can be augmented by additional useful information. When the
system halts and has selected a set of refinements YT (listed here in order of
selection) the user is not told whether or not there are any dependencies among
these refinements. Since -yI was selected with respect to kbo. we know that it
can be incorporated into kbO with a resulting net gain. But we don’t know
whether the sarhe can or cannot be said of 7, through T A simple way in
which information concerning this question can be obtained is the following. Let
o] be the set of refinements generated and tested in the f/irst cyc/e that are
verified to lead to a positive net gain. Note that if any of the selected
refinements 7, is a member of 01, this entails that 7, can be incorporated directly
into kbo with a resulting positive net gain. On the other hand, if ] is not a
member of C)l then it may be concluded that 7i’s positive contribution to
empirical adequacy is dependent upon at least one of the earlier refinements v
j<i. Therefore, by keeping a record of O1 a cyclic system can give the user
some information concerning the relative dependence or independence of the final

set of refinements selected.



This point also raises a question concerning the selection policy of a cyclic
system. Instead of incorporating the single best refinement in a cycle, one could
incorporate a maximal subset of all generated refinements in the cycle that have
positiVe net gain. The approximation algorithm given above could be used for
this purpose. In terms of cost-effectiveness, the idea is that while the cost per
cycle would increase, one would avoid re—generﬁtion and re-testing of the same

refinements over and over again in successive cycles.

An interesting question concerning this procedure is whether it has a good,
bad, or no effect on the nature of the final refined version of the knowledge
base produced. Assuming that both the simple selection policy and the complex
policy can be employed in such a way as to always lead to a local maximum -
this is an assumption we will investigate and justify below (see section 5.5) - can
one be said to generally reach a better local maximum than the other? We will
consider this once we have examined further how either of these procedures can

be said to reach a local maximum.

5.3.4. Verification and Selection in Multiple-Generation Refinement Systems

In a multiple-generation refinement system at any given time the system has
access to an, in principle, unlimited number of refined versions of kbo. Data
structures and procedures for implementing such a scheme have been design and
utilized in RM (see chapter 6). At this point the basic fact to keep in mind is
that any refined version kb’ of kbo is completed determined by the set of

refinement operations that lead from the latter to the former.



The new possibilities for verificaticn and selection policies opened up by a
multiple-generation system are legion. For example, suppose all the "old" versions
of the kﬁowledge base are accessible, along with several "current" versions (see
figure 5-0), i.e., we have a lattice of knowledge bases rooted at kbo. Essentially,
at any time, we now have an historical record of how the refinement session has
proceeded. Looking up the paths in the lattice, we can access (perhaps by re-
generating) the earlier views of the knowledge base. This allows for the
nossibility of strategic c-heuristics (see chapter 6) that take account of the
evol/ution of the views associated with the various versions of kbo, and not just
the knowledge bases themselves. Perhaps by comparing information from earlier
views with a current view, and using feedback information generated by the
earlier testing of refinements, one might be in a position to predict the effect of
a currently suggested refinement. This idea is speculation, but it a potential topic

for future investigation.

At a less speculative level, there are several advantages to using a multiple-
generation control strategy, as opposed to a cyclic system. First, such a strategy
can be used to decrease the number of arbitrary choices that must be made by a
cyclic system. In a cyclic system it can happen that within a given cycle two or
more refinements are tied for first place in net gain. We must choose one. (A
similar arbitrary choice between maximal subsets of refinements can also arise in
the case of the more complex selection strategy). If these refinements are
empirically equivalent or destructively interfering we may never again have the

opportunity to choose the refinement that was rejected, since under such



Figure 5-1:  Multiple-Generation System
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circumgtances it is unlikely that it will be re-generated in ensuing cycles. Perhaps
if we had chosen differently, the final results might be different. Moreover, who
is to say that the refinement we regected, quite arbitrarily, is not a good one in
the eyes of the expert? By alowing for multiple current verson of the
knowledge base one can adjudicate such conflicts in a perfectly fair manner: every
time such a choice Would have to be made in a cyclic sysem, a multiple-
generation system will create a new verson of the knowledge base corresponding
to each of the possible choices. Of course this means that the numbe of
current knowledge bases available for further analyss will increase by the same

number.

Taking the logic of this argument to an extreme, one can argue that the
policy of sdecting the single best refinement (or single bet maxima subset of
refinements) generated in a cycle is also somewhat arbitrary. For example, if the
best refinement has a net gain of +25, and the next bes has a net gain of "24,
why select the former over the latter? A response to this criticism would lead us
in the direction of a type of breadth-first search algorithm. This would work as

follows. Starting with kb as the root node, we generate all refinements, as
0

required by the principle. of complete case analyss, tet them over C and for
each refinement that has a positive net gain we generate a successor hode
representing the kb that results from refining kb in the specified way. We now

0
do the same thing for every successor node, etc.

Besdes the fact that this approach will be too costly to use in general, it



suffers from the problem we have mentioned in connection with cyclic systems,
viz., there could be concealed dependencies among the refinements generated in
successive nodes. This problem can be addressed by incorporating something like
the épproximation algorithm given above into the current procedure. Thus given
a node kb that has aiready been generated, using the approximation algorithm we
would generate kb’s successors as follows. Let I' be the set of refinements with
positive net gain generated at node kb. We apply our approximation algorithm
for generating maximal subsets of I. For each such subset T’ generated we
create a successor node kb’ that represents the knowl/edge base resulting
from application of T’ to kb. We now generate refinements for kb’ and all the

other successors of kb and proceed as before.

Neither the simple breadth-first search technique, nor the complex version
of it just presented are likely to be computationally practical. However, it would
be premature to rule out such procedures on grounds of complexity, without first
looking into the expected improvements that would ensue via exploitation of the
inherent parallelism of the procedure. Again, this is a topic for future

investigation.

5.4. Selection Criteria

Up until now we have used size of the (positive) net gain of a refinement
as the sole selection criterion for both tentative incorporation in generational
systems, and for ranking of maximal sets in a ground-zero system. This is the

obvious choice, is it the only choice?



Firsg of all, what happened to the spirit of conservatism? The first answer
to this quedstion is to remember that consderations of conservatism are aready
taken to _. a@unt in the refinement generation process, so that highly radical
refinements with relatively small on-target sets are not likely to be offered in the
first place (given that more plausble refinements exist). But one wonders
whether the selection criterion should not provide a second line of defense againg
radicalisn? Recall our earlier discussons of this topic (especially in chapter 3)
which assumed that other things being equal, a less radica refinement is
preferable to a more radical one.  Thus if two refinements are known to yield
not only the same net gain in terms of numbers of cases, but also in terms of
the actual cases they gain, then conservatism will sur.ely lead us to sdect only the
less radical of the two. But ohce we compare stuations that are different in
some way there are bound to be differing views as to how radicality versus net
gain should be weighed and balanced againg one another. Moreover, it may be
that each of the possble attitudes towards the issue of radicality vs net gain
trade-off is most appropriate at a certain point in the evolution of a knowledge

base

Ideally, therefore we would like to expand our metalanguage for knowledge
base refinement with primitives that are useful for customizing a sysem's
commitment to conservatism to suit the occason and the eXpert's or knowledge
engineer's tastes. An obvious and smple idea is to allow for the specification of
thresholds on net gains, so that a refinement whose net gain falls beow the

threshold will not be sedlected. A more sophigticated idea is to comparatively



evaluate refinements not only on the basis of the size of their net gains, but also
on the basis of how the net gain is produced. For example, suppose in r-
situation <R,M> refinement r1 has a net gain of three cases that results entirely
from the correction of three cases in M, while T has a net gain of three cases
also but it results from six cases in M being corrected but three cases in C being
lost. Even from this information alone, conservatism constraints can be used to
justify a preference for rl over rz. To make the case stronger, one can add, let
us suppose, the fact that the three lost cases were present from the "very
beginning” of the enterprise of knowledge base construction and figured crucially
in the acquisition and refinement of the rules that accounted for their correct
diagnosis. A compiete conservative with regard to the preservation of correct
diagnoses might argue that once the expert has sanctioned a version of the
knowledge base that correctly diagnoses a set of cases D. no refinement that loses
anv of the cases in D should be selected no matier how many new cases it gains.

(Though, I, for one, am not that conservative.)

In order to allow for the metalinguistic specification of selection criteria that
embody these constraints, we introduce the notion of a paradigm. A paradigm is
a relationship between a set of rules R ckb and a set of cases C that are known

P

P
to be correctly diagnosed by kb "in virtue of” R, i.e., these rules were intended
p
to deal with these cases. Specification of one or more paradigms for a
knowledge base is an instance of the use of domain-specific metaknowledge. We

stipulate that a single rule can belong at most to one paradigm. Intuitively a

paradigm should be stipulated only when the defining condition of the relation is



both known to hold for a <R ,C > pair and it is dedred that any refinement to
PP

Rp,or perhaps even to other rules, will pressrve the paradigm. In other words,

there i_.s:‘an option here. We can be wary of violating paradigms only when

refining rules in the paradigm, or also when refining rules outsde the paradigm.

There seem to be no good reasons for udng paradigms in the latter way, so we

ignore it here.

Whenever a refinement for a rule r is to be evaluated for selection we
check to see if r bedongs to a paradigm. If it does, we must check to see
whether r causes kb to lose any of the cases in the paradigm. If so, we can
take appropriate action according to the dictates of éur brand of conservatism,
eg. automatically rgect r, rgect r if some other refinement gains some/most/all -

of the cases it gains without violating the refinement otherwise accept r, etc.

5.5. Searching The Universe of Knowledge Bases

Knowledge base refinement may be thought of as an "optimization” problem
in the following sense: our goal is to maximize the empirical adequacy of the
knowledge base subject to the condraints of conservatism. As we have seen, a
number of general conservatism consgraints hold for any knowledge base
refinement problem, eg., the numbe of rules does not change, the conclusions of
rules do not change, etc.,, while other conservatism constraints may be chosen on

a problem-by-problem bass.

Mathematical optimization problems involve a search through a well-defined



space or graph of possible solutions with the goal of discovering a point or a
node that maximizes a given "objective” function. In chapter 1 we indicated that
while a well-defined search space, kb-space, exists for knowledge base
refinement, the representation is not one that is amenable to the application of
mathematical optimization techniques. It is nevertheless useful to show precisely
how knowledge base refinement may be viewed as search through a space of
possible solutions. By doing so we will, for one thing, be able to give more

_precise meaning to the notions of local/global maxima in the present context.

5.5.1. KB-Space: The Universe of Knowledge Bases

According to our assumptions. every knowledge base contains a finite set of
rules which are "built out of" a finite set of elements. For the rule
representation language we are considering, these elements fall in one of the
following types: 1) findings, 2) hypotheses (as premises). 3) choice components, 4)

conclusions, and 5) confidence factors.

By assumption every finding corresponds to a domain feature that can either
be present or absent in a case, or take on some numerical value in a specified
range. At this point we invoke certain assumptions on numerical features and
their corresponding findings. The basic point of these assumptions is to aid in
"breaking up” one numerical feature ¢ with range of possible values [l:h], into a
finite set of true/false features ¢i each representing the presence/absence of the
value of ¢ in a specified sub-interva/ of [Lh]. This break-up then induces a

restriction on the way in which the corresponding finding may appear in a rule



of the knowledge base.  The assumptions are the following. Let F be a
numerical finding, let ¢ be its corresponding feature with range (l:h], and let C
be the ordered sequence of cells corresponding to the ¢. that are produced by
breaking up the (L:h] using the step-size &. We stipulate that whenever finding
F appears in a rule of the knowledge base it must be accompanied by a range
(a:b] that satisfies the following conditions: i) a<b, ii) both a and b are equal to

a boundary of one of the cells in C.

Given our assumptions it follows that for any numerical finding F, there are
only a finite number of ways in which it can appear as a component of a rule in
either the original knowledge base or any refined version of it, ie., it must take
on the form F([a:b] for a and b that satisfy the stated restrictions. Moreover.

for any numerical finding, we can construct and enumerate its possible ranges.

It follows from these remarks that, in principle, an exhaustive list of all the
finding components that can ever appear in any refined version of the knowledge
base can be enumerated. An analogous set of assumptions and remarks can be
made concerning the possible forms of appearance of hypotheses in the premises
of rules, i.e., we assume each hypothesis has a specified or "legal" range of
values, and that a step-size is given, etc. Therefore for any hypothesis we can
construct and enumerate its possible ranges. Furthermore, we will also assume
that when a hypothesis appears as a rule conclusion, thén the confidence factor of
that rule can be raised/lowered only in multiples of the step-size specified for

that hypothesis. A step-size is also provided for each endpoint. Therefore, for



any rule, there are a finite number of confidence factors that it can take on.

Suppose that for a given knowledge base KB, we have indeed constructed a
list L of all the ways in which findings and hypotheses can appear in the rules,
i.e. we have a finite list with entries of the F[a:b] and Hl[c:d]. Now all the
choice-components that can ever appear in any rule in the knowledge base must
have a choice-list whose elements come from L. Let n be the number of
elements in the list. Then there are 2"-1 non—-empty subsets of the elements in
L. and hence the same number of possible choice-lists. For each choice-list <C>
of length /, there correspond /+1 well-formed choice components, i.e., [0: <C>],
[1: <C>]...,[/: <C>]. Thus we can construct and enumerate ali the possible
choice components that can occur in any rule, and add them to our list of

possible rule components.

Given any initial knowledge base kbo, it is clear that from it we can. in
principle, recover the complete list of all possible rule components, as defined
above. Let us denote this list Ci(kbo), where the superscript is an index on its
members. Using C'(kbo) we will now define the space of all possible refined

versions of kbo.

Let n be the number of rules in the knowledge base kbo, let m be the
number of elements in C‘(kbo). A point in the kb-space based on kbo will be
determined by specifying for every rule and every element of Ci(kbo) whether the

latter is a component (conjunct) of the former, and in addition by specifying the



concluson and confidence factor of every rule. Formally a point in kb-space has

the following form:

where the subscript indexes the rules and the superscript indexes the

dements of C'(kb ). For 1£i<n and 1=j£m, x:J has the value 1 if the ith rule
0 i

-

contains component (“(kb ), and otherwise has the value 0. The dement X" has
0 i

m+2

as value the conclusion of the ith rule, and the dement X has as value the

confidence factor of the ith rule

Clearly kb is represented by a unique point in its kb-space, and it is also
0
clear that any kb obtainable from kb by application of refinement operations

o]
will have a representative point in kb-space.

A typical rule in a knowledge base generally has only a few components.

Therefore for the ith rule most of the entries XJI will be 0. This gspardty or

"wade of gpace' of the proposed representation is a non-issue, since kb-space is
important to us as an abdract mathematical tool for analyss, and not as a
potential computer data structure. A good feature of this representation is that it
defines a space of fixed dimensionality, while accommodating the full range of

refinement possibilities associated with kb .
0



5.5.2. Maximization: Local and Global

Given a kbo. we have seen how a kb-space that( represents its "space of
possiﬁle refinements” may be defined. In terms of kb-space, the process of
knowledge base refinement may be described as the exploration of portions of
kb-space with the point corresponding to kbo as the starting point of the search.
Ignoring considerations of conservatism for the moment, the basic goal of this
search may be seen as the maximization of an "objective function” thé.t measures

knowledge base performance over the data base of cases.

If ¢ is a case and kb a point in kb-space then CDX(kb,c) returns the dx
that is concluded by kb with highest confidence in case ¢; if no dx is concluded
with positive confidence in case ¢, then CDX(kb,c) returns a distinguished "null
value." A case c is diagnosed correctly by kb if and only if PDX(c)=CDX(kb,c).

What we want to maximize is the number of cases for which this condition holds.
Let o be the microstate that characterizes the r-system (see chapter 6).
Then the function we want to maximize may be written as:

f(kb,0) = | {case | PDX(case)=CDX(kb,case)} |

= the number of cases correctly diagnosed by kb.

Let kb be a point in kbo's kb-space. Then kb is a g/oba/ maximum if



and only if f(kb,a)£f(kb',a) for any other point kb'. For n”l we define the
nth-order neighborhood of a point kb as the st of points that can be obtained
from kb bS/ fhe application of a single refinement operation of order £n. Then
a point kb is an nth-order local maximum if and only if for any point kb’ in

the nth-order neighborhood of kb, f(kb,a)Ef(kb',a).

It immediately follows from the definitions that an nth-order local maximum

is an ith-order local maximum for all i£n.

To see why we réelativize the notion of a local maximum in this way, let us
congder what the intuitive mathematical notion of a local maximum is. A local
maximum with respect to a function f(p) is a point p such that no matter in
what direction around p one looks, al the points p' in the "immediate
neighborhood” of p have a value f(p')<f(p). In other words, to talk about a
local maximum simpliciter, one has to have a metric or distance-function on
the points of the space, according to which it is possble to define the st of

points that are "closet” to any given point

We have not defined a metric on the points of kb-spacee Such a metric
would in fact seem to be nothing more nor less than the previoudy discussed
radicality metric (see chapter 3). Any two points in kb-space may be obtained
from one another via a (possbly complex) refinement operation 7. Rad<7> may
therefore be used as a distance measure on points in kb-space that are related by

means of 7.



Just as the specification of a radicality metric is a domain-specific, and
perhaps somewhat subjective matter, the same must therefore be said concerning a
distance metric on kb-space. Thus we do not assume the existence of such a
metric. Therefore the notion of a local maximum in kb-space s/mp/iciter is not
well-defined, and we must employ notions that are relativized, such as those

defined above.

Note, however, that if we had a metric on kb-space then the goal of
knowledge base refinement could be formulated in very elegant fashion as the
search for the local maxima c/osest to kbo. This formulation automatically takes

account of the idea that conservatism is an important constraint on solutions.

5.5.3. Maximization vis-a-vis Heuristic Refinement Generation

Let us consider a first-order refinement system that operates in the
following manner. Starting with kbo. such a system generates, tests, and perhaps
incorporates first—order refinements until it reaches a point in kb-space at which
all the refinements it generates fail to result in improved empirical adequacy, at
which point the system halts. In this section we determine what sort of

performance may reasonably be expected from such systems.

It is not surprising, and easy to show, that any first-order refinement system
can at most guarantee that it always reaches a first—order local maximum. To see
this let kbr be the point in kb-space at which the system halts. Before halting at

kb[_, the system will have investigated a subset of the first—order neighborhood



surrounding kbf, perhaps the entire first~order neighborhood. In addition, if the
system employs an approximation algorithm for determining maximal subsets of
refinements (see above p.173), or if it employs some form of failure~driven
higher-order analysis, then it will also have examined certain selected points in
higher-order neighborhoods surrounding kbf. Thus it is quite possible that there
is an unexamined point kb’ in the second-order neighborhood surrounding kbf

such that f(kb’,0)>f (kbr.a).

The interesting question is under what conditions a first-order refinement
system can actually guarantee that when it halts it has found a true first-order
local maximum? It is obvious that if the system always examines the entire
first-order neighborhood surrounding the current point in kb-space, then when it
halts a first-order local maximum is reached. But is it necessary for the entire

first-order neighborhood to be searched in order for such a guarantee to be

given?

For a refinement system that uses a heuristic approach this is equivalent to
asking the question: "When every generated refinement with respect to point kb is
verified to give zero or negative "increase” in empirical adequacy, may we
conclude that no positive net gain first-order refinement exists with respect to

kb?”

From a purely theoretical point of view it turns out that a first-order

heuristic refinement system can be designed so as justify the drawing of this



concluson. The proof of this statement, the d€ignificance of which is, at this
point, a purdy theoretical matter, is far too complicated to be presented here.
One reason the proof is of no practical benefit, is that it hinges upon the notion
of a first-order complete heuristic refinement generator. A heurigic
refinement generator r is sad to be first-order complete with respect to a
view V of an r-situation <RM> if and only if r generates every first-order
refinement to the rules on R that is On-target for any subsst of M (with respect
to V). Intuitively speaking, such a r generates every first-order refinement that
has a chance - given the information available in V - of correcting any subsat of

the cases in M.

As we pointed out in chapter 4, one reason we Use the term heuristic
refinement generation to describe our approach, is because we do not intend to
design systems that generate every refinement in R that has a chance of
correcting any misdiagnosed case in M. It is easy to show that SEEK2 is not a
first-order completé system; in fact this immediately follows from the fact that
SEEK?2 uses a max-gain+min-loss refinement generation approach. In a nutshell,
the idea of generating all first-order on-target refinements heuristically -
although not a logical contradiction - is like trying to give a useful prediction of
what, say, the weather will be like tomorrow, by providing a list of every

scenario that has the dightest possibility of occur'ring.

However, the idea of designing an algorithmic approach to refinement

generation that is complete, in a sense strong enough to guarantee the attainment



of a first-ord.er local maximum, does not suffer from the same sort
incongruity. Whether such approaches to refinement generation can be pradi<

is not clear at this time, and is a subject for future investigation.



CHAPTER 6

A METALANGUAGE FOR
KNOWLEDGE BASE REFINEMENT

In the two preceding chapters we saw, among other things, concrete detailed
expositions of the structure of an actual automatic refinement system SEEK2. A
good part of this exposition made use of a metalinguistic framework for
refinement specification. This mirrors the fact that the metalinguistic approach
was actually used in designing SEEK2's r-functions and heuristics, albeit "by

hand.” . .

A metalinguistic approach has several virtues as a research tool. First of all,
it allows for generality: the same metalinguistic framework can be used in the
specification of many alternative refinement systems. "Such an approach also
maximizes flexibility: to alter a feature of a refinement system specified within a
metalinguistic framework is a much simpler affair than altering a hard-coded
system. Finally a properly designed system of high-level metalinguistic primitives
makes it much easier to experiment with alternative refinement systems, since the
user need only be concerned with what he wants a refinement system to do, not

with the internal details of how it is to be done.



In the context of knowledge base refinement. the idea of doing
experimental research involves several possibilities, including: 1) designing,
impleménting, and comparing the performance of viewfinders, heuristics, and
architectures for refinement generation, 2) designing, implementing, and comparing
the performance of verification, selection, and control strategies, and 3) finding
ways of expressing and utilizing domain-specific metaknowledge in the refinement

process.

The metalanguage RM - short for Refinement Metalanguage - is a system
that is intended to aid the researcher in doing experimental research in all of the
aforementioned areas. RM may be used to define and utilize r-functions
interactively, or will read and process a file containing definitions written in the
language. In either case, the definitions are first translated into common lisp and
may then be compiled into machine code. In interactive mode, both the
primitive and user-defiﬁed r-functions may be used to obtain information
concerning knowledge base performance, or the data base of cases in interactive
fashion. For example, if one types PDX(1) to RM’s command interpreter, then

the expert’s conclusion in the case whose id is 1 will be returned.

RM is intended to facilitate experimental research in knowledge base
refinement by making it possible for the research scientist to quickly translate
ideas into working definitions in the language. In this way the results of using
alternative r-functions in a viewfinder may be compared without doing any

programming in the traditional sense.



While the intended use of RM is as a research tool, such a sysem could be
used as a framework for the specification of refinement sysgems in the same
mannér ‘that EXPERT is usd as a framework for the specification of expert
sydems. If the sysem is to be used for this purpose it would be useful to have
an "optimizing compiler” for the language. Currently, in the time it takes RM to
compute a view of an r-situation, the "hard-coded" SEEK2 sysem has not only
computed tr;e view but suggested and tested refinements for it This
"performance gap" may be partially attributable to some of the idiosyncfasies of
the current hardware and software configuration. But it is also partialy
attributable to the fact that the declarative set-theoretic style of r-function
definition, while useful for its intended purpose, is not easly trandated into

highly efficient code.

The preceding remarks lead up to a final virtue of a sysem like RM. It is
generally easer to verify that a two or three line set-theoretic definition meets
its intended design 'épecification, than a programming language equivalent that may
be spread over several pages of code. Thus RM can be used as a verification
tool. Once we are satisfied that an RM definition captures its intended design
specification, we can test a hard-coded verson of the definition againg the RM
verson. In fact, usng RM in this fashion led to the discovéry of a bug in the
hard-coded SEEK2 with respect to the definitions of SpecA and SpecB (see

chapter 4).



6.1. RM Primitives

In this section we discuss the key features of the metalanguage RM. A list

of the mogt important primitives of RM may be found in appendix A.

6.1.1. The Interface

In order for a language like RM - or any metalanguage for studying and
manipulating knowledge bases - to be implemented, certain software capabilities
must exist vis-a-vis the software that implements the rule representation language.
We say that an interface between the metalanguage and the rule representation
language (or expert system framework) mugs exid, or be built The interface will
allow the user of the metalanguage to 1) access the knowledge base and cases, and
2) modify the knowledge base and create new versions of it, in a way that does
not presuppose knowledge of the internal representations and procedures usd t;y
the rule representation language. The construction of such an interface may be a
relativdy smple matter or not, depending upon the nature of the underlying rule
representation framework, but it is something that can always, in principle, be

done.

RM usess an interface to EXPERT [Wess and Kulikowski 79]. The high-
level primitives desribed below enable a usr of RM to desgn and test rule
refinement heuristics and strategies for knowledge bases written in EXPERT,
without requiring any knowledge of the internal representations or procedures used
in the EXPERT framework. In other words, a use is expected to know what

rules in EXPERT look like, and how confidence factors work, and other high-



level matters, but he is not expected to know, for example, that EXPERT uses a
"compiled" internal representation of knowledge base rules, rather than a rule

interpreter.
6.1.2. Primitive R-Functions

Some primitive variables are needed to provide the system or a user with
the ability to "access" various "objects” in the (available versions of the)
knowledge base and the data base of cases. For example kb is a variable over
the currently accessible versions of the knowledge base; kbo is a constant that
refers to the initial knowledge base. The term rule is a variable whose range is
the set of rules in the domain knowledge base, case is a variable whose range is
the set of cases in the data base of cases, and dx is a variable whose range is
the set of possible final diagnostic conclusions in the knowledge base. In addition
some primitivé functions are needed to allow one to refer to selected parts or
aspects of a rule or a case, e.g., RuleCF(rule) is a function whose value is the
confidence factor associated with rule, PDX(case) is a function whose value is the
expert’'s conclusion in case ("PDX" stands for "Presumed Diagnosis”), and
CDX(case) is a function whose value is the conclusion reached by the knowledge
base in case ("CDX" stands for "Computer’s Diagnosis”). Value(finding,case), is

a function that returns the value of (numerical) finding in case.

Some of the primitives have, as it were, an implicit "knowledge base"
argument. For example, CDX(case) must return some kb’s conclusion in case,

but which one? While RM allows several versions of the knowledge base to be



accessible at any given time, only one Kb is designated as act/ive al any given
time. Basically this means that any functions that requires an implicit kb
argument will always be interpreted as referring to the active kb, whichever one
that mﬁy be. Initially kb0 is the active kb. The RM command Activate(kb) is

used to make kb the active kb.

Some primitives can be used to return information concerning either 1) rules,
2) rule components, or 3} rule subcomponents. (In EXPERT the only
subcomponents are the elements of choice-lists.) Rules are identified by numbers
corresponding to their order of occurrence in the knowledge base. Rule
components are identified by two numbers: the rule number and a number giving
the position of the component in the rule (starting with 1 for the leftmost
component). Rule subcomponents are specified by three numbers: rule number.
component number, and a number giving the position of the subcomponent in the
component. Thus, for example, the primitive Range can be used in two ways:

Range(rule,component) :

returns the [L:H] boundaries of the range

associated with rule components
Range(rule,component,subcomponent):

returns the [L:H] boundaries of the range

associated with rule subcomponents



Certain special sets of objects are of importance in the knowledge base
refinement process, and it is therefore useful to have primitives that refer to
them._e.g.’ Rules-For(hypothesis) is a function whose value is the set of rules
that have hypothesis as their conclusion (hypothesis is, of course, a primitive
variable ranging over the set of hypotheses in the knowledge base). In addition,
it is desirable to have the ability to refer to subsets of various objects. Thus, in
RM, cases is a primitive variable over subsets of cases, rules is a primitive

variable over subsets of rules.

Various primitives that in some way involve semantic properties of rules, or
the performance characteristics of the knowledge base as a whole are clearly
required. Satisfied(rule,case) is a predicate that is true /ff rule is satisfied by
the findings in case, and false otherwise. (This primitive can also be used with
optional component and subcomponent arguments_). ModelCF(hypothesis,case) is a
function whose value is the system’s confidence factor accorded to hypothesis in

case.

6.1.3. Primitive Actions

6.1.3.1. Primitive Operators

A refinement metalanguage must provide operators for combining primitive
r—-functions in order to form sophisticated r—functions. The basic operators that
are needed are familiar from set theory, logic, and arithmetic. Chapter 4 shows
how all the r—functions used in SEEK2 may be defined using simple primitives

such as set abstraction, i.e., forming a set of objects that meet a certain



condition, boolean operations such as conjunction, digunction, etc., and arithmetic
operations such as addition, summation, etc. Some procedural or algorithmic

primitives are needed as well, eg. the select operator.

Snce RM is built "on top" of common lisp, most of the primitive
operations needed are already available as lisp primitives, and may be used in RM

commands and definitions.

6.1.3.2. Modifying the Knowledge Base

A meaanguage for rule refinement mus provide an adequate st of
primitive ruie refinement operators (see chapter 3). It should allow for these
operators to be composed, so that higher-order refinement is possible (see chapter
4). Again, the internal mechanisms that implement these ideas ought to be hidden

from the user.

RM offers a sat of primitive operators that is not only sufficient for the
definition of SEEK2, but also goes beyond the current implementation of SEEK2
in power. For example, in SEEK2 all refinement operators apply only to rule
components (including confidence factors); there is no way SEEK2 can apply an
operator to a rule subcomponent, i.e, to an element of a choice-list. In RM, on
the other hand, rule subcomponents can be accessed and manipulated in the same

manner as top-level components.

Higher-order refinements . can be incorporated in heurigics by smply



compounding primitive operators together, e.g.

(Operation
(Operation decrease-choice-number n rl cl)

(Operation decrease-CF r2 x))

defines a second order operation: decrease the choice-number of component
cl in rule rl by n, and at the same time decrease the confidence factor of rule
r2 by x. When satisfied for specific bindings of the variables rl.cl, r2, and x, a
heuristic that contains this complex operator expression in its consequent or "then"”
clause will suggest this second-order refinement for the objects bound by the

variables.

6.1.3.3. Creating Mathematical Objects

A refinement metalanguage must give a user the ability to define r-functions
using the primitives. In order for this to be possible a user must be able to
create new sets, functions, and variables over both individuals and sets. RM
provides several primitive commands that allows these tasks to be accomplished.
The basic commands relevant to the design of r—-functions are: define—set, define-

variable, define~set-variable, and define~function.

As an example consider the following RM commands:

define-variable r1 rule



<U6
define-variable r2 rule
define~variable ¢l component
define-variable c2 component
define-variable subl subcomponent
define~variable sub2 subcomponent
The first two commands define two new variables of type rule, the second
two define two new variables of type component, and the last two define two
new variables of type subcomponent. Since these are primitive types, RM, using
frame~based property-inheritance, is able to determine what the properties of

these newly defined objects should be.

It is also possible to define variables over user-defined objects. Consider,

for example, the following RM commands:

define-set Misdiagnosed-Cases {case| (/= (pd.x.case) (cdx case))!

define-set-variable mcases Misdiagnosed—Cases



The first command defines a new st misdiagnosed'-cases, i.e, the sat of
dl cae such that (Pdx case)*(Cdx case). The second commaend then establishes
meases “as a vaiable over subsets of misdiagnosed-cases.  Thexe defined
variabies may then be used to define a new r-function as follows
[define-function joint-unsatisfied (rl cl r2 c2 meases)
{case in meases| (= O (satisfied rl cl case)

(satisfied r2 c2 case))}].

This command defines a function joint-unsatisfied which is potentidly
ussful in dedgning heuristics for second-order refinement  When cdled with
actud arguments, or bindings, for rl, cl, r2, c2, and meases this function will
return the set of al those cases in meases in which both rule component rl cl

and rule component r2 c2 are unsatisfied.

6.1.3.4. Creating Refinement Objects

A refinement metdanguege must dlow the user to define heuridtics for
recommending refinements, and if mugst dso provide facilities for the definition
of viewfinders - see chapter 3 - that contan the r-functions cdled by the
heurigtics. RM  provides commands and primitive data structures that are
aufficient for the implementation of the generd architecture for heurigtic
refinement generation described in chapter 4. For example, vr-heuristics and
rr-heuristics are tables that contain heuristics of the appropriate sorts (see

chapter 4), and the commands define-vr-heuristic and define-rr-heuristics are



used to define the heuristics that will occupy these tables. Thus the following

command adds a vr-heuristic to the table of vr-heuristics:
{define-vr-heuristic

(if (and (> (gen rule) 0)
(is—choice rule (Mfmc rule)))

(decrease-choice-number 1 rule (mfmc rule)))].

(English translation: if Gen(rule) > 0 and Mfmc(rule) is a

choice-component ¢ then decrease the choice~number of ¢ by 1.)

According to the general model of heuristic refinement generation, one will
typically associate a set of heuristics with a set of r—functions that are called by
the heuristics. Collectively, these r-functions make up a viewfinder. The idea
is that there is a certain natural sequence of events in generating refinements
heuristically: first the r-functions in the viewfinder are evaluated for every rule
in the given r-situation, and these values are stored (these stored values are what
we call the view); then the refinement heuristics are evaluated for every rule
making use of these stored r—function values. In RM the define-viewfinder
command allows the user to specify a set of (already defined) r-functions that
are to form such a collection. Consider the following two examples:

[define~viewfinder rule-statistics number

(signif speca specb gencf gen mfmc)]



[define-viewfinder set-valued-functions set
(signif-cases speca-ntases specbh-ntases gencf-ntases

gen- ntases nfnc-nctases)]

The fird command instructs RM to build a table (2-dimensond array)
cdled rule-statistics, whose dements will be numbers, and whose columns will
be labdled dgnif, speca, etc. The second command instructs RM  to build a table
cdled set-valued-functions, whose dements will be sas (lists), and whose
columns will be labdled dgnif-cases, etc. The nth row of these tables will

contain the vaues of these r-functions for rule /?.

6*1.35. Usng Refinement Objects

Findly, a refinement medanguage must dlow the usx to evduate
viewfinders and heurigtics, try suggested refinement experiments, and create new
versons of the knowledge base if desired. The metdanguage should dso dlow

the usr to put al these primitive actions together into an overal control Strategy

for the refinement process.

There are severd mgor RM primitives for performing these tasks.
Compute-View(viewfindei%rule-set) is a procedure that, given a subset of rules,
rule-set, computes the vaues of the r-functions in viewfindcr for each of these
rules. (The vdues ae dored Iin  the table  viewfinder).

Evaluate-vr-heuristics(rule-set) and Evaluate-rr-heuristics(rule-set) ae



procedures that evaluates all the heuristics in the tables vr-heuristics and
rr-heuristics respectively. Each of these procedures may also take an optional
argument specifying a particular subset of the heuristics to be evaluated as

opposed to the entire table.

Suppose that kb is the active knowledge base (see section u.1.2 above).
Try-Experiment(operation) is a procedure that 1) applies the refinement.
operation, 10 kba, 2) calculates the result of running this refined version of kba
over all the cases, and returns a data-structure, called a case-vector, containing
the new results (i.e., the endpoints concluded along with their confidences), and 3)
applies the /inverse of operation to kba in order to return it to its original
form. Thus this procedure does not change kba permanently; rather the case-
vector it returns is used to determine the effectiveness of operation.' By
comparing this returned case-vector with the case-vector for kba one can
determine the exact effect of operation on a case-by-case basis, if desired. The

function Result-Experiment(operation) will return the net gain (or loss) in cases

due to operation, leaving kb unchanged.

In order to create a refined knowledge base that can be available for future
analysis the procedure Create-Kb(operation) must be invoked. This procedure
"creates a knowledge base” kb that is the result of applying operation to kba (the
active kb). The data structure that represents kb contains a) operation, b) a
pointer to kba, c) a slot for pointers to kb’s potential successors, c) a table

summarizing the basic performance characteristics of this knowledge base,



including, for example, the total number of cases this knowledge base diagnoses

correctly.

In virtue of these predecessors and successors links. at any time the set of
available knowledge bases forms a tree rooted at kbo. When RM is instructed to
activate a knowledge base kb#kha, RM traces back through the ancestors of kb
until either kba or l‘:bo is reached (one of these events must occur). If kba is
reached then in order to activate kb all the refinement-operations occurring in
the path from kba to kb are performed on the current internal version of the
knowledge base. If kbo is reached, the operator information in the path from
kbo to kb is used to activate kb. (Note that RM never requires more than one
internal copy of the knowledge base; to activate a refined version of kba. the

current internal copy is modified in the specified manner using the information in

the "tree of knowledge bases.")

6.1.4. Adequacy of the Primitives

Idealiy a set of primitive r-functions should allow for the definition of any
conceivable (computable) r-function, and hence any conceivable viewfinder. A set
of primitive refinement actions should allow for the definition of any conceivable
refinement strategy. In general a refinement metalanguage should be of sufficient
power to express anything that would come under the rubric of generic

refinement metaknow/edge.

The characterization of this ideal is, however, too imprecise to allow for a



proof that a system of primitives meets it. The problem is that we do not have
a precise independent characterization of what generic refinement metaknowledge
1s. Eor this reason, just as it can never be proven - but only refuted by means
of counterexample - that the set of computab/e functions, in the /ntuitive sense,
is, in fact identical to the set of Turing machine computable functions, so too it
can never be proven that any refinement metalanguage is sufficiently rich to

capture all possible generic refinement metaknowledge.

The best we can do at this time is to devise a system of primitives that is
sufficient to account for the refinement metaknowledge that we either actually
emplov (in SEEK2), or that we know to be of possible interest. That the
primitives in RM are sufficient to express the r—functions and heuristics used in
SEEK2 is demonstrate;i by the analysis of chapter 4. In section 6.3 below we
will see that the entire structure of SEEK2, including control strategy, can be
expressed in RM. A system of primitives that meets these goals is likely to be a
good starting point, and can, if necessary, be incrementally modified to account

for new forms of refinement metaknowledge as they are discovered.

6.2. Designing R-Functions and Heuristics

The methodology that led to the development of RM had already proven to
be of use in the design of SEEK2. Although SEEK2's viewfinder is "hard-
coded,” the fact is that the r-functions comprising it were designed using the

metalinguistic framework that has now been implemented in RM.



Concrete ingances of the use of RM in designing r-functions and heurigtics
can be given. The discovery of the r-function signif-level (see chapter 4, p.137)
was aided by the interactive experimental use of RM. In this section we will
exhibit another concrete and detailed example of how RM can be used in

designing r-functions and heurigtics for knowledge base refinement

In order to present the example it might be helpful to review certain r-
functions and heuristics used in SEEK2. A Qencf situation was defined as an r-
dtuation in which meases can be corrected by boosting the confidence of a
satisfied rule for the correct concluson. SEEK2 makes use of the r-function
gencf(rule), defined below, in its analyss of such dgtuations.
genCF-rule(mease)

* the rule such that
a) PDX(mease)*conclusion(rule)
b) rule is satisfied in mease
c) of all the rules satisfying conditions
(a) and (b) in mease, none has a greater
confidence factor than rule*
% Select rule e Satisfied-rules-for (PDX(mease) ,nmease)

with Max Rul eCf(rule).

genCF- ntases(rul e)



= {mcase| rule = genCF-rule(mcase)}
genCF (rule)

= |genCF-mcases(rule)|

Mean-CDX-CF (cases)
= the mean value of the confidence of CDX(case)
over cases
= Mean (CDX(case),cases)
In particular, we are interested in:
Mean-CDX-CF (gencf-mcases (rule))
= the mean value of the CDX in the gencf-mcases(ru

(this is the value to which we plan to raise the

of rule)

A SEEK2 heuristic that makes uses of these r-functions is the followir

If: GenCF(rule) > [SpecA(rule) + SpecB(rule)]



Then: raise the confidence level of the rule to

Mean-CDX-CF (GenCF-mcases (rule)).

In chapter 4 we justified the if-clause of this heuristic in terms of the
max-gain+min—-loss approach to heuristic refinement generation (see p.148). As
was pointed out, the quantity [specA(rule) + spec_B(rule)] is certainly not the bes:
estimator of the number of currently correctly diagnosed cases that might be lost
as a result of raising the confidence factor of the rule. That quantity was chosen

to play this role in the interest of efficiency.

I now want to discuss the possibility of designing a better estimator of the
loss that can result from raising the confidence of a rule. The point of this
discussion is to show how the interactive use of RM can facilitate the

construction of such an r-function.

Let us suppose we are interested in raising the confidence of endpoint-rule
r. If we want to know how many cases we may lose by doing so, we will have
to examine all currently correctly diagnosed cases with PDX # rule-conclusion(r) to
see whether r is satisfied in these cases. Only in these cases does the
contemplated refinement pose a danger. So far this suggests the following

definitions:



Zio
define-variable cease {case| (« (pdx case) (cdx case))}

[define-function antigenCF-ccases (rule)
{cease| (and (/¢ (rule-conclusion rule) (pdx cease))

(- (satisfied rule cease) 1))}]

The first command defines a variable, cease, over the set of all currently
correctly diagnosed cases. The second command defines a function
antigenCF-ccases(rule) that returns the st of all cease such that rule concludes

an incorrect concluson in cease and rule is satisfied in cease.

One of refinements suggested by SEEK2 involved raisng the confidence
factor of a certain rule, number 49 to be exact This refinement was suggested
in virtue of the satisfaction of the preceding heurigtic. SEEK2 tries the
experiment and discovers that it leads to a net loss of nine cases. Examination
of this dtuation in RM vyieds the following information (comments appear in
italics):

meases we are liable to win by raising the CF of rule 49

RV  (gencf-ntases 49)

(11 60 74 84)



Ceases we are liable to lose by raising the CF of rule 49
R :(:éntigenCF—ccases 49)

(39 50 51 53 54 65 68 69 76 82 85 101)

We see that there are far more ceases that are liable to be lost than there

are meases that are liable to be won by this refinement.

However, it would be wrong to conclude that raising the confidence factor
of a rule will cause a net loss in cases Whmever | antigenCF-ccases(rule) | is
greater than |genCF-mcases(rule)j. Whether a loss will result depends on two
other values 1) the value to which we have to raise the rule's confidence in
order to win (half or more) of the gen-mcases(rule), i.e, mean-cdx-cf(gen-
mcases(rule)), and 2) the average value of PDX(ccase) in antigenCF-ccaseg(rule), or
what we defined (in chapter 4) as mean-pdx-cf(cases), i.e,

M ean-PDX-CF(meases)

the nean value of the confidence of PDX(ntase)

over neases

Mean( PDX( mease) , meases)



Now, continuing with our RM session, we see that:

find mean value of CF of current highest conc/usion in genCF-mcases

of rule 49, must raise CF to this value to win 1/2 of mcases

RM> (mean-cdx-cf (gencf-mcases 49))

0.75

find mean value of CF of PDX in Ccases we are /iable to /ose

RM> (mean-pdx-cf (antigencf-ccases 49))

0.575

This information indicates that while we can expect to win 2 or so cases by
raising the confidence of rule 49 to .75, we can also expect to lose 6 or so
antigenCF-ccases(rule) at the same time, because these cases conclude PDX at a

confidence level around .575.

The lesson of this example can now be generalized into the following
refinement heuristic:
[{define-vr-heuristic

(if (and (> (gencf rule) 0)



(< (mean-cdx-cf (gencf-mcases rule))
(mean-pdx-cf (antigencf-ccases rule))))

(raise-cf rule (mean-cdx-cf (gencf-mcases rule))))]

(In English this heuristic says: if gencf(rule) is greater
than 0 and the mean—-cdx-cf in the gen;f-mcases(rule) is less
than mean-pdx-cf in the antigencf-ccases(rule), then raise
the confidence factor of the rule to mean-cdx-cf in the

gencf-mcases (rule).)

The claim here is not that this is the optimal heuristic for suggesting
confidence-boosting refinements, only that the new heuristic does have certain
advantages over the original SEEK2 version. (In fact, in testing over various
refinement situations the new heuristic suggests every useful refinement suggested
by the original, and succeeds in preventing the suggestion of several poor
experiments that are generated by the original.) The main point is that RM offers
an environment within which such investigations may be carried out with relative

€ase.



6.3. Designing Refinement Strategies

We conclude this chapter by showing how RM can be used to specify
control strategies for automatic refinement systems. We show how the control

strategy used by SEEK2 can be specified in RM.

Recall that SEEK2 uses a quasi-hill-climbing cyclic control strategy (see
chapter 1). Within each cycle the single refinement with the highest actual net
gain in performance is incorporated into the knowledge base. The procedure halts

when no refinement yielding a positive net gain is found.

In presenting the RM specification of SEEK2, we use an ALGOL-like
programming notation, since this is the most natural mode of representation in
this case. The actual RM specification makes use of common-lisp constructs,
which although structurally similar to those used below, are less readable. The
main procedure is called SEEK2, and it calls several procedures that are also

presented below.

Variables with delimiting asterisks are global variables. Note that the
procedure SEEK2 determines the number of MCASES={case|(/= (pdx case) (cdx
case)} at the start of each cycle. As with any r-function that does not contain
an explicit kb argument MCASES is always computed with respect to the
currentlv active knowledge base. Therefore in the first cycle SEEK2 will

compute {case|(/= (pdx case) (cdx case kbo))}, since kb0 is the active knowledge



base to start with. In subsequent cycles other knowledge bases will be active as a
result of the activate(kb) command that is invoked at the end of any cycle, and
MCAS_ES will then be computed with respect to these knowledge bases. The
function M(dx) was defined in chapter 5. This function returns the set of all
fa/se positives and fa/se negatives for a given dx with respect to the active

knowledge base.

Control Strategy for SEEK2

PROCEDURE SEEK2
BEGIN
DO WHILE |MCASES| >0
;start of current cycle
*Best-Experiment® := ¢
*Best—Net-Gain* := 0
FOR EVERY dx in ENDPOINTS DO
dx-mcases=M (dx)
If dx-mcases # ¢ THEN
FOR EVERY rule IN Rules-For(dx) DO
endpoint-experiments:=FIND-ENDPOINT-EXPERIMENTS (rule,dx-mcases)
intermediate-experiments:=FIND-INTERMEDIATE-EXPERIMENTS (rule,
endpoint-experiments)
Suggestions:=Endpoint-ExperimentsUIntermediate~Experiments
TEST-EXPERIMENTS (suggestions)
END FOR ;end of analysis of current endpoint-rule~chain for dx

END FOR ;end of analysis for current dx



IF *Best-Experiment*=¢ THEN STOP
kb:=CREATE-KNOWLEDGE-BASE (*Best-Experiment™, *active—kb*)
ACTivATE(kb)
END WHILE ;end of current cyclg

END Seek2

PROCEDURE FIND-ENDPOINT-EXPERIMENTS (rule)
BEGIN
Compute-View(first-order-viewfinder,endpoint-rules)
Endpoint-Experiments:=Evaluate-VR-Heuristics (endpoint-rules)
Endpoint-experiments:=
Endpoint-ExperimentsUEvaluate-RR-Heuristics (endpoint-rul

END

PROCEDURE FIND-INTERMEDIATE-EXPERIMENTS (Experiments,mcases)
BEGIN
FOR EVERY experiment in Experiments DO
IF r-operation in experiment involves a hypothesis component
THEN
Intermediate-Experiments:=BackChain(hypothesis,mcases)

END FOR



PROCEDURE TEST- EXPERI MENTS( suggest i ons)
BEG N
FOR EVERY experinment in Suggestions DO
Net - Gai n: *Resul t - Experi ment (experi nent, kb)
I F Net - Gai n>*Best - Net - Gai n* THEN
*Best-Net-Gain*:-Net-Gin
ABest - Experiment' ' : *Experi nent
END FCR ;end of tests for current rule-chain leading to

;current endpoint-rule for dx

END

PROCEDURE BackChai n( hypot hesi s, meases)
BEG N
Conput e-vi ew(first-order-viewfinder, Rul es-for (hypot hesi s))
FOR EVERY rule I N Rul es-For (hypot hesis) DO
I nt er medi at e- Experi ment s: *Eval uat e- VR- Heuri stics(rul e)
I nt er nedi at e- Experi ments: -
I nt er nedi at e- Experi nent sUEval uat e- RRHHeur i stics(rul e)
;recursive ﬁackchai n on inplicated internedi ate hypothesis
FOR EVERY experiment in |nternediate-Experinments DO

IF r-operation in experiment involves a hypo conponent



THEN
Intermediate-Experiments:=
Intermediate-ExperimentsUBackChain (hypo,mcases)
END FOR
RETURN Intermediate~Experiments

END BackChain

The preceding specification is not intended to function as a guide to the
workings of SEEK2, which was given in chapter 1. The point is that using this
specification, which - together with the RM specification of the SEEK2
viewfinder and heuristics - takes up about five printed pages of text, RM carries
out the same procedure as the hard-coded SEEK2, which takes up about fifty
printed pages of source code. In RM the user need only understand and
manipulate functions, variables. commands, etc., that are really part of the
"essence"” of knowledge base refinement, and the user need only be concerned
with what he wants done, e.g., iry an experiment, not with the internal details of
how these actions are to be carried out. The "dirty work" is taken care of by

RM.

6.4. Domain-Specific Metaknowledge in RM

Certain forms of domain-specific metaknowledge can be incorporated into
RM with little additional effort. For example, consider the following set

definition:



define-set NO-TOUCH {25 33 34 55}

where the set {25 33 34 55} contains the id-numbers of rules that are, for
one reason or another not to be refined under any circumstances. (Set definition
via enumeration is available in RM). The way such information would be used is
obvious: one would like to be able to instruct the refinement system’s control
strategy that no refinements should be generated for these rules. This would be
done by putting a check in the procedure Test-experiments (see
p.pageref [code] ), so that any refinement suggestion that involves an operation on

any of the members of NO-TOUCH is automatically passed over.

In chapter § we discussed the notion of a paradigm. i.e., a pair of the
form <rules,ccases> where it is known' that ccases are correctly diagnosed in
virtue of the satisfaction of rules, and that this is a relationship that ought to be
preserved in any refined versions of the knowledge base. If a refinement 4 to
the rules in a paradigm causes one or more ccases to be lost, then one may wish

1o reject ¥ no matter how great a gain in performance it achieves.

This sort of domain-specific metaknowledge can also be accommodated using
RM’s current stock of primitives. The following RM definitions illustrates a way

in which this can be done:

define-set paradigm-l-rules {7 8 9}



define-set paradigm-1-ccases {12 3}
definé—sét paradigm-1 {paradigm-1-rules paradigm-1-ceases!

[define-function vioiates-paradigm-1 (experiment)
(and
(some y/'member-of paradigm-1l-rules experiment)

(some y/'member-of paradigm-1l-cases (lost-ceases experiment)))]

The first three define-set commands create a set named paradigml = {{7
8 9} {12 3}}, whose first member is the set of rules in the paradigm, and
whose second member is the set of ceases in the paradigm, 'in this example we
assume that the user has verified that the rules 7, 8, 9 are indeed each satisfied
in ceases 12, and 3, and that they either conclude the endpoint of those cases or
some intermediate hypothesis leading to the endpoint. (Functions  that
automatically perform this check can be designed using RM.) The
define-function command then creates a function violates-paradigm- 7, which
will return the vaue T if and only if some member of rules is refined by
experiment, and some member of ceases is lost by experiment, where the latter
is determined by invoking a defined function lost-ceases, that returns the set of-
al ceases that "become' meases through experiment. (This is accorﬁplished by
using Try-experiment(experiment) to return a .case-vector for the effect of the

refinement and comparing it case-by-case with the case-vector for the active



knowledge base)

In"this example we have defined a gingle paradignm and a function that
checks for violations of that paradigm only. If one intends to use this sort of
domain-specific metaknowledge, however, it would be desirable to have a general
command or "macra' define-paradigm that, given a set of rules and ceases,
automatically generates the above sequence of commands (taking care, of course,
that new names are used for each paradigm so defined). This is easly achieved

in RM through use of the Underlying common-lisp macro facility.

6.5. Incorporation of Failure-Driven Higher-Order Refinement

A general architecture for failure-driven higher-order refinement and an
outline of a scenario where such ideas might be applied were presented in chapter
4. We are now in a position to consder in greater detail how a failure-driven
approach to higher-order refinement may be incorporated in a first-order

automatic refinement system.

There are four key questions that must be addressed: 1) at what point or
points in a refinement process should™ higher-order refinements be generated and
tested, 2) what information concerning failures of attempted refinements should be
gathered, 3) when should such information be gathered, and 4) what heuristics for
generating higher-order refinements should be employed? We shal refer to
questions (1) and (3) together as the timing issue, and we shall refer to issues

(2 and (4) together as the epistemological issue.



b 4

To answer all these questions in complete detail would be tantamount 1o
specifying a complete higher-order refinement regime. Moreover, as is the case
with firéi—order refinement. there is no one "best design" for such a regime; 2
full account should deal with the major alternatives and their relative advantages
and disadvantages. Such an account is a subject for future investigation. In this
chapter we will give concrete answers 1o the questions posed above by considering
how an intuitively acceptable higher-order refinement heuristic could be

implemented in a SEEK2-like first-order refinement system.

Stated in English, the heuristic for higher—order refinement we would like to

employ is the following:



THEN:

FDH 1

1F

There is evidence that a generalization refinement 71 to

the nmost frequently m ssing conponent c 1 of a ruler
fail ed because other conponents of r are also unsatisfied

in gen-ntases(r) &

Cﬁ\ is a conponent of r that nmaxim zes the joint-unsatisfied
count of <c1 ot her conponent of r> with respect to

gen-ntases(r)

Determine a set of generalization refinenent experinents
F{7....7 val in

{2 n} toci_obyeauatg
the set .of heuristics in the table Basic*Heuristics &
Retry 71 in tandemw th each of the experiments in T

respectively.

The consequent of this heuristic, called FDH-1 for "failure-driven-

heuristic-1", refers to a table of Basic-Heuristics. This is a st of vr and re

heurigstics of the form:



Component ¢ of rule r is a <component-type> &

¢ is to <generalized]specialized> with respect to cases

THEN:

{<invoke r-functions> &}

<suggest refinement-operation>

The element <invoke r-functions> is enclosed in braces to indicate that it is
an optional feature. The following is a concrete example of such a basic
heuristic:

IF:
Component ¢ of rule r is a choice-component &

¢ is to be generalized with respect to gen-mcases (r)

THEN:

Decrease the choice-number of ¢ by 1.

In other words, these "basic" heuristics relate the structural features of rules

and the desire to generalize or specialize a rule over a given set of cases, to

classes of refinement operations that may achieve the desired result (and that may



or may not require certain information to be gathered prior to being applied).
Such heuristics are easily specified in RM. The role of Basic-Heuristics in

FDH-1 will become clear in the course of our explication.

FDH-1 concerns a situation in which generalization of Mfmc(r) (the most
frequently missing component of 1) is suspected of having failed because other
components are also unsatisfied in gen-mcases(r) (the misdiagnosed cases for
which r is a generalization candidate). Below we will see how evidence
supporting this suspected cause of failure can be gathered. The second clause in
the antecedent of FDH-1 selects a second component c: of r such th_at the pair
<c1.c2> maximizes the joint-unsatisfied function over such pairs in r. This
function was defined above (see section 6.1.3.3). The consequent of FDH-1 then
instructs us to evaluate the table of Basic-Heuristics for component c:, with
generalization as the refinement goal. Evaluation of these heuristics will yield a

set T = {y..y} of generalization refinement experiments for ¢. FDH-1 then
2 n 2

instructs us to test every joint experiment of the form <71.7 > for 2 1 <n.
1

Let us now turn to the epistemological issue as it pertains to FDH-1. The
first clause in the antecedent of FDH-1 requires a judgment thar a refinement
has failed, and a judgment as to the reason for the failure. We already know a
criterion of failure: the refinement leads to zero or negative net gain in
performance. But this criterion is too coarse for the purposes of implementing
failure-driven higher-order analysis. Not every refinement that "fails" according

to the coarse criterion is one for which it is desirable to investigate higher-order



possibilities.  For example. if a generalization refinement that is intended to
correct 2 mcases results in a net loss of 100 currently correctly diagnosed cases,
then we ‘are well-advised to abandon this refinement altogether: the evidence that
this refinement is wrong is so overwhelming, that its failure is not an "interesting

one." What is needed are features of unsuccessful refinements that make their
failures "interesting," in the sense of offering some hope for an ultimate higher-
order success. We also need to have clues as to where to look in attempting to

generate a complex refinement operation.

We will now show how these problems can be addressed by means of a
data-structure that we will call the Outcome-Vector corresponding to a
refinement experiment . This can be thought of as a vector of elements
indexed by the case identification numbers for the current stock of cases. Each
element of an outcome-vector contains two items or cells: 1) an outcome-type
cell. and 25 a component-success cell. We discuss the nature of the component-

success cell first.

Every first-order refinement y must operate on a single component ¢ of a
single rule r. Moreover, since every v 1is either a generalization or a
specialization, the "immediate"” intended effect of y with respect to a single case
must always be to cause an unsatisfied component ¢ to become satisfied
(generalization) or to cause a satisfied component ¢ to become unsatisfied
(specialization). For example if v involves decreasing a choice-number of choice-

component ¢, then v has its immediate intended effect with respect to a given



mcase if and only if ¢ changes from being unsatisfied to being satisfied in mcase.
Whether any first-order generalization or specialization has its immediate intended

effect in a case, is easily computable by means of RM primitives.

The important point is that even if 4 fails to correct an mcase it was
intended to correct, this information does not tell us whether + achieved its
immediate intended effect in mcase, i.e., caused component ¢ to become satisfied
or unsatisfied as the case may be. This is precisely the information that is
contained in the component-success cells of the outcome-vector for 4. That is,
if / is the identification number of mcase, then the /th element of the outcome-
vector for 4 will contain a 1 in its component-success cell if and only if y has
its intended immediate effect on component ¢ with respect to mcase /; otherwise

this cell contains a 0.

We now discuss the nature of the outcorme-type cells. First of all, for any
refinement experiment +y generated heuristically there is always a set of mcases
that vy is /ntended to correct. we will call this set the On-Target set of «, since
v is presumably On-target with respect to these mcases in the sense defined in
chapter 3. For example, if 4 is a component generalization refinement to rule r,
" the On-target $et of v will be given by gen-m@(r). Now given a v, its On-
target set r, and any case in the current stock of cases, a set of five mutually
exclusive and jointly exhaustive outcome types can be identified for the purposes
of failure-driven refinement:

1. v fails with respect to case: case is a member of r and v does



not correct case (Fail-1).

2. 7 causes a new Joss with respect to case case is a cease
(correctly diagnosed case in the active knowledge base) and 7 causes

it to become an mease (Loss-2).

3. 7 succeeds with respect to cases case is a membe of r and 7

corrects case (Success-3).

4. 7 causes a new win with respect to case: case is an mease but not

a member of r and 7 corrects case (Win-4).

5. 7 is neutral with respect to case: case is not a member of r and

7 does not change the endpoint of case (Neutral-5).

. For the sake of brevity and clarity we will identify these outcomes by the
accompanying mnemonics given in the above enumeration, eg. if 7 fails with
respect to case, we will say that 7 is a Fail-1 with respect to case. (Although
uses for the outcomes Win-4 and Neutral-5 can be given, we list them here for
the sake of completeness only.) Given a 7, its associated r, and any case with
identification number /, the /th eement of the outcome-vector of 7 will contain
the code for the appropriate outcome type in its outcome-type cell. Again, the

outcome type of any case is eadly computed by means of RM primitives.



We are now in a position to see how the notion of a refinement’s having
failed for a certain reason can be given operational significance using the
information contained in outcome-vectors. We will show this by giving a simple

example pertaining to FDH-1.

Figure 6-1:. A Portion of An Outcome-Vector

Outcome-Type Component -Success
Case Number
[ ] [ ] [ J
3 Fail-1l 1
[ ] [ J [ ]
5 Fail-1 1
[ ] [ ] [ ]
8 Loss-2 1
[ [ ] [ ]
[ ] [ J [ J

Let 4y be a generalization refinement to component ¢ of rule r. Suppose
that the refinement is tested. is found to lead to zero or negative net gain in
performance, and that we have obtained the outcome-vector V. A portion of V is
displayed in figure 6-1. Notice that cases 3 and 5 are ones in which 1) + faiied
to correct an mcase in its On-Target set (this is the meaning of outcome Fail-1),
and 2) v did. however, succeed in causing component ¢ to become satisfied.
Clearly these are cases that provide evidence that y failed because there are other
components of ¢ that are unsatisfied in gen-mcases(r). Case 8, on the other
hand, is of outcome-type Loss-2, and, therefore, is evidence that y fails because
it causes previously correctly diagnosed cases to become mcases. If there are

more cases akin to 8 than there are cases akin to 3 and 5, we cannot logically



expect to'produce a successful higher-order refinement by looking for other
components of r to generalize in tandem with c¢. (We cannot rule out the
possibi-li'& that additional generalization of r may vyied enough cases with
outcome-type Win-4 to overcome the negative effect of cases with outcome-type
Loss-2; this result would, however, be a matter of luck - Win-4 cases are not in
the On-target set of the refinement - and is not something that one would
expect to happen very often, or that is necessarily desrable) On- the other hand,
if the number of cases akin to 3 and 5 is greater than the number of Loss2
cases, the search for a higher-order refinement is warranted. And the greater the
(positive) difference between cases of the former and latter types, the more we

gand to gain.

This concludes our discusson of the episemological issue.  We have shown
that Outcome-Vectors can be used to operationalize the notion of a refinement's
having failed for a specified reaéon. We now briefly condder the timing issue
when should outcome-vectors be obtained and the pertinent failure-driven-

heurigics (FD-heuristics) be evaluated?

There are many possble answvers to this question. In the context of a
SEEK 2-like _first-order refinement system, two of the obvious and "extreme
possibilities are 1) gather outcome-vectors and invoke FD-heuristics for every
first-order refinement experiment as it is attempted, and 2) invoke FD-heuristics
only when a "performance plateau” (which may or may not be a first-order local

maximum) has been attained, i.e, when every first-order refinement generated



yields zero or negative net gain in performance (see chapter 5).

_if:'option () is selected, one would gather an outcome-vector for a
refinement 7 at the same time it is being tested over the current stock of cases
One might then decide to evaluate the pertinent FD-heuristics only if the net
gain achieved by y was judged unsatisfactory. The higher-order refinements
generated would then be tested before returning to the "norma" first-order
regime. Note that the mgjor additional overhead in space required by this option

would be minimal: only one outcome-vector is needed at any given time.

If option (2) is selected one would proceed according to the "normal" first-
order regime until a "deed end" is reached. In a SEEK2-like, Le, single
generation system, the dead end would leave the refinement syssem with a final
active knowledge base kb{ and no other accessble knowledge bases. At tﬁis point
one would "rerun" the lag first-order cycle - the one in which no refinement
led to any improvement in performance - but this time one would proceed as
described in the previous paragraph. That is, as each first-order experiment is
attempted, an outcome-vector is obtained, the pertinent FD-heuristics are
evaluated, and all generated higher-order refinements are attempted. If some of
the latter lead to a net gain in performance then one could select the one with
greatest net gain (as in the first-order regime). This would lead to a new active
knowledge base, and then one could revert to the first-order regime until another
plateau is reached, and so on. One would halt when invocation of the higher-

regime at a first-order plateau also failed to yidd any postive net gain
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refinements.

Finally. note that in a multiple-generation refinement system, one would not
have to halt when such a "higher-order plateau” is reached. Rather one could
then "back up" to the predecessor of kbf, or to anyone of its ancestors, or
activate one of its "siblings” in the tree of knowledge bases, and attempt higher-

order procedures with respect to this knowledge base.

6.6. Summary

In this chapter we exhibited a high-level metalanguage. RM, for specifying.
developing, and studying alternative refinement concepts, heuristics, and strategies.
Concrete examples of how RM can be used as a tool for experimental research,
as a vehicle for the customization of refinement systems, and as a framework for
the incorporation of certain. forms of domain-specific metaknowledge were given.
Finally, a detailed account of the use of RM for implementing a failure—driven

approach to higher-order refinement was given.



CHAPTER 7

CONCLUSION

7.1. Research Significance

The broad objective of this research concerns the discovery, study, and
implementation of principles, methods, and tools for the automatic refinement of
expert system knowledge bases. Within this broader objective, the current
research has made progress in demonstrating the feasibility and validity of an
empiriéally-grounded heuristic approach io knowledge base refinement, and it has
contributed to the formulation of a general methodology for facilitating the
development of automatic refinement systems that utilize such an approach. In
concrete terms an automatic refinement system, SEEK2, has been designed,
implemented, tested, and studied, arid a high-level metalanguage, RM. that allows
for relatively easy experimentation with alternative refinement concepts, heuristics,

and strategies has also been designed and implemented.

7.1.1. Feasibility and Validity of The Approach

To say that an approach to automatic knowledge base refinement is feas/b/e
is to say, at least, two things. First of all, the approach should presuppose as
little specialized domain knowledge as possible. = No matter how effective an

approach to the problem is, if it presupposes domain knowledge or metaknowledge



- whether from an expert or another source - that is just as difficult or costly
to acquire as the desired knowledge base, the approach cannot be cost-effective.
Secondly! the approach must be computationally cost-effective, i.e., it must
produce results in a "reasonable” amount of time working on large-scale
knowledge bases. To say an that an approach has va//dity is to say that, with a
certain degree of reliability, it produces results that actually improve the overall
empirical adequacy of a knowledge base and that are acceptable to the domain

expert.

7.1.1.1. Evidence of Feasibility

In terms of the above desiderata, the empiricallv-grounded heuristic approach
advocated here fares well. While it is true that case know/edge is required by
our approach, it is also true that such knowledge is already a desideratum in
expert systems work to begin with. As we pointed out in chapter 1, it is
difficult, if not impossible, to verifv the accuracy and adequacy of a putative
expert system without comparing its performance to that of a domaiﬁ expert's, or
some alternative source of presumably correct diagnoses. However, while the
approach advocated here does not depend on additional specialized domain
knowledge, we have shown that general constructs that make use of such
knowledge can be effectively utilized by this approach, e.g., radicality orderings

(see chapter 3), the notion of paradigms,A etc. (see chapter 5).

In terms of computational cost-effectiveness, we can offer both concrete and

theoretical evidence for the feasibility of the current approach. First of all, as



we have mentioned (see chapter 14), SEEK2 shows that the proposed approach
ca{n be reatively fast. In chapter 4 we showed one reason why this is the case
any purédy first-order refinement sysem can be designed so that the analysis of
an r-.situation <RM> - ie, gathering the view and evaluating the heurigtics -
can, in the worg case, be achieved in time proportional to \M\ *fthe number of
rules in R + the number of rule components in R) *We have also seen that an
extended general architecture for heurigtic refinement generation which allows for
a failure-driven approach to higher-order refinement can be devised. This gives
us reason to believe that ever more powerful heuristic-based refinement sysems
can be developed that dtill exhibit a high degree of computational cost-

effectiveness.

7.1.1.2. Evidence of Validity

The best evidence for the validity of an approach can come only from
actual examples of its successful use Oﬁ this score, we can say that with respect
to the rheumatology kﬁowledge base we have usd as a tet case, SEEK2 has
produced results théi are dmilar to those produced by SEEK, some of which were

found to be acceptable to the experts [Politakis 82].

However, evidence of the reliability of the approach in producing
refinements that improve the general empirical adequacy of a knowledge base

(not just its empirical adequacy with respect to the given data base of cases) can

®Ancther reason for the speed must be reckoned to be the internal sructure of
the underlying expert sysem framework itsdlf, viz., EXPERT, which the RM
interface utilizes in order to test refinements over the data base of cases.



be obtained via experimentation with a single knowledge base. Two experiments
have been performed, and will be related below. The results of both experiments

are encouraging.

The first experiment will be called 7rain-and-Test, and is actually a series
of similar experiments. In a single typical train-and-test "run" the given data
base of cases is divided into two disjoint subsets (not necessarily of equal size)
preserving the distribution of cases by endpoint. Let us call these sets 7 and o
The first phase of a train-and-test experiment involves running SEEK2 using o
as case knowledge, or as the "training” set. SEEK2's refined version of the
knowledge base is then tested over o, and the combined set alua:. _In the

second phase of the experiment the roles of o and ¢ are interchanged.

Figure 7-1 gives the results of such a run with training and iest samples of
equal size. Training over o led to a performance increase of 29% (69% to 98%).
When tested over the new set of cases in o, there was an increase in
performance of 15% (78% to 93%). The results of the second run are similar.
While there was less improvement observed over the test sets than in the training
sets in these runs, the fact is that the experiment shows that refinements that
were "learned” by SEEK2 with respect to one set of cases also improved empirical

adequacy with respect to a new set of cases.

This experiment has another interpretation. In terms of statistical pattern

recognition techniques a single train-and-test experiment can be viewed as giving



Figure 7-1: Train and Test Experiment

Training Set 1 Testing Set 1
Start 42/62 (69%) 46/59 (78%)
Einish 61/62 (98%) 55/59 (93%)

Overall: 116/121 (96%)

Trainin et 2 Testing Set 2
Start 46/59 (78%) 42/62 (69%)
ini. 59/59 (100%) 59/62 (95%)

Overall: 118/121 (98%)



an est/mate of the probabil/ity of error - i.e.. the probability that the ref/inec
knowledge base (classifier) misdiagnoses a case [Fukunaga 72]. Under this
imer_brétation. the total performance ratio obtained in the test run, e.g., the 93%
figure. estimates the probability of error to be .07. While this figure is certainly
more conservative than the estimate, .01, that would be obtained by using the
results of the training run as an estimate, it is only a po/nt-estimate. To obtain
a more reliable estimate, one needs to average over the results of many train-
and-test experiments. Alternatively, a more accurate figure could also be obtained
by employing a /eave-one-out or so-called "jacknifing” technique for error
estimation [Fukunaga 72]. Unfortunately, the general application of these
techniques in knowledge base refinement would appear to be computationally

prohibitive for large-scale problems.

However, additional train-and-test runs for the rheumatology knowledge base
have been performed and these results can be used to derive a more reliable
estimate of the probability of error. In all, 1§ train-and-test runs were
conducted. In 6 runs, the size of the training sample was 50% of the cases; 3
runs each with training sample sizes of 33%. 67%, and 75%. respectively, were also
conducted. The average performance increase observed in the test cases in these
15 rums was 21.2%. The average total performance over the test cases was 94.5%,
which gives an estimate of probability of error of .055. The lowest overall
performance over a test set obtained in any of these runs was 90% (this occurred
in a run with training sample size 67%), which yields a .1 point estimate of

probability of error. The highest overall performance over a test set obtained in



any of these runs was 100% (this occurred in a run with training sample size

75%).

The second experiment will be called 7rain-and-Train. The sets o and o
are defined as in the first experiment. In this experiment, however, after the
initial training over o, we take the generated refined know/edge base and use
it in a second training run over the overall data base of cases aIUa:. As

before, the experiment is repeated interchanging the roles of o and o

Intuitively, this experiment is intended to capture certain aspects of the
actual "standard” use of a refinement system that are not captured in the first
experiment. Thus, in the process of knowledge base construction we can expect
that severa/, perhaps many, refinement episodes will be necessary, and that new
case knowledge may become available in latter refinement episodes. The new case
knowledge will now become part of the the overall data base of cases used in
subsequent refinement episodes, i.e., the size of the data base of cases is expected
to be a monotonically non-decreasing function of time. Now an interesting
question one might ask of a refinement system is this: if at time tI the system
selects a set of refinements 7, using case knowledge C], then what do we expect
the refinements v, selected at time t using case knowledge C’ to look like, given

that clcc,?

This is a question whose answer would seem to depend on what assumptions

we make about the statistical distribution of cases received in each of the



refinement episodes. In the train-and-train experiment, the distribution of cases

by endpoaint is the same in both sets 0 and o. There is no reason to think that
1 2

new case knowledge will always arrive in such fashion. However, this does not
mean that the experiment is totally lacking in general significance. While we
have assumed that neither the expert nor the knowledge engineer has knowledge
of the prior probabilities of case breakdown by endpoint, we can imagine that as
the first batch of cases is gathered, the expert and the knowledge engineer, by
reviewing the case data, will be able to reach some hypothesis about the rdative
frequencies of the various endpoints with respect to the "local" population, i.e,
the distribution of cases that this expert has experienced in his practice. Since
our goal is to construct a knowledge base that reproduces the performance of
this expert, it is reasonable to expect that we will be "tuning® the knowledge base
in a way that reflects the. case population - with which he is most familiar.
Therefore, as new cases come in, the knowledge engineer will not initiate a new
refinement episode until such time as the overall distribution of cases again
matches the postulated local frequencies. It must, however, be emphasized that
this "palicy" is not being required as a condition of the applicability of SEEK2,
but only as an imagined condition for interpreting the significance of the train-

and-train experiment.

Given this condition, what would be the "bet" or "ided" behavior of a
refinement sysem over the course of time? Assuming that our sysem is a
"perfect” refinement systsem and assuming that the initial batch of cases O:’

contains cases of every significant type that exists in the domain, we would expect



that everv useful refinement would be generated and selected in the initial
training run, and that therefore no new refinements would be proposed in the
subsequent training runs. In general, however, neither of these assumptions is
justifiéd. In general, the new cases in o, will contain some cases that differ in
one or more significant ways from every case in o Therefore, it is not
unreasonable to expect a refinement system, even a perfect one, to discover new

refinements in subsequent training runs.

One property we would find in a perfect refinement system, that would be
displayed in such an experiment, is what we may call soundness. A refinement
system may be said to be sound if it never selects a refinement 4 in a session
unless that refinement actually improves the general empirical adequacy of the
system /in the /ong run, i.e., the refinement is nct significantly "retracted” by
anyv possible subsequent refinement episode. Conversely, an unsound system might
select a refinement in one training session, but in a later session it might find
itself selecting the inverse refinement, i.e., simply undoing a modification it had
previously selected. (Note that such a reversal might very well be a good thing
to do in the presence of biased séquences of case knowledge, but this violates

the assumption on case knowledge presentation that we are making.)

Whether this notion of soundness is ultimately a property of interest in
knowledge base refinement is not at issue here. We introduce it simply to give
the reader an idea of the kind of behavior that would seem to be desirable in a

refinement system. A system that tends to select refinements that "stand the test



of time/' would seem to be preferable to one that habitually selects refinements

that it later retracts.

With these remarks in mind, we are now ready to discuss the results of the
train-and-train experiment (see figure 7-2). In both runs of this experiment
seven refinements were selected in the first training phase .In both cases sx of
these seven refinements are ones that are selected by SEEK2 in the overall run
usng the entire data base of cases as the training sat, the others are refinements
consdered by SEEK2 in the overall run but not selected. In one of these runs,
two additional refinements were selected in the second training phase. These two
refinements were also selected by SEEK2 in the overall run. In the other run,
four refinements were selected in the second training phase, of these three were
accepted in the overall run, and one was not. Thus in both of these runs the
result of the double training experiment was nearly iamtical to the result of thé
overall run: in one run nine refinements were selected, eight of which were
sdected in the oVéraII run; in the other run eeven refinements were selected,
nine of which were sdected in the overall run. Both of the double training runs

ended with a total performance ratio exactly equal to the overall run.

First let us discuss what might seem to be a negative side of these results.
The fact that the refinements sdected -by the double training sessons are not
exactly identical to the single overall run is not surprisng, since the order in
which refinements are generated, as well as ther computed net gain, is sendtive

to the compostion of the data base of cases. Since only one refinement is



Figure 7-2: Train and Train Again Experiment

Training Set 1 C Training Set 2

RUN 1
Start 42/62 (69%) 116/121 (96%)
Einish 61/62 (98%) 120/121 (99%)
RUN 2
Training Set 1 Training Set 2
Start  46/59 (78%) 118/121 (98%)

Einish  59/59 (100%) 120/121 (99%)



selected in a given cycle. even in the case of ties in positive net gain, the
ordering of generated refinements can have an effect upon the refinements
selected. This circumstance also accounts for the fact that at the conclusion of
one of the double training sessions it turns out that two essentially redundant
refinements were selected, viz.,, the run in which eleven refinements were selected,
only nine of which are needed to reach the identical final performance situation.
This does not mean that such redundancies can occur within the course of a
sing/le SEEK2 refinement session; in fact they camnot. It would seem fair to
conclude, therefore, that these features of the result have no negative bearing on
the validity of the basic approach, but only indicate some possibly avoidable side-

effects of the current SEEK2 procedure.

The experiment does, however, seem to provide some evidence that the basic
approach is sound: none of the refinements selected in either of the first training

sessions is retracted in either of the second training sessions.

7.1.2. General Methodology for Knowledge Base Refinement

In terms of general methodology, the work presented here can be seen, first
of all, as providing a more general and powerful understanding of the nature and
potential role of heuristic analysis in knowledge base refinement. Starting with
the simple paradigm for heuristic refinement generation, we have shown that a
general architecture for heuristic refinement generation that allows for ‘-he
implementation of failure-driven higher-order refinement can be specified (see

chapters 4 and 6). Moreover a concrete tool that provides the means to



implement this type of architecture has been constructed, RM. With both the
tools and the blueprint on hand, it is reasonable to expect that these ideas will

eventually be realized.

The fact is, however, that RM has already proven to be a useful tool in
facilitating research progress The RM design methodology was an important
factor in the desgn, development, growth, and debugging of the SEEK2 system. ‘
Concrete examples of its use have aready been discussed in detail in chapter 6.
Here we should note that the'two experiments discussed in section 7.1.1.2 above,
are also examples of the type of experimentation that can be easly carried out in
RM. We should also mention that a complete verson of SEEK2 has been
specified in RM. Running on the same rheumatology knowledge base, the RM
verson achieves the same reaults as the hard-coded in approximately 2 hours of
CPU time RM has also been usad to specify and run experifnents usng an

alternative experimentation and sdlection regime.

Viewed as a testing and debugging tool, what SEEK and SEEK2 are to
knowledge bases, RM is to knowledge base refinement systems. SEEK and SEEK2
help a knowledge engineer to tet and debug the rules in a knowledge base, RM
helps a rescarcher to test and debug refinement system design specifications. The
difference is that RM is not just a single body of procedures, but a flexible
high-level metalinguistic framework within which the desgn, testing, and
debugging of refinement concepts, heurigtics, and drategies are integrated into a

single environment



7.2. Future Directions

7.2.1. More Powerful Rule Representation Languages

Many of the concepts dealt with in this work may be seen as being
generally applicable to any refinement system, and others can be easily extended
to have greater applicability. In other words, the analysis is‘ applicable not only to
refinement systems that are intended to address a particu/ar subc/ass of
refinement system design probl/ems - those involving expert system frameworks
that are designed with classification .problems in mind - but to the whole range
of refinement systems imaginable. For example, let us consider rule
representation frameworks designed for p/anning prob/ems, i.e., the rules
represent precondition-action pairs, and the job of a concrete system is to find
a sequence of actions that will achieve a certain given goal (see, for example,

(Stefik 81]). A case would now be interpreted as consisting of data
representing the /nitia/ state of the domain together with a specification of the
desired goa/ state. The expert’s conclusion in a case would be the sequence of
actions he would carry out in that case to reach the desired goal. The expert
system would be said to diagnose the case correctly if its "plan" matched the
expert’s, or deviated from it only in ways that are of no consequence, the latter
being a determination that could only be made with the use of domain-specific
knowledge. = While refinement systems for these types of rule representation
frameworks would certainly differ from those that deal' with expert system
frameworks for classification problems, they would also have much in common,

e.g., there would certainly be overlap in the set  of primitive refinement



operations, r-functions and heuristics, and control strategies utilized.

However, a planning problem, or a design problem, typically requires a
richer rule representation language than does a classification problem. Systems
that solve planning problems will generally make non-trivial use of rules that
contain variables, i.e., the bindings of these variables may be altered dynamically
as the problem is solved and cannot be fixed once and for all for the course of

the run-time session.

Therefore, a natural path for future research is to think about how the
present paradigm may be generalized to deal with a richer rule representation
language. The first step would be to specify a canonical grammar for such a
language. It may very well be that the grammar given in chapter 3 is a good
place to start. The next step is to think about new primitive refinement
operators that could be added to the present stock. Then one must think about
situations in which it would make sense to apply one of these operators in order
to improve empirical adequacy. One must then try to isolate the features of
these situations that may provide evidence for the application of the operator.
Determining how, and with what cost, such evidence may be gathered is the next
step. At this point one is well on the way to deriving r-functions and heuristics
for the new operator. At the same time one would extend RM so as to include

all the new primitives necessary for dealing with a richer language.



7.2.2. Rule Acquisition

As we have mentioned a number of times, a challenge for any refinement
system 1s how to recognize r-situations that indicate a failure of refinability.
A natural extension of this concern is the issue of correcting such failures
through the acquisition of additional rules. Instead of "just" flagging such a
failure with a request for additional rules, we would like to find ways of having
the system generate, test, and evaluate rules on its own, and then report the

results. We are talking about fa//ure-driven rule acquisition.

It seems plausible to claim that the basic elements of the approach to
knowledge base refinement discussed in this thesis have counterparts in an
analogous approach to the problem of rule acquisition. An important eiement in
knowledge base refinement is the classification of the modes of refinement and
the primitive operatorg that belong to each class. In extending the analysis to
rule acquisition one would need to devise an analogous framework of operators
for the addition and deletion of complete rules. In contrast with the situation in
refinement, a useful set of operators for rule acquisition cannot simply be derived
from the syntax of the rule representation language. The discovery of useful rule
acquisition operators seems to be contingent upon our first having good ideas
about the various sorts of r-situations and “environments” in which rule
acquisition is called for, where by the later term we mean to include such
considerations as whether the knowledge base is in the early or latter stages of

construction.



To get an idea of what would be involved in extending the capabilities of a
refinement sysem to include failure-driven rule acquistion, we gdart with a very
smple idea or question. Ingead of smply replacing a rule r with its refined
wuntépart r\ as we do in knowledge base refinement, what would we be the
effect of adding r' to the knowledge base kb without deleting rt Thinking

about this question will in fact lead us to two types of rule-acquisition operators.

Let r' be a generalization of r. For the sake of simplicity assume that they
have equal confidence factors. By virtue of the heaning of generalization, adding

r' to kb will have the same effect on kb's performance regardiess of whether
we delete r or not. (This is not drictly true in an expert syssem framework
that uses an additive scoring scheme in calculating hypothesis confidence factors
snce r' is satisfied whenever r is, there will be cases in which the hypothesis

confidence factor of the conclusion of r will be boosted by the contribution from

r'.) We may say that adding r' to kb has masked r.

Now let r' be a specialization of r. For the sake of smplicity assume that
they have egual confidence factors. By virtue of the meaning of specialization,
adding r' to kb will have no effect on kb's performance unless r is deleted.

In this case r' is masked by r.

If r is masked by r in kb, either because r is a generalization refinement
1 2 2

of r, or r is a specialization refinement of r , the fact is that the easest way
101 - 2

to remove the masking is by means of changing confidence factors. Thus if r*'



is a generalization of rl, and we want to add r* to kb without masking r , then

-

we should lower the confidence factor of r Not only does this remove the
masklng in certain environments it makes intuitive sense in the context of rule
acquidtion: in requiring less specific evidence to reach the same concluson we
would naturally have less confidence in ‘the conclusion. Similarly, if rl is a

specialization of r, and we want to add r] to kb without its being masked by r ,

then we should raise the confidence factor of r . This also makes intuitive

i
sense in certain environments when doing rule acquidtion:  in reguiring more
specific evidence to reach the same conclusion it is natural that we should have

more confidence in the conclusion.

We have therefore identified two rule-acquisition operators.

Add a generalization of r with lower confidence factor to kb

Add a specialization of r with higher confidence factor to kb

The question is, in what sorts of environments and r-situations does it make
sense to think about applying one of these? An example of a likely r-situation
would be one in which we have found that a rule r is thé only good candidate
for generalization with respect to certain meases, but that while the proposed
refined verson r' will help win the meases it will smultaneoudy cause new false
positives to arise for a set of ceases. But suppose analysis shows that to win the

meases the full original confidence factor of r is unnecessary, and that with the



lower value needed to win the mcases r’ would not generate the new false
positives. Purely in terms of the logic of the situation it makes sense to lower
the confidence of r’ to the indicated value and add it to kb, without deleting r
from kb. Whether this action ought to be taken depends upon the environment.
Is kb, for instance, in its early stages of development, so that it may reasonably

be expected to have gaps?

7.2.3. Parallelism

At the algorithmic level it is not difficulf to see that all of the types of
refinement systems we have talked about offer opportunities for the exploitation
of parallelism. The hill-climbing approach of SEEK2, for example, is amenable
to parallel computation at every level. In each cycle each dx can be pursued
independently of .the others.” Within a cycle, each rule for each dx can be
examined independently of all other rules. Most r-functions can be evaluated
independently of all the others. And finally each experiment can be tested

independently of all the others.

A direction for future research implied by these facts, involves the design of
a realistic machine architecture, based on existing technological possibilities and
limitations, for exploiting the inherent parallelism in the process to the fullest

degree.



7.2.4. Growth, Maintenance, and Integration of Knowledge Bases

It vis a well known fact that knowledge engineering does not come to end
with the successful construction of a high-performance knowledge base. As with
any software, such systems must be maintained, and are liable to grow as domain
knowledge and techniques continue to improve. Moreover, from time to time
users may find it worthwhile to attempt to integrate two distinct, but overlapping.
high-performance knowledge bases into a single expert system. Such integration
may initially cause a degradation in performance, and therefore refinement of the

combined system may be required.

There is every reason to believe that the methodology of knowledge base

refinement will prove to be applicable to these tasks as well.
7.3. Concluding Remarks

7.3.1. Costs and Benefits of Domain-Specific Metaknowledge

From time to time throughout this thesis we have seen aspects of knowledge
base refinement that would benefit from or require the use of additional domain-
specific information, e.g., the specification of a radicality metric (chapter 3), use
of a generalization language and other forms of connections among domain
features (chapter 3), specification of rule-case paradigms (chapter §), etc. We
know that it is possible to do knowledge base refinement without using such
information. but we also know that its use makes for the increased efficiency and

adequacy of the process. The question is, when are the benefits worth the cost?



The answer depends upon what a reasonable estimate of the cost is. This is
something that is really impossble to estimate in the absract. Much depends on
the degree of "sdf-knowledge' of the domain expert and his willingness to
cmpéate. On the other hand, it is clearly possible for the ambitious knowledge
engineer to take much of the burden on his shoulders. While interacting with
the expert in order to acquire the initial knowledge base, the knowledge engineer
should be on the Iookout‘for clues as to the "expert's metaknowledge/’ and should
organize the process in such a way that such clues will be forthcoming. For
example, once one has some cases and rules for a dx, it should be possble to
specify paradigms, if they exist, by smply asking the expert some additional
guestions. Finally, some domain-specific metaknowledge may be most easly

acquired by smply making use of a good text on the subject.

The answer to the question also depends on what benefits can reasonably be
expected. Again it is hard to give an edtimate in the abstract However one can
make some vague, but possbly useful, general Satements. For example, if the
domain of expertise is wel edablished and very sharply defined, one has a good
amount of accurate cases, and access to an outstanding expert, then the benefits
of gathering domain-specific metaknowledge may be so short-lived as to be
negligible. The reason is that, in such a case one may hope for a fai'rly swift

completion of the entire knowledge acquisition process.

If, on the other hand, the boundaries of the domain of expertise are fuzzy,

case data is hard to come by, and experts in the fiedd are often in disagreement,
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and/or new developments are the rule rather than the exception. one can expect a
more difficult and drawn out knowledge acquisition process. Therefore the long
range‘ bénefits of domain-specific metaknowledge - which, likely as not, the
knowledge engineer will acquire during the course of the process anyway - will
justify the additional costs. Moreover, in a domain of expertise of this nature,
one can expect that the expert’s domain knowledge may undergo fairly rapid
revision as a matter of course, in which case, in order to keep the knowledge
base up to date, one will have to do quite a bit of refinement from time to

time.

| Note that in reckoning the cost of acquiring domain-specific metaknowledge
against the possible benefits, it is important to keep in mind, that even current
"real life" expert systems are expected to do more than give the right answer.
For exampie, an expert system should be able to explain and justify its reasoning.
The possession of such capabilities may often depend upon the acquisition of
exactly the same domain-specific metaknowledge that would be useful in
refinement, e.g., a generalization lan_guage for the domain of expertise will be
useful in tasks other than refinement. The overall cost-benefit analysis looks

more favorable once one takes this circumstance into account.



7.3.2. Philosophical Finale

The various refinement drategies, methods, principles, and analyses thereof
discussed  in this thesis are in their intended immediate application, a logical
foundation for both current and future knowledge base refinement and rule
acquisition tools. Beyond that, however, they represent a step in the direction of

the design of more robust expert systems.

The key idea of expert systems research is that "knowledge is power.” No
matter how good a sysdem is at drawing consequences or making inductive
inferences, if it does not have an adequate base of knowledge for its problem
domain to dart with, it is not likely to get very far as a problem solver. Put
amply: there is no way - usng current theory and technology - to construct
good problem solvers for a domain without engaging in substantive knowledge

acquistion (and knowledge representation) issues.

The research on a metalinguigtic framework presented here may be seen as
an exploration of the consequences of applying the "knowledge is power” principle
to the domain of knowledge acquistion itself, _and more specifically, to knowledge
base refinement If domain knowledge gives a sysem problem-solving power, and
if the domain of interest is itsdf the problem of making a given knowledge base
fit certain given facts more closdly, then it follows that metaknowledge about
know/edge representation itself - eg., knowledge of the ways in which formal

objects can be used or atered to fit facts, knowledge of the sorts of evidence



that can be gathered in support of certain classes of refinements. etc. = must be
an essential ingredient of any successful automatic knowledge base refinement
systerﬁ. v-and a fortiori of any successful automatic knowledge acquisition system.
It also follows that just as there is a knowledge acquisition problem for "object-
level” systems, so too there must be a metaknow/edge acquisition problem for
knowledge refinement and acquisition systems. Therefore, just as the use of high—
level formal languages has helped researchers to clarify issues and generalize from
experiences with object-level knowledge acquisition, one would expect that the use
of a high-level meta/anguage would provide similar benefits with respect to the
metaknowledge acquisition problem. It is hoped that the work presented here will

be seen as justifying this expectation.



APPENDIX A

LIST OF RM PRIMITIVES AND SOME CONSTRUCTS

Primitives
Constants
CASES The set of cases in the data base of cases
kbo The initial knowledge base
DX The set of endpoints in lcb0
Special Variables
case A variable over CASES
cases A variable over subsets of cases

rule A variable ranging over rules



kb A variable over knowledge bases

dx ' A variable over DX

component A variable over rule components and sub-components
finding A variable over finding components

hypothesis A variable over hypothesis components

Functions

PDX(case)

the expert’s conclusion in case

CDX-Total(case.kb)
The set of dx concluded with positive confidence in

case by kb

CDX(case,kb)

The dx concluded with greatest positive confidence

in case by kb

CDX-2(case.kb)



The dx concluded with, the second greatest positive

confidence in case by kb

RuleCF(rule)

The confidence factor of rule
M odel CF(hypothesis,case kb)

The hypothesis confidence assigned to hypothesis in

case by kb
Rules-for (hypothess)
The sat of rules with dx as their conclusion

Conclusion(rule)

The concluson of rule
Satisfied(item,case kb)

T iff item is satisfied in case in kb

F iff item is unsatisfied or unknown in case in kb,
where item is either a component of a rule or

an entire rule



Vaug(numerica-finding.case)

The vdue of numericd finding in case

Mean(quantity,cases)

The mean vdue of quantity over the set of cases

Component-Parameters(component)

The type of component, and in addition

i) <choice-number, |choice-list|> if component is a choic

i) <lh> if component is a hypothess with cf-range [l:h]

i) <lh> if component is a finding with range [I:h]

Specid  Operators

Sdect item with Max/Min specification

returns a single item that maximizesminimizes

the value of the condition in specification

Sdect {item} with Max/Min specif/cation

returns the set of item that maximizesminimizes



the value of the condition in specification

Useful Defined Notions

Constants
CCASES = {case| PDX(case)=CDX(case,kb)}
= the set of cases in which the kb’s conclusion
matches the expert’s (correctly diagnosed cases).
MCASES = {case| PDX(case) # CDX(case,kb)}
= the set of cases in which the kb’s conclusion does
not match the expert’s (misdiagnosed cases).
Note that a nul/l CDX is possible and considered a
misdiagnosis.
Variables

ccase A variable ranging over CCASES



ccases A variable ranging over subsets of CCASES

mcase A variable ranging over MCASES

mcases A variable ranging over subsets of MCASES
Functions

(The foliowing are defined in terms of a fixed kb.)

Satisfied-Rules~For(hypothesis,case)

{rule € Rules-for(hypothesis) | Satisfied(rule,case)}

TP(dx,case)

T if PDX(case)=CDX(case)=dx

F otherwise

TN(dx,case)

T if dx # PDX(case) # CDX(case)

F otherwise.



FP(dx,case)

T if PDX(case) # CDX(case)=dx

F otherwise

FN(dx,case)
= T if dx=PDX(case) # CDX(case)
= F otherwise.
Primitives for Specifying
Refinement Strategies
Variables and Sets
R-OPERATORS
The set of primitive refinement operations
r-operator
A variable over R-OPERATORS
Primitive~-r-operation

A variable over 4-tuples of the form



<rule,component.r~operator,parameters>

where component is the component of rule to which r-operator

is to be applied with the given parameters

Complex-r-operation

A variable over sets of primitive-r-operations

r-operation

A variable over primitive and complex r-operations

experiment

A variable ranging over 3-tuples of the form

<r-operation.kb,cases>

and ordered pairs of the form

<r-operation,kb>

where r-operation is to be applied to kb and then tested

with recepert ta cacee (2=tiinlee) or with recnect to CASFS



(pair)

suggestions

A variable over sets of (untried) experiments, that have

been generated by the refinement generator
r-situation

A variable over triples of the form <rules,mcases,CASES>
kb-object

A variable over kb-objects (see chapter 6)
VIEWFINDER

-The set of r-functions used by the refinement generator
r-function

A variable over the r-functions in VIEWFINDER

(see chapter 6)
r-functions

A variable over subsets of r-functions in VIEWFINDER



R-KNOWLEDGE

The set of heuristics used by the refinement generator

VR-HEURISTICS
The set of heuristics having only r—function calls in

their left-hand-sides (see chapter 6)
RR-HEURISTICS
The set of heuristics referring to the results of evaluation

of other heuristics (see chapter 6)

vr=heuristic

A variable over VR-HEURISTICS

rr-heuristic

A variable over RR-HEURISTICS

Operations and Functions

Compute(r-function, kb—object,mcases)

Returns the value of r-function(kb-object,mcases,CASES) if

kb-object and cases are legitimate arguments for



r-function, otherwise undefined (Recall that CASES is an

optional argument in r-functions)
View(kb-object,mcases,CASES)
for every applicable r-function e VIEWFINDER
Compute(r-function,kb-obj ect,mcases)
and store results
performance(kb,dx,cases)
returns the ordered pair consisting of
<] {caseecases| TP(dx,casekb)} | ¢| {casee | ,FP(dx,casekb)} 1,>
Evaluate~Heuristics(heuristicskb-object,View(kb-obj ect,mcases))
returns the results of evaluating every heurigtic in
heurigtics for kb-object usng information in
View(kb-object,mcases)

Try-Experiment(experiment,kb,cases)

Temporarily incorporates the r-operation in experiment

into kb, then runs the resulting knowledge base over



the specified set of cases; computes, and returns the

net gain of the r—operation over these cases

Create-Kb{experiment,kb)

returns the knowledge base resulting from application

of the r—-operation in experiment to kb



APPENDIX B

GENERIC ATOMIC REFINEMENT OPERATORS
FOR EXPERT

Non-Structural Refinements

Generalizations

Concept Generalization

... [<find | hyp> <value|range>]... — ... [<G(find) | G(hyp)><value | range>] ...

where G(item) is a more general concept than item.

Extend a Range From Below

... [<find | hyp> <n:m>]... — .. [<find|hyp> <k:m>]...

where k<n

Extend a Range From Above



.. [<findlhyp> <n:m>]... —e .. [<find|hyp> <nik>]...

where m<k

Non-Structural Specializations

Concept Specialization

... [<find | hyp> <value|range>]... —+ ... [<S(find).|S(hyp)><value|ranges
where S(item) is a less general concept than item.

Restrict a Range From Below

.. [<find|hyp> <n:m>]... — .. [<find | hyp> <kim>]...

where n<k

Rgstrict a Range From Above

.. [<find|hyp> <n:m>]... —e .. [<find|hyp> <n:k>]...

where k<m



Structural Refinements

Generalizations

Component Deletion

..[ccomp>]... — ..

Decrement Choice-Number

© ... [n: <Choice-list>]... —e ...[(n-1): <Choice-list>]...

Append Component to Choice-list

... [n: <Choice-list>]... — ...[n: <Choice-list><find | hyp>],..

Increase Confidence Factor

<Concluson CF> —* <Concluson CF'>

where CF<CF/

Sructural Specializations



Component Addition

Increment Choice-Number

... [n: <Choice-list>]... — ...[(n+1): <Choice-list>]...

Delete Component From Choice-list

... [n: <Choice-list><find |hyp>]... — ...[n: <Choice-list>]...

Decrease Confidence Factor

<Conclusion CF> — <Conclusion CF’>

where CF>CF’



APPENDIX C

A GRAMMAR FOR THE CANONICAL
RULE REPRESENTATION LANGUAGE

In using this grammar the following points must be kept in mind:

o Expressions in angle-brackets, such as <Au/e> are non-terminals;
expressions in braces, such as {<Range>} represent optional
constructs; expressions delimited by asterisks such as
*Predicate-Symbo/+ rtepresents valid sequences of terminal symbols.
whose precise formal specification is unimportant for our purposes.
every other symbol is a special symbol belonging to the vocabulary

of the canonical language.

o The given grammar will accept quantified formulas in Prenex normal
form only, i.e., quantifiers are not allowed within the scope of the

boolean operations.

o The given grammar is important as an expository device and is
certainly not the most elegant one that can be devised. The goal is
to provide a grammar that parses all the formal notation that we

intend to employ in a way that helps to clarify the formal nature of



refinement operations.



Figure C-1:  Context-Free Grammar for Canonical Language
<Rule> — <Premises> -> <Conclusion> [*Confidence-Factor*]
<Premises> — <Component><Connective><Premises> | A
<Conclusion> — <Simple-Component>
<Connective> — &|V | — |A
<Component>— <Simple~Component> | <Compound-Component> | <Choice>

| <Quantified-Component>
<Quantified-Component> — (V <#*Variable*>)(<Component>)
|(3 *Variable*)(<Component>)
<Simple-Component>— {- } <Propositional-Form> | {= } <Predicate-form>
<Choice> — [<Choice-Number>: <Choice-List>]
<Choice-Number> — *positive~-integer*
<Choice-List>—> <Choice-Element>, <Choice-list>|A
<Choice-Element> — <Simple-Component>
<Compound-Component> — (<Simple-Component><Connective>
<Compound-Component>)
|A
<Propositional~-Form> — (*Propositional~Constant* {<Range>})
<Predicate-Form> — (*Predicate-Constant* <Parameter-List> {<Range>})
<Parameter-List> — <Term> | <Term>,<Parameter-List>|A
<Term>—> «Variable« | *Constant# | <Function-Term>
<Function-Term>— (*Function-Symbol* <Parameter-List>)

<Range>— *Truth—Value* | [*Number+:+*Number+]
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