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ABSTRACT

Research in the area of learning structural descriptions from examples is
reviewed, giving primary attention to methods of learning characteristic descrip-
tions of single concepts. In particular, we examine methods for finding the
maximally-specific conjunctive generalizations (MSC-generalizations) that cover
all of the training examples of a given concept. Various important aspects of
structural learning in general are examined, and several criteria for evaluating
structural learning methods are presented. Briefly, these criteria include (i) ade-
quacy of the representation language, (/i} generalization rules employed, (iii}
computational efficiency, and (iv) flexibility and extensibility. Selected learning
methods developed by Buchanan, et al., Hayes-Roth, Vere, Winston, and the
authors are analyzed according to these criteria. Finally, some goals are sug-
gested for future research.

3.1 INTRODUCTION
3.1.1 Motivation and Scope of Chapter

The purpose of this chapter is to introduce some of the important issues
affecting the design of learning programs—particularly programs that learn from
examples. This chapter begins with a survey of these issues. From the survey,
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42 CHAPTER 3: A COMPARATIVE REVIEW

four criteria are developed for evaluating learning methods. The remainder of
the chapter describes and evaluates five existing learning systems according to
these criteria,

We do not attempt to review all of the work on learning from examples
(also known as learning by induction). Instead, we focus on one particular
problem: the problem of learning structural descriptions from a set of positive
training instances.  Specifically, we survey methods for finding the maximally-
specific conjunctive generalizations (called MSC-generalizations} that charac-
terize a given class of entities. This is one of the simplest learning problems that
has been addressed by Al researchers.  The problem of finding MSC-
generalizations lends itself to comparative analysis because several different
methods have been developed. This is unusual in current research on machine
learning, which is currently investigating a wide variety of learning problems and
learning methaods,  Particular methods reviewed in this chapter include those
developed by Buchanan e al. [1971, 1976, 1978], , Hayes-Roth [1976a, 1976b,
1977, 1978)] Vere [1975, 1977, 1978, 1980], Winston [1970, 1975], and the au-
thors. This chapter is based on the article by Dietterich and Michalski [1981].

Before proceeding any further, let us explain our terminology. The chapter
deals first of all with structural descriptions.  Structural descriptions portray ob-
jects as composite structures consisting of various components. For instance, a
structural description of a building could represent the building in terms of the
floors, the walls, the ceilings, the hallways, the roof, and so forth, along with
‘the relations that hold among these various components. Structural descriptions
can be contrasted with arribute descriptions, which specify only global
properties of an object. An attribute description of a building might list its cost,
architect, height, total square-footage and so forth. No internal structure is
represented.  Attribute  descriptions can be expressed using propositional
logic—that is, null-ary predicates.! Structural descriptions, however, must be ex-
pressed in predicate logic. Each subcomponent is described globally using vari-
ables and unary predicates, and relations between components are expressed as
k-ary predicates and functions.? In this chapter, variables, predicates, and func-
tions are all referred to as descriptors.

The second item of terminology that requires explanation is the notion of a
maximally-specific conjunctive generalization. A conjunctive generalization is a
description of a class of objects obtained by forming the conjunction (AND) of a
group of primitive statements. For example, the class of houses might be
described as the set of all objects such that:

I'This is a slight simplification. With multi-valued attributes such as color, one must either create a
separate predicate for each color or else employ some form of multiple-valued logic, such as VL.

¥This is also a slight simplification. In principle, it is always possible to convent a structural
description into an adribute description, but such a conversion lcads to a combinatorial explosion in
the number of autributes.
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the number of floors is less than four AND the purpose of the
building is to be used as a dwelling
We write this symbolically as a VL, expression;
[#-of-floors < 4] & [purpuse-of-building = dwelling]

An gxample of a description that is not conjunctive is the definition of “not
married for tax purposes” as: '

lmarital status = singie] V [marital status = married] [filing status = separate returns]

This is a disjunctive description.

A maximally-specific conjunctive generalization is the most detailed (most

specific) description that is true of all of the known objects in the class. Since
specific descriptions list many facts about the class, the maximally-specific con-
junctive generalization is the longest conjunctive generalization that still
describes all of the training instances.
. Now that we have described the scope of this chapter, we introduce several
issues that are important in learning from examples. From these issues, we will
later develop four criteria for evaluating learning systems and apply these criteria
to the comparison of five existing learning methods.

3.1.2 Important Aspects of Learning From Examples

The process of inductive learning can be viewed as a search for plausible
general descriptions (inductive assertions) that explain the given input data and
are useful for predicting new data. 1In order for a computer program to formulase
such descriptions, an appropriate description language must be used. For any set
gf input data and any non-trivial description language, a large number of induc-
tive assertions can be formulated. These assertions form a set of descriptions
Partially ordered by the relation of relative generality [Mitchell, 1977]. The min-
imal elements of this set are the most specific descriptions of the input data in
the given language, and the maximal elements are the most general descriptions
of these data. The elements of this set can be generated by starting with the
most specific descriptions and repeatedly applying rules of generalization to
produce more general descriptions.

' The view of induction as a search through a space of generalized descrip-
tions draws attention to the following aspects of learning:

. Bepresentation. What description language is employed for expressing the
input examples and formulating the inductive assertions? What are
possible forms of assertions that a method is able to learn? What operators
are used in these forms?

. Type of description sought. For what purpose are the inductive assertions
being formulated?  What assumptions does the induction method make
about the underlying process(es) that generated the data?,

® Rules of generalization. What kinds of transformations are performed on

the
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the input data and intermediate descriptions in order to produce the induc-

tive assertions?

s Constructive induction, Does the induction process change the description
space; that is, does it produce new descriptors that were not present in the
input events?

s Control strategy. What is the strategy used to search the description
space: bottom-up (data-driven), top-down (model-driven), or mixed?

s General versus problem-oriented approach, Is the method oriented
toward solving a general class of problems, or is it oriented toward
problems in some specific application domain?

We now discuss each of these aspects in more detail.

3.1.3 Representation Issues

Many representational systems can be used to represent events and
generalizations of events—for example, predicate calculus, production rules,
hierarchical descriptions, semantic nets, frames, and scripts. Much Al work on
inductive learning (the exceptions include the AM system [Lenat, 1976), and
work by Winston [1970)) has employed predicate calculus (or some closely re-
lated system), because of its well-defined syntax and semantics. (An important
study of theoretical problems of induction in the context of predicate calculus
was undertaken by Plotkin [1970, 1971].)

The mere statement that some learning method “uses predicate calculus”
does not tell us very much about that method. Most learning methods place fur-
ther restrictions on the forms of inductive assertions. For example, although a
learning system might in principle be able to represent disjunctive descriptions,
in practice it may have no mechanisms for actually discovering such descrip-
tions. One way to capture this distinction between ‘‘representable forms” and
“learnable forms” is to indicate which operators can actually be used in each.
The most common operators are conjunction (&), disjunction (V), exception,
and the existential and universal quantifiers.

3.1.4 Types of Descriptions

Since induction is a search through a description space, one must specify
the goal of this search—that is, one must provide criteria that define the goal
description.  These criteria depend upon the specific domain in question, but
some regularities are evident. We distinguish among characteristic, discriminant,
and taxonomic descriptions.,

A characteristic description is a description of a ciass of objects (or situa-
tions, events, and so on) that states facts that are true of all objects in the class.
It is usually intended to discriminate objects in the given class from objects in all
other possible classes. For example, a characteristic description of the set of all
tables would discriminate any table from all things that are non-tables. In this
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way, the description characterizes the concept of a table. The task of discover-
ing & characteristic description is a single-concept acquisition task (see Chapter
4 of this book). Since it is impossible to examine all objects in a given class (or
not in a given class), a characteristic description is usually developed by specify-
ing all characteristics that are true for all known objects of the class (positive
examples). In some problems, negative examples (counterexamples) are avail-
able that represent objects known to be outside the class. Negative examples can
greatly help to circumscribe the desired conceptual class. Even more helpful are
counterexamples that are “near misses”—that is, negative examples that just
barely fail to be positive examples (see Winston [1970, 1975]).

A discriminant description is a description of a class of objects in the con-
text of a fixed set of other classes of objects. It states only those properties of
the objects in the given class that are necessary to distinguish them from the ob-
jects in the other classes. A characteristic description can be viewed as an #x-
treme kind of discriminant description in which the given class is discriminated
against infinitely many alternative classes.

A taxonomic description is a description of a class of objects that sub-
divides the class into subclasses. In constructing such a description, it is as-
sumed that the input data are not necessarily members of a single conceptual
class. Rather it is assumed that they are members of several different classes (or
produced by several different processes). An important kind of taxonomic
description is a description that determines a conceptual clustering—a structuring
of the data into object classes corresponding to distinct concepts. Taxonomic
descriptions can be “flat”—with all object classes stated at the same level of
abstraction—or hierarchical—with object classes arranged in an abstraction tree.
A taxonomic description is fundamentally disjunctive.  The overall class is
described by the disjunction of the subciass descriptions. Taxonomic description
is a kind of descriptive generalization rather than concept acquisition (see Chap-
ter 4 of this book).

Determination of characteristic and discriminant descriptions is the subject
of learning from (pre-classified) examples, while determination of taxonomic
descriptions (conceptual clustering) is the subject of learning from observation or
i'learning without teacher”. This distinction between these two forms of learning
1s examined in detail in Chapter 4 of this book.

In this chapter we restrict ourselves to the problem of determining charac-
teristic descriptions. The problem of determining discriminant descriptions has
been studied by Michalski and his collaborators [Larson & Michalski, 1977; Lar-
son, 1977; Michalski, 1973, 1975, 1977, 1980a, 1980b] (see also Chapters 4 and
I5 of this book.). A general method and computer program, CLUSTER/2, for cou-
Ezpt]z!al clustering is described by Michalski and Stepp in Chapter 11 of this

ok.
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3.1.5 Rules of Generalization

The partially-ordered space of descriptions of different levels of generality
can be described by indicating what transformations are being applied to change
less general descriptions into more general ones. Consequently, determination of
inductive assertions can be viewed as a process of consecutive application of cer-
tain “generalization rules” to initial and intermediate descriptions. A generaliza-
tion rule is a transformation rule that, when applied to a classification rule
S; u=> K, produces a more general classification rule $, > K.3

This means that the implication §; > S, holds. A generalization rule is called
selective if §, involves no descriptors other than those used in ;. If S, does
contain new descriptors, then the rule is called constructive (see section 3.1.6).
Selective rules of generalization do not change the space of possible inductive
assertions, while constructive rules do change it.

The concept of rules of generalization provides further insight into the view
of induction as a heuristic search of description space. The rules of generaliza-
tion specify the operators that the search uses to move from one node to another
in this space. The concept of generalization rules is also useful for comparing
different learning methods because these rules abstract from the particular
description languages used in the methods. In this chapter, we briefly outline
the concept of a generalization rule and present a few examples. Chapter
4 presents a much more detailed discussion of the subject and an extensive list of
generalization rules.

One of the simplest generalization rules is the dropping condition rule,
which states that to gencralize a conjunction, you may drop any of its conjunc-
tive conditions. For example, the class K of “red apples” can be generalized to
the class of all “apples” of any color by dropping the “red” condition. This can
be written as: )

red(v) & apple{v) => K can generalize to apple(v) u> K

This is a selective rule of gencralization because it does not introduce any
new descriptors. An example of a constructive rule is the find extrema of partial
orders rule. This rule augments a structural description by édding new descrip-
tors for objects that are at the end points of ordered chains. For example, in a
description of a four-storey office building, we might have the statement that
“the second floor is on top of the first floor, the third floor is on top of the
second, and so on.” The find extrema rule would generate the fact that “the first
floor is the bottom-most and the fourth floor is the top-most floor.” The “on top
of” relations form an ordered chain. Symbolically, this is written as: .

ontop(f2,f1) & ontop(f3,f2) & ontop(f4,£3) < most-ontop(f4) & least-ontop(f1)

3The notation S; > K means that all objects for which S, is true are classified as belonging lo
class K.
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where the 1< sign is interpreted as “can be generalized to”. Other selective
rules of generalization needed for this chapter include:

o the turning constants to variables rule
¢ the adding internal disjunction rule

o the closing interval rule

e the climbing generalization tree rule

These rules are explained in Chapter 4 of this book.

We also employ one rule of specialization. Any of the above rules of
generalization can become rules of specialization by using them in reverse,
However, one important rule of specialization is the introducing exception rule.
It can be applied to a description in order to specialize it to take into account a
counterexample.  Suppose, for example, that a program is attempting to learn the
concept of a “fish”. Its initial hypothesis might be that a fish is anything that
swims. However, it then is told about a dolphin that swims and breathes air but
is not a fish. At this point, the program might guess that a fish is anything that
swims and does not breathe air. This can be written as:

current description: swims(v) 5> K
' , > swims(v) & ~breathes-air(v) > K
negative example: swims(v) & breathes-ai(v) > ~K

The 1> sign is interpreted as meaning *can be specialized to”.
3.1.6 Constructive Induction

As we have mentioned above, constructive induction is any form of induc-

l~ion that generates new descriptors not present in the input data. It is important
for learning programs to be able to perform constructive induction, since it is
well known that many Al problems cannot be solved without a change of
representation.  Many existing methods of induction (for example, [Hunt et af.,
1966; Hayes-Roth, 1976a, 1976b; Vere, 1975, 1980; Mitchell, 1977, 1978} ) do
not perform constructive induction. We say that these methods perform selective
induction, since the descriptors present in the generalizations produced by the
program are selected from those present in the input data.
‘ There are several existing systems that perform some form of constructive
induction.  Soloway’s BASEBALL system [Soloway, 1978], for example, applics
several rules of constructive induction to convert raw snapshots of a simulated
baseball game into high-level episode descriptions that can be generalized to dis-
cover such concepts as “run”, “hit”, and “out”. In this system, the constructive
induction takes place first, followed by selective induction.

Larson’s INDUCE-1 system [Larson, 1977; Larson & Michalski, 1977], on
the other hand, performs constructive and selective induction simultaneously.
INDUCE-1 implements the “find extrema of partial orders” rule of generalization
described above, along with a few other constructive induction rules. New



48v CHAPTER 3: A COMPARATIVE REVIEW

descriptors are tested for discriminatory ability before they are added to all of the
training instances.
Unfortunately, most existing systems have not implemented constructive
induction rules in any general way. Instead, specific procedures are written to
generate the new descriptors. This is an important problem for future research.
In Chapter 4 of this book, Michalski presents more rules of constructive induc-

tion.
3.1.7 Control Strategy

[nduction methods can be divided into bottom-up (data-driven), top-down
(model-driven), and mixed methods depending on the strategy that they employ
during the search for generalized descriptions. Bottom-up methods process the
input events one at a time, gradually generalizing the current set of descriptions
until a final conjunctive generalization is computed:

G,

Gs

~

?2
E, =c,/ E, Ey E,

G, is the set of conjunctive generalizations of E, and E,. G, is the set of con-
junctive generalizations obtained by taking each element of G, and generalizing
it with E,. ’

Methods described by Winston, Hayes-Roth, and Vere are reviewed in this
chapter. Other bottom-up methods include the candidate elimination approach
described by Mitchell [1977, 1978], the ID3 technique of Quinlan [1979a,
1979h] (see also Chapter 15 of this book), and the Uniclass method described by
Stepp [1970].

Top-down methods search a set of possible generalizations in an attempt to
find a few “best” hypotheses that satisfy certain requirements. The two methods
discussed in this chapter (Buchanan, e! al. and Michalski) search for a small
number of conjunctions that together cover all of the input events. The search
proceeds by choosing as the initial working hypotheses some elements from the
partially-ordered set of all possible descriptions.  If the working hypotheses
satisfy certain criteria, then the search halts. Otherwise, the current hypotheses
are modified by slightly generalizing or specializing them. These new
hypotheses are then checked to see if they satisfy the termination criteria. The
process of modilying and checking continues until the criteria are met. Top-
down techniques typically have better noise immunity and can be easily extended
to discover disjunctions. The principal disadvantage of these techniques is that
the working hypotheses must be checked repeatedly to determine whether they
subsume all of the input events. '
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3.1.8 General versus Problem-oriented Methods

It is a common view that general methods of formal induction, although
mathematically elegant and theoretically applicable to many problems, are in
practice very inefficient and rarely lead to any interesting solutions.  This
opinion has led certain workers to abandon {at least temporarily) work on general
methods and concentrate on learning problems in some specific domains (for ex-
ample, Buchunan, ef al. [1978] in chemistry or Lenat [1976] in elementary num-
ber theory). Such an approach can produce novel and practical solutions. On
the other hand, it is difficult to extract general principles of induction from such
problem-specific work. It is also difficalt to apply such special-purpose
Programs to new areas.

An attractive possibility for solving this dilemma is to develop methods
that incorporate various general principles of induction (including constructive
induction) together with mechanisms for using exchangeable packages of
problem-specific knowledge. This idea underlies the development of the INDUCE
programs [Larson, 1977; Larson & Michalski, 1977; Michalski, 1980a] and the
Star methodology described by Michalski in Chapter 4 of this book.

3.2 COMPARATIVE REVIEW OF SELECTED METHODS
3.2.1 Evaluation Criteria

The selected methods of induction are evaluated in terms of several criteria
considered especially important in view of our discussion in Section 3.1.

1. Adequacy of the representution language: The language used to represent in-
put data and output generalizations determines to a large extent the quality and
utility of the output descriptions. Although it is difficult to assess the adequacy
of a representation language out of the context of some specific problem, recent
work in Al has shown that languages that treat all phenomena uniformly must
sacrifice descriptive precision. For example, researchers who are attempting to
build systems for understanding natural language prefer rich knowledge represen-
tations, such as frames, scripts, and semantic nets, to more uniform and less
structured  representations, such as  attribute-value lists and PLANNER-style
representations.  Although languages with many syntactic forms do provide
greater descriptive precision, they also lead to combinatorial increases in the
complexity of the induction process. In order to control this complexity, a com-
;?mmise must be sought between uniformity and richness of representational
t})rms. In the evaluation of each method, a review of the operators and syntactic
lorms of each description language is provided.

2. Rules of generalization implemented: The generalization rules implemented in
cach algorithm are listed.

3. Computational efficiency: To get some approximate measure of computational
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efficiency, we have hand simuiated each algorithm on the test problem showH i
Figure 3-2. In the simulation, we have measured the total number of times an
inductive description was generated and the total number of times one inductive
description was comipared to another (or compared to a training instance). These
provide good measures of computational effort, since generation and comparison
of structural descriptions are expensive operations. We have also computed the
ratio of the number of final descriptions output by the algorithm to the total num-
ber of descriptions generated by the algorithm. This provides a measure of over-
all efficiency, since a ratio of I indicates that every description generated by the
algorithm was correct, while a ratio of 0 indicates that none of the generaced
descriptions were correct,

Our evaluation of these induction methods is not based entirely on these
numerical measures, however (particularly since they are derived from only one
test problem).  An additional vatue of the simulation is that it gives some general
idea of how the algorithms behave and shows the kinds of descriptions that the
algorithms are able to discover. The reader is admonished to treat the efficiency
measurements as highly approximate.

4. Flexibility and extensibility:  Programs that can only discover conjunctive
characteristic descriptions have limited practical application. In particular, they
are inadequate in situations involving noisy data or in which no single conjunc-
tive description can describe the phenomena of interest. Consequently, as one of
the evaluation criteria, we consider the ease with which each method couid be
extended to:

s discover descriptions with forms other than conjunctive generalizations, for

example, disjunctions and exceptions (see Section 3.1.4)

¢ include mechanisms that facilitate the detection of errors in the input data

e provide a general facility for incorporating externally-specified domain
knowledge into the induction process as an exchangeable package

o perform constructive induction '

Two sample learning problems will be used to explain these methods. The
first problem (Figure 3-1) is made up of two examples (E! and E2). Each ex-
ample consists of objects (geometrical figures) that can be described by:

¢ attributes size (small or large) and shape (circle or square)
¢ relationships onrop (which indicates that one object is above another) and
inside (which indicates that one object lies inside another)

The second sample problem (Figure 3-2) contains three examples of con-
structions made of simple geometrical objects. These objects can be described
by:

s atiributes  shape  {(box, triangle, rectangle, ellipse, circle, square, or
diamond), size (small, medium, or Jarge), and fexture (blank or shaded)
o relationships ontop and inside (the same as in the first sample problem)
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O

El E2

Figure 3-1:  Sample problem for illustrating representation tanguages.

El E2 E3

Figure 3-2:  Sample problem for comparing the performance of the methods.

In each sample problem, the task is to determine a set of maximally-
speciﬁc conjunctive generalizations (MSC-generalizations) of the examples. No
negative examples are supplied in either problem. In the discussion below, the
first problem is used to illustrate the representational  formalism and the
generalization process implemented in each method. The second, more complex,
problem is used to compare the computational efficiency and representational
adequacy of each method. This comparison is based on a hand simulation of
¢ach method. ‘ ‘

3.22 Data-driven Methods: Winston, Hayes-Roth, and Vere

3.2.2.1 Winston: Learning Blocks World Concepts

Winston’s well known work [Winston, 1970, 1975] deals with learning
concepts that characterize simple toy block constructions. Although his method
uses mo precise criterion to define the goal description, the method usuaily
develops MSC-generalizations of the input examples. The method assumes that
the examples are provided to the program by an intelligent teacher who carefully
chooses both the kinds of examples used and their order of Jbresentation.  The
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program uses so-called “near miss” negative examples to rapidly determine the
correct generalized description of the concept. A near-miss example 18 4 nega-
tive example that differs from the desired concept in only one significant at-
tribute.  Winston also uses the near-misses to develop “emphatic” conditions
such as “must support” or “must not support”. These Must- type descriptors in-
dicate which conditions in the concept description are necessary to eliminate
negative examples.

As Knapman has pointed out in his review of Winston's work [Knapman,
1978}, many parts of the exposition in Winston’s thesis [Winston, 1970] and
subsequent publication [Winston, 1975] are not entirely clear. Although the
general ideas in the thesis are well-explained, the exact implementation of these
ideas is difficult 1o extract from these publications. Consequently, our descrip-
tion of Winston’s method is necessarily a reconstruction. We begin by discuss-
ing the knowledge representation employed by Winston. Then, we turn our at-
tention to his fearning algorithm.

A semantic network is used to represent the input events, the.background
blocks-world knowledge, and the concept descriptions generated by the program
(see Figures 3-3 and 3-4). The representation is quite general although the im-
plemented programs appear to process the network in domain-specific ways (see
Knapman [1978]; Winston [1970, page 196]).

Nodes in the network are used for several different purposes. We will il-
lustrate these purposes by referring to the corresponding concepts in first-order
predicate logic (FOPL). The first use of nodes is to represent various primitive
concepts that are properties of objects or their parts (such as small, size, circle,
shape). Nodes in this case correspond 1o constants in first-order predicate logic
expressions, There is no distinction between attributes and values of attributes in
Winston’s network representation, and conseguently, there is no representational
equivalent of the one-argument predicates and functions of FOPL,

Another use of nodes is to represent individual examples and their parts.
Thus, in Figure 3-3, we have the node El and two nodes A and B that make up
El. These can be regarded as quantified variables in predicate calculus. Dis-
tinct variable nodes are created for each training example.

Labeled links connecting these nodes represent various binary relationships
among the nodes. The links correspond to two-argument predicates. The first
two uses of nodes as constants and variables, plus the standard use of links as
predicates, constitute the basic semantic network representation used by Winston.

There is, however, a third use of nodes. Each link type (analogous to a
predicate symbol) is also represented in the network as a node, Thus, in ad-
dition to the numerous On-Top links that may appear in the network, there is an
On-Top node that describes the link type On-Top and its relationship to other
link types. For example, there might be a Negative-Satellite link that joins the
On-Top node to the Beneath node. Such a link indicates that On-Top and
Beneath are semantically opposite predicates.  Similarly, there is a Must-be-
Satellite link connecting the Must-Be-On-Top node to the On-Top node.
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El

HAS-AS-PART

HAS-PROPERTY-OF %
ON-TOP
small a b
» BENEATH

A4 d ‘ € ¥

A-KIND-OF

size circle
' A-KIND-OF
object

Figare 3-3:  Network representing example Bl in Figure 3-1.

All of the nodes in the network are joined into one generalization hierarchy
through the A-Kind-Of links. This hierarchy is used to implement the climbing
generalization tree rule, y
' Now that we have described the network representation, we turn our atten-
l!fm to the learning algorithm. The learning algorithm proceeds in two steps
l"ufst, the current concept description is compared to the next example, and z;
dxlferen?ce description is developed. Then this difference description is pr;)cessed
to obtain a new, generalized concept description.  Often, the second step reéﬁlts
In several possible generalized concept descriptions. In such a case, one general-
1z¢d concept is selected for further refinement and the remaining possibilities are
placed on a backtrack list. The program backtracks when it is unable to consis-

tently generalize its current concept description.
The first step of the algorithm (the development of. the difference
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HAS-AS-PART

CONTAINS

ON-TOP

INSIDE

BENEATH

HAS-PROPERTY-OF

A-KIND-OF

Figure 3-4: Network representing example E2 in Figure 3-1.

description) is accomplished by graph-matching the current ?oncept de§cr1pt10n
against the example supplied by the teacher, and annotating .t!lns m{atch with com-
ment notes (C-NOTES). These C-NOTES describe conditions in the f:oncePt
description and example that partially matched or did not match. Wmstonsi
description of the graph-matching algorithm is sketchy {K.napman, “1978’:
Winston, 1970, pages 254-263}. The algorithm apparently fmds. one best
match between the training example and the current concept description. The
method does mnot address the important problem of multiple graph sub-
isomorphisms, that is, the problem arising when the training example matches
the current concept description in more than one way. Thi§ prot?lem was ap-
parently avoided by assuming that the teacher will present .tra!nmg instances that
can be unambiguousty matched to the current concept description,
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Unce this match between the concept description and the example is ob-
tained, a generalized skelcton is created containing only those links and nodes
that matched exactly. The C-NOTES are then attached to this skeleton. Each
C-NOTE is a sub-network of nodes and links that describes a particular type of
match. There are several types of C-NOTES cormresponding to partially-matching
or mismatching nodes and partially-matching or mismatching links. The dif-
ferent types are summarized in Table 3-1. In detail, there are the following
types of C-NOTES:

e For nodes:

o fntersection C-NOTES indicate that two nodes match exactly.

o A-Kind-of-Merge and A-Kind-Of-Chain C-NOTES indicate that twoe
nodes match partially. The A-Kind-Of-Merge C-NOTE handies the
case when two nodes are different but share a common A-Kind-Of
link, for example, when square partially matches triangle (since they
are both polygons). The A-Kind-Of-Chain C-NOTE handles the case
when a node matches a more general node, for example, when
square matches polygon.

o Exit C-NOTES indicate that two nodes do not match at all.

¢ For links:

o Negative-Satellite-Pair C-NOTES indicate that two semantically op-
posite links mismatched, for example, Marries and Does-Not-Marry.
o Must-Be-Satellite-Pair C-NOTES indicate that a normal link, such as
Supports, matches an emphatic link, such as Must-Support.

o Must-Not-Be-Satellite-Pair C-NOTES indicate that a normal link
matches a Must-Not form of the same link,

o Supplementary Pointer C-NOTES indicate that two links do not
match at all.

Table 3-1:  Winston's c.Nore Categories
Match Partially match Mismatch
Node Intersection A-Kind-Of-Merge Exit
A-Kind-Of Chain

Link Negative-Satetlite-Pair
Must-Not-Be-Satellite-pair

Supplementary pointer

The network diagram of Figure 3-5 shows the difference description that
results from matching the two networks of Figures 3-3 and 3-4 to each other.

The gencralization phase of the algorithm is fairly simple. Each C-NOTE 1§
handled in a way determined by the C-NOTE type and whether the example is u
positive or negative training example. Winston provides a table that indicates
what actions his program takes in cach case [Winston, 1970, pages 145-146}.
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HAS-AS-PART

has-as-part

K e e i s st e e 2
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HAS-PROPERTY-OF
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Difference description obtained by comparing El and E2 from Figure 3-1 and annotat-
ing the comparison with two C-NOTES,

Figure 3-5:

Some C-NOTES can be handled in multiple ways. For positive examples,
only one C-NOTE causes problems: the A-Kind-Of-Merge. In this case, the
program can either climb the A-Kind-Of generalization tree or else drop the con-
dition altogether. The program develops both possibilities but only pursues the
former (leaving the latter on the backtrack list). The concept description that
results from generalizing the difference description of Figure 3-5 is shown in

© v ————
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Figure 3-6.  The alternative generalization would drop the Has-Property link
from node b.

HAS-PROPIRTY-OF

HAS-AS-PART
ON-TOP
] y BENEATH
A-KIND-OF
AY f
A-KIND-OF

Figure 3-6: Network representing the generalized concept resulting from  generalizing the dif-
ference description of Figure 3-5.

Evaluation:

I. Reptfesemational adequacy. The semantic network is used to represent
properties, object hierarchies (using A-Kind-Of), and binary relationships A; in
mm‘tl ser?‘lamic networks, n-ary relationships cannot be represented directl’y The
conjunction operator is implicit in the structure of the network, since all })f the
‘condmons represented in the network are assumed to hold simultaneously. There
18 no mechanism indicated for representing disjunction or internal disjv:mction
The Not and Must-Not links implement a form of the exception operator. Aﬁ

lgt'crcstmg feature of Winston's work is the use of the emphatic Musz- relation-
ships. o
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The program works in a depth-first fashion and produces only one general-
ized concept description for any given order of the training examples. Permuting
the training examples may lead to a different generalization. Two generaliza-
tions obtained by simulating Winston's learning algorithm on the examples of
Figure 3-2 are shown in Figures 3-7 and 3-8.

HAS-AS-PART

L——— A-KIND-OF

pelygon

HAS-PROPERTY-OF
A-KIND-OF

The first generalization obtained by simulating Winston’s leamting algorithm on the
examples of Figure 3-2 (in the order E3, Ei, E2). An English paraphrase is: “There is
a medium, blank polygon on top of another object that has a size and texture. There is
also another object with size and texture.”

Figure 3-7:

The second generalization (Figure 3-8) is not maximally specific since it
does not mention the fact that all training examples also contain a small- or
medium-sized shaded object. The algorithm cannot discover this generalization
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HAS-AS-PART

HAS-PROPLERTY-OF

A-KIND-OF

The second generalization obtained by simulating Winston's learning algorithm on the
examples of Figure 3-2 (in the order E, E2, E3). An English paraphrase is: “There is
a large, blank object.”

Figure 3-8:

due to the fact that the graph-matcher finds the “best” match of the current con-
cept with the example. When the order of presentation of the examples is El
followed by E2 followed by E3, the “best” match of the first two examples
climinates the possibility of discovering the maximally-specific conjunctive
generalization when the third example is matched.

2. Rides of Generalization. The program uses the dropping condition rule (for
generalizing exit C-NOTES), the turning constants to variables rule (when creat-
g the generalized skeleton), and the climbing generalization tree rule (for the
A-Kind-Of-Merge). It also uses the introducing exception specialization rule (for
the A-Kind-Of-Merge C-NOTE with negative examples).

3. Computational efficiency. The algorithm is quite fast: it requires only two
graph comparisons to handle the examples of Figure 3-2. However, the algo-
rithm does use a lot of memory to store intermediate descriptions. The first
graph comparison produces eight alternatives, of which only one is pursued.
The second graph comparison leads 1o four more alternatives from which one is
selected as the “best” concept description.  This inefficient use of memory is
reflected in our figure for computational efficiency (the number of output
descriptions / the numiber of examined descriptions), which is 1/ or 9%.
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The performance of the algorithm can be much worse in certain situations.
When “poor” negative examples are used—those which do not match the current
concept description well—the number of intermediate descriptions explodes com-
binatorially. Such situations are also likely to cause extensive backtracking.

Since the algorithm produces only one generalization for any given order

of the input examples, it must be executed repeatedly if several alternative
generalizations are desired.
4. Flexibility and Extensibiliry. 1ba [1979] has successfully extended this algo-
rithm to discover some disjunctive descriptions.  His solution is not entirely
general, however.  The main difficulty seems to be that Winston’s algorithm
operates under the assumption that there is one conjunctive concept churacteriz-
ing the examples, so the development of disjunctive concepts is not consistent
with the spirit of the work.

Since the program behaves in a depth-first manner, noisy training events
cause it to make serious errors from which it cannot recover without extensive
backtracking. This is not surprising since Winston assumes that the teacher is
intetligent and does not make any mistakes in training the student. 1t seems to
be very difticult to extend this method to handle noisy input data.

The inductive generalization portion of the program does not contain much
problem-specific knowledge.  However, many of the techniques used in the
program, such as building complete ditference descriptions and using a back-
tracking scarch, may become combinatorially infeasible in real-world problem
domains. The A-Kind-Of generalization hierarchy can be used to represent
problem-specific knowledge.

The system of programs described by Winston performs some types of
constructive induction.  The original inputs to the system are noise-free line
drawings. Some knowledge-based algorithms convert these line drawings into
the network representation.  Winston describes an algorithm for combining a
group of objects into a single concept and subsequently using this concept in
other descriptions. The “arcade” concept { [Winston, 1970], page 183) is a good
example of such a constructive induction process.
3.2.2.2 Hayes-Roth: Program SPROUTER

Hayes-Roth’s work on inductive learning [Hayes-Roth, 1976a, 1976b;
Hayes-Roth & McDermott, 1977, 1978] is concerned with finding MSC-
generalizations of a set of input positive examples (he calls such generalizations
maximal  abstractions  or  fnterference  matchesy.  Parameterized  stwructural
representations {PSR’s) are used to represent both the input events and their
generalizations.  The PSR’s for the two events of Figure 3-1 are:

Bl Hoirclead{square:bHsmall:a}

{smull:bHontop:u, under:b}}

E2 {eircle:c{square:di{circle:e}
{small:c large:dfsmall:c}
{ontop:e, underidiinsideze, outside:d}}
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El: {{circle:a}{square:b}{small:a}
{smalt:bHontop:a, under:b}}

E2: {{circle:cHsquare:d}{circle:c}
{small:cHlarge:d}{small:e}
{ortop:c, under:dfinside:e, outside:d)}

In Hayes-Roth’s terminology, the expressions such as {small:a} are called
case frames. They are composed of case labels (such as small, circle) and
parameters (such as a, b, ¢, d). The PSR can be interpreted as a conjunction of
predicates of the form case-label(parameter-list). For example, {small:a} can be
interpreted as small(a), and {ontop:c, under:d} can be interpreted as ontop(c,d).
The parameters can be viewed as existentially-quantified variables denoting dis-
tinct objects.

‘ The induction algorithm works in a purely bottom-up fashion. The first set
of conjunctive generalizations, G,, is initialized to contain only the first input
cxample.  Given a new example and the set of generalizations, G,, obtained in
the ith step, a new set of generalizations, G, is obtained by perfz)rming a par-
tial match between each element in G, and the current training example. It is not
clear from publications [Hayes-Roth, 1976b; Hayes-Roth, 1976a; Hayes-Roth &
McDermott, 1977; Hayes-Roth & McDermott, 1978] whether or not these sets G
are prpned during this process. Hayes-Roth calls each of the partia]-matchingl
operations an interference maich.

The interference match attempts to find the longest one-to-one match of
parameters and case frames (that is, the longest common subexpression). This is
accomplished in two steps. First the case frames in El and E2 are matched in
all possible ways to obtain the set M. Two case frames match if all of their case
labels match.  Each element of M is a case frame and a list of parameter cor-
respondences that permit that case frame to match in both events:

M = {{circle:((a/c)(ale))},

{square:((b/d))},
{smalI:((a/c)(b/c)(a/e)(b/e))},
{ontop,under:(ta/c b/d))}}

The second step involves selecting a subset of the parameter correspon-
dences in M such that all parameters can be bound consistently,  This is con-
ducted I?y a breadth-first search of the space of possible bindings with pruning of
unpromising nodes. The search can be visualized as a node-building process.
Here is one such (pruned) search graph:
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M Interference match
feircle}
a/c 13 i4
ale i 12 /
{squarc} /
b/d ¢ 9 10
{small}

aic 6
bic 4 5
ae 3

2 8

b/e

{ontop, under;
a/c brd

The nodes are numbered in order of their generation. One at a time, a p;ur
of corresponding parameters is selected from M and a new node is createdd or
them. Then this new node is compared with all previously generated nodes.
Additional nodes are created for each case in Yvhlch thc‘new par.zxn?eter c:i)r-
respondence node can be consistently merged w:th‘a previously exm'tm‘g no c;.
In the search graph above, when the parameter binding {small: (a/c)} is selected,
node 6 is created. Then node 6 is compared to nodﬁas | through § and} two (r;e\xé
nodes are created: node 7, which is created by merging node 6 (a/c) with no b{;d)
{b/e}, and node 8, which is created by merging node 6 (a/c) with node 1 (a/c M.
Node 6 cannot be merged with node 3, for instance, because parameter a wou
be inconsistently bound to both parameters ¢ and e. o

When the search is completed, nodes 7, 12, and 14'1 are bindings th_at lez;d
to conjunctive generalizations. Node 14, for (?xample, binds a to ¢ (to give vl)
and b to d (to give v2) to produce the conjunction:

{{eircle:vi Hsquare:v2H{small:v1 Hontop:vl, under:v2}}

The node-building process is guided by computing a.utihty value ﬁ')r ‘each
candidate node to be buiit. The nodes are pruned by setting an upper limit }:)r:
the total number of possible nodes and pruning nodes of low utility when thal
limit is reached.

Evaluation: ' .

t.  Representational adequacy. The algorithm discovers the following conjunc-
tive generalizations of the example in Figure 3-2:
a. {{ontop:v1, under:v2Z{medium:viHblank:vi}} .
There is a medium blank object ontop of something.
b. {{ontop:v1, under:v2}{medium:v1}{large:v2}{blank:v2}} .
There is a medium object ontop of a large, blank object.

c. {{medium:vi}blank:vi}{large:v3}{blank:v3}{shaded:v2}}
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There is a medium sized blank object, a large sized blank object, and
a shaded object.

PSR’s provide two symbolic forms: parameters and case labels. The case
lubels can express ordinary predicates and relations easily. Symmetric relations
muy be expressed by using the sume label twice as in {same!size:a, same!size:b},
The only operator is the conjunction. The language has no disjunction or inter-
nal disjunction.  As a result, the fact that each event in Figure 3-2 contains a
polygon on top of a circle or rectangle cannot be discovered.

2. Rules of generalization. The method uses the dropping condition and turning
constants to variables rules,

3. Computational efficiency. On our test example, the algorithm requires 22 ex-
pression comparisons and generates 20 candidate conjunctive generalizations of
which 6 are retained. This gives a figure of 6/20 or 30% for computational ef-
ficiency. Four separate interference matches are required since the first match of
El and E2 produces three possible conjunctive generalizations.

3. Flexibility and extensibility. An attempt has been made (Hayes-Roth, personal
communication) to extend this method to produce disjunctive generalizations and
to detect errors in data. Hayes-Roth has applied this method to various problems
tn the design of the speech understanding system HEARSAY 11 However, no
facility has been developed for incorporating domain-specific knowledge into the
generalization process.

Also, no facility for constructive induction has been incorporated although
Hayes-Roth has developed a technique for converting a PSR to0 a lower-level,
finer-grained uniform PSR. This transformation permits the program to develop
descriptions that involve a many-to-one binding of parameters.

3.22.3 Vere: Program Thoth

Vere’s earlier work on inductive learning {Vere, 1975} was also directed at
finding the MSC-generalizations of a set of input positive examples (in his work
such generalizations are called maximal conjunctive generalizations or maximal
unifying generalizations), Each example is represented as a conjunction of
literals. A literal is a list of constants called rerms enclosed in parentheses, For
example, the objects in Figure 3-1 would be described as:

EL: (circle a)(square b)(small a)(smal} b){ontop a b)

E2: (circle c)(square d){circle e)(small ¢} (large dj(smali e)(ontop ¢ d)(inside e d)

Although these resemble Hayes-Roth’s PSR’s, they are quite different.
There are no distinguished symbols. Al terms (such as “small” and “e”) are
ircated uniformly,

As in Hayes-Roth’s work, Vere's method operates in a purely bottom-up
fashion in which the input examples are processed one at a time in order to build
the set of conjunctive generalizations. The algorithm for generalizing a pair of
cvents operates in four steps. First, the literals in each of the two events are
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6

s to generate the set of matching pairs MP. Two

ber of constants and they share at
For the sample problem of Figure

matched in all possible way
Jiterals match if they contain the same num
least one common ferm in the same position.
3-2, we have:
MP = {((circle a),(circle ©)
{{circle a),(circle e},
((square b),{square d}},
((soall a)fsmalt ¢,
((small a)(smvall €y,
((small by (small ¢)),
((small b),(small e}},
{tontop a b) (ontop ¢ an}
The second step involves selecting all possible subsstts of »MP suc}:]h that :to
single literal of one event is paired with more than one l‘lter?l in z;nor: er eve ai
Each of these subsets eventually forms a new generalization of the orgin

events.

In the third step,
tended by adding to the subset ad
match. A new pair p is added to

cach subset of matching pairs selected in step 2 ?s ex-
ditional pairs of literals that did not previously
a subset S of MP if each literal in p is related
to some other pair g in S by a common constant in a common poslglog;i t:jo;
example, if S contained the pair ({(square b),(qu:are d)) then we cou zlz)) o>
the pair ((ontop a b).(inside e d)) because the third elem;nF of (()ntc?;? ah i y
second element of (square b) and the third elcmftnt of (inside e.d) '13 tle se;(:nd
element of (square d) (Vere calls this a 3—?} rel(zjx(t;o;shlp). New indirectly-relate
Alrs ¢ sed into S until no more can be added. .
P '—;;C t?eerléfl?rth, and final, step, the resulting set of pairs. is cor)vefted (lrnto a
new conjunction of literals by merging each pair fo form a smgle fiteral. Iiarms
that do not match are turned into new terms, which may be viewed ff)r‘ma );' as
variables. For example, ((circle a),(circle ¢)) would be converted to (circle v1).
Evaluation:
When applied to the test example (Figure 3-2)

sentational adequacy. mpl
e e : A few of the significant ones are

this algorithm produces many generalizations.
listed below:
e (ontop vl v2)(medium v1)(large v2)(bl

vS v4) ‘
( There is a medium object on top of a large blank object. Another

object is blank. There is a shaded object. (The literal (YS v4) is va.c*u(?us
since it contains only variables. Varigble v5 was derived by unifying
circle and triangle). A

e {ontop Vvl v2)(blank vi){(medium viYv9 vI)vS v3 v4)(shaded v3)
(v7 v3)(v6 v3)(blank vd)(large v4)(v8 v4)

There is a medium, blank object on

there are two objects related in some way (v
the other is large and blank.

ank v2)(blank v3)(shaded v4)

top of some other object and
5) such that one is shaded and

DIETTERICH & MICHALSKI 85

s {ontop v1 v2)(medium v!)(blank v2)(large v2)(v5 v2)(shaded v3)(v7 v3)
(blank v4)(v6 v4)
There is u medium object on top of a large blank object. There is a
shaded object and there i1s a blank object.

The representation is basically an uninterpreted list structure and, con-
sequently, has very little logical structure. By convention the first symbol of a
literal can be interpreted as a predicate symbol. The algorithm, however, treats
all terms uniformly.  This absence of semantic constraints creates difficulties.
One difficulty is that the algorithm generates vacuous literals in certain situa-
tions. For instance, step 3 of the algorithm allows (circle a) to be paired with
giriangle b) to produce the vacuous literal (vS v4) as in generalization 1 above.
Although these vacuous literals could casily be removed afier being generated,
the algorithm would perform more efficiently if it did not generate them in the
first place. A second difficulty resulting from the relaxation of semantic con-
straints is that the algorithm creates generalizations involving a many-to-one
binding of variables. While such generalizations may be desirable in some situa-
tions, they are usually meaningless, and their uncontrolled generation is com-
putationally expensive.

The description language contains only the conjunction operator. No dis-
junction or internal disjunction is included.

2. Rules of generalization. The algorithm implements the dropping condition
rule and the turning constants to variables rule.

3. Compurational efficiency. From the published articles [Vere, 1975, 1977,
1978, 1980] it is not clear how to perform steps 2 and 3. The space of possible
subsets of MP (computed in step 2) is very large, and the space of possible ex-
tensions to that set (computed in step 3) is even larger. An exhaustive scarch
could not possibly give the computation times that Vere has published.

J. Flexibility and extensibility. Vere has published algorithms that discover
descriptions with disjunctions {Vere, 1978} and exceptions {which he calls coun-
terfactuals, see [Vere, 1980]). He has also developed techniques to generalize
retational  production rules [Vere, 1977, 1978].  The method has been
demonstrated using the traditional Al toy problems of IQ analogy tests and
blocks-world sequences. A facility for using background information to assist
the induction process has also been developed. It uses a spreading activation
technique to extract relevant relations from a knowledge base and add them to
the input examples prior to generalizing them. The method has been extended to
discover disjunctions and exceptions. It is not clear how well the method would
work in noisy environments.

3.2.3 Model-driven Methods: Buchanan, et a/., and Michalski

In addition to acquiring context-free concept descriptions, some systcms
use models of the underlying domain to constrain the search for viable structural
descriptions.
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3.2.3.1 Buchanan, et al.: Program META-DENDRAL

META-DENDRAL is a program that discovers cleavage rules to explain the
operation of a mass spectrometer. A mass spectrometer is a device that bom-
bards small chemical samples with accelerated electrons, causing the molecules
of the sample to break apart into many charged fragments. The masses of these
fragments can then be measured to produce a mass spectrum—a histogram of the
number of fragments (also called the intensity) plotted against their mass-to-
charge ratio.

Analytic chemists can use the mass spectrum to guess the three-
dimensional structure of the molecules in the sample. An expert system has
been developed—the Heuristic DENDRAL program——that can also perform this
structure elucidation task. It is supplied with the chemical formula (but not the
three-dimensional structure) of the sample and its mass spectrum. Heuristic
DENDRAL first examines the spectrum to obtain a set of constraints. These con-
straints are then given to CONGEN, a program that can generate all possible
chemical structures satisfying the constraints. Finally, each of these generated
structures is tested by running it through a mass-spectrometer simulator. The
simulator applies a sct of cleavage rules to predict which bonds in the proposed
structure will be broken. The result is a simulated mass spectrum for each can-
didate structure. The simulated spectra are compared with the actual spectrum,
and the structure whose simulated spectrum best matches the actual spectrum is
ranked as the most likely structure for the unknown sample. The purpose of the
META-DENDRAL system is to learn cleavage rules for use by the mass-
spectrometer simulator.

The cleavage rules employed by the simulator are written as condition-
action rules in which the condition part describes—in common ball-and-stick
language—a portion of the molecular structure, and the action part indicates (by
**) one or more bonds that will break (see Figure 3-9). The simulator applies
these rules by matching the condition part against the molecular structure of the
molecule being bombarded. Whenever the condition part matches, the simulator
predicts that the bonds corresponding to those mentioned in the action part will
break.

Figure 3-9 shows a typical cleavage rule. The atom descriptors have the
following meanings. Type is the atomic element of the atom. Nhs is the number
of hydrogen atoms bound to that atom. Nbrs is the number of non-hydrogen
atoms bound to the atom. Dots counts the number of unsaturated valence
electrons of the atom. This rule says that whenever a molecule containing the
four atoms w, X, y, and z {connected as shown in the molecule graph and with
the indicated atom descriptors) is placed in a mass spectrometer, then the bond
joining w to x will be broken.

How can META-DENDRAL discover these rules? META-DENDRAL is given as
input a set of molecules whose three-dimensional structures and mass spectra are

known. We can view these training instances as condition-action rules of the

form:
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CONDITION PART (BOND ENVIRONMENT):

Molecule graph: W XYz

Atom descriptors: atom type nhs nbrs dots
w carbon 3 1 0
X carbon 2 2 0
y nitrogen i 2 o
z carbon 2 2 0

ACTION PART (CLEAVAGE PREDHCTION );

W ey

Figure 3-9:  Typical Cleavage Rule,

<whole molecular structure> = <muss spectrum>

The first step in META-DENDRAL (carried out by subprogram INTSUM) is to
ap{:])f ba.ckground.knowledge and rules of constructive induction to convert these
framing instances into the form of highly-specific cleavage rules:

<whole molecalar structure> > <pne designated broken bond>

To achieve this transformation, INTSUM must hypothesize, for each frag-
ment appearing in the mass spectrum, which bonds could have broken to prc;ducge
that fragment. INTSUM employs a very simple theory of mass spectrometry (the
so-called half-order theoryy to propose these hypotheses. The result is obne
more highly-specific cleavage rules for every fragment that appeared in : 0;
the mass spectra in the original training instances. e

Thexf: highly-specific cleavage rules are given to the second and third sub-
programs in the META-DENDRAL system: RULEGEN and RULEMOD. These two
programs seek to find a small set of generalized cleavage rules that cover most of
d}cse highly-specific training rules. Notice that in this learning problem, no
single generalized cleavage rule (or equivalently, no conjunctive generalizat’ion)
can be expectcd to explain all of the training rules. In fact, since the INTSUM
nterpretation process can produce incorrect training instances,, there is no reasé)n
fo-expect that even a set of cleavage rules will cover alt of the trainin ruies
Consequently, RULEGEN and RULEMOD do not search for MSC~generaIi§ation '
ll;:l:ad, they develop a taxonomic description of the mass spectrometry data lsn
e ic;rgmr :12 i set of cleavage rules that together cover the most important of the

The generalization process is done in two steps.  First, RULEGEN conducts
H rp()flel-dnven generate-and-test search of the space of possible cleavage rules
This is a fairly coarse search from which redundant and approximate rfles ma.
rcsglt. The second phase of the search is conducted by the RULEMOD ro‘vrumy
which cleans up the rules developed by RULEGEN to make them more rgcisi and,
less redundant. We will concentrate on the description of the RULEGES program
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since it employs a top-down, model-driven algorithm that can be compared, in
part, to the other learning methods described in this chapter.

The RULEGEN algorithm chooses as its starting point the most general
cleavage pattern (x *¥ y) with no properties specified for either atom. Since this
pattern matches every bond in every molecule, it predicts that every bond will
break, RULEGEN generates successively more refined rules by specializing this
pattern.  The algorithm performs a sort of breadth-first search. At each iteration
(each level of the search tree) it specializes a parent cleavage pattern by making
a change to all atoms at a specified distance (radius) from the ** bond— the bond
designated to break. The change can involve either adding new neighbor atoms
or specifying an atom feature.  All possible specializations are made for which
there are supporting training instances. The technique of modifying a// atoms at
a particular radius causes the RULEGEN search to be coarse.

After cuch cycle of specialization, the resulting bond patterns are tested
against the training instances, and a heuristic measure of “improvement” is com-
puted that indicates whether a newly specialized bond pattern is more plausible
than its parent pattern. If a pattern is determined to be an improvement, it is
retained, and the specialization process continues. If all specializations of a
parent pattern are less plausible than their parent, the parent pattern is output as a
new cleavage rule, and no more specializations of that pattern are considered.

The improvement criterion states that a child pattern graph is more
plausible than its parent if:

o it predicts fewer fragmentations per training molecule (that is, it is more
specific).

o It still predicts fragmentations for at least half of all of the training
molecules (that is, it is sufficiently general).

o [t predicts fragmentations for as many molecules as its parent—unless the
parent graph was “too general” in the sense that the parent predicts more
than 2 fragmentations in some single training molecule or on the average it
predicts more than 1.5 fragmentations per molecule.

Thus, RULEGEN can be viewed as following paths of increasing specializa-
tion through the space of possible bond patterns until the improvement criterion
achieves a local maximum. The result of this process is a set of such plausible
bond patterns.  RULEMOD improves this set by performing detailed hill-climbing
searches in the region immediately around each generated bond pattern. For the
detatled searches, negative training instances are employed as part of the
plausibility criterion. Negative training instances are bond patterns for which the
actual spectrum shows that the designated bond did not break. RULEMOD also
compares the generated bond patterns with one another and removes bond pat-
terns that are redundant. The result of the RULEMOD processing is a smaller set
of more precise bond patterns. Each of these bond patterns is converted into a

cleavage rule and printed out.
Evaluation:
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.lt 1sASOmewhat difficult to compare META-DENDRAL to the other methods
described in this chapter since it is such a complex system and since eve Ohf
RLII_EG.EN subprogram is not searching for MSG-generalizations AH’owe o we
have included META-DENDRAL because it is such an im l'” i owertul
i o portant and powerful
I. Representational adequacy. The bond-pattern representation was ade uate f
the tafsk of developing cleavage rules. It was specifically designed f'(?r ‘3 o
f.‘hCI:].ICﬂ] dolnwlints and is not general. The descriptions can be éviewed a?sforlln
unctions. al rules de : h ~
:mkc(jog; dl;:ir:::i:;ﬁ rules developed by the program can be considered to be
Zt‘ﬂi‘?f:!es of generalization. The dropping condition and turning constants to vari-
::I :L.\ r:ules ar'e used “in revcfse"‘ during the specialization process.
! I,TA-I)'LNDRAL also uses the generalization by internal disjunction rule. For
:.unple, it can learn that the number of non-hydrogen neighbors (1thrs) 0}” an ¢ o
is “greater-than one.” In related work on nuclear magnetic »rceonance (Nféltgm
.‘?chwenzer and Mitchell [1977] present an example in which thé value of nhs )
listed as “greater than or equal to one” (which indicates an internal dis_iuncti(!)r:; ®
3 C.mnpumtiunal efficiency. The comparison of computational efficiency j ‘
pmwded for META-DENDRAL because it is not possible to hand simulate ity e,
tion on the sample problem of Figure 3-2.  First of all it‘ is im osz'glpcmu
represent the sample problem as a chemical graph because t’he pliobfer‘;)\ ul ‘e .
different connecting relationships (ontop and inside) whereas META DESCS "
iny allows one (chemical bonding). Secondly, as mentioned abo;*e -Ih NP?AL
'r!(l}m seeks a taxonomic—not characteristic—- description of the in ut)e ‘e dlg(?-
I hn'd'ly, the termination criteria for the RULEGEN algorithm are stfted i purely
chemical terms that have no counterpart in the domain of geometric fi ru:'z P“fﬁiy
wurrent program is considered to be relatively inefficient [Buchanan etijul S1.9'2'6]c
J', Flexibility and extensibility. META.DENDRAL has been extended t(: h dl’
1.\MRI‘SL§)ectra [S'chwenzer & Mitchell, 1977]. The program works welf idnn afx
;{rlr)m\:i;:erenth;:;v;:():rnénf.,‘ lt’ wuffes domain-specific knowledge extensively.

o m;d e e;Cialo &lll(.i‘Sé{?dla[f()n between a general-purpose induction com-
P deveisped -t‘;:)zirp;;;?r knowledge component. IF is not clear whether the
chemical donac? A-DENDRAL could be easily applied to any non-
Sr;:.i;;?‘?jg‘;ﬁmet?s ex.te‘nsw‘e‘(.:onstruclive induction facilities. 1In particular,
“rdzr o ﬁ, grm; sopbtsncaled transfor’mations of the input spectrum in
e progas ;Li’;:l on -f:nVlr()nmcnt deschptmns. Unfortunately, this part of
e ma;je é,x ?{‘Pmcedx‘lrul. None of the ~rulcs of constructive induction
oy o ade ¢ plicit rj(?r Is there a generul facility for aceepting additional
e (.(mx‘tructwe induction from the user. The user can alter some of the
parameters of the half-order theory, however, ‘ *
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3.2.3.2 Michaiskiand Dietterich: Program INDUCE 1.2

ave worked on many aspects of inductive
ks by Larson and Michalski [Larson &
These articles describe a

Michalski and his collaborators h
learning. Most relevant here are wor
Michalski, 1977; Larson, 1977, Michalski, 980a}.
general method (and program) for determining disjunctive structural descriptions
that can also be used (somewhat inefficiently) to discover MSC-generalizations.
The method presented here is different from previous work and is speciaily
designed for finding MSC-generalizations.

The language used to describe the input events is VL,, [Michalski, 980a},
an extension to first-order predicate logic (FOPL) that was developed specifically
for use in inductive inference 4 Each event is represented as a conjunction of

A selector is a relational statement that typically contains a function

selectors.
and a list of values that the

or predicate descriptor {with variables as arguments)
descriptor may assume. For example, the selector [size(v])=small, medium] as-
serts that the size of vl may take the values small or medium. Another form of
selector is an n-ary predicate in brackets, which is interpreted in the same way as
in FOPL. For example, the selector {ontop(v 1,v2)] asserts that object v1 is on-
top of object v2. A conjunction of selectors is denoted by their concatenation.

The events in Figure 3-1 are represented as:

El: 3vl,v2 [size(vnxsmanussze(vm:smam &
[shape(v])= circle}fshape(v2)= square}[ontop(vl S22

E2: Avi, v2,v3 1size(vl)msmall][size(vb-—-largc] &
lsize(v3)=smu!!}{shape(v!)=circle] &
[shape(v2) = squarej{shape(v3)= circlel &
[ontoptvl w2 llinside(v3,v2)}

In this method, we attempt 10 accelerate the search for plausible generaliza-
tions by using techniques similar to those of hierarchical planning [Sacerdoti,
1973} . First, we separate all descriptors into two classes, unary and non-unary.
We call the unary descriptors attribute descriptors since they are typically used
to represent attributes such as size or shape. Non-unary descriptors are called
structure-specifying descriptors since they are typically used to specify structural
information (for example, relationships ontop and inside).

The basic idea of the method is t0 first search the description space that s
defined by the structure-specifying descriptors. Once plausible generalizations
are found in this abstract structure-only space, atiribute descriptor space is
searched to fill out the detailed generalizations. There are several advantages to
this two-phase approach as compared 1o a standard search of the entire descrip-

tion space:

The first is representational. y neces-

As we have seen above, it is usuall

aA somewhat modified and gencralized form of VL,, called the annotated predicated calculus, is

described in Chapter 4 of this book.
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sary to usef a graph {or equivalent data structure) to represent an event in a
tural learning problem. This is due to the fact that a graph is the most e
way to represent binary relationships among n objects when the numbercofm Paf?*
relationships is substantially less than the a(n-/) possible relationships 0h bu'ch
when the relationship matrix is sparse). Thus, in our method, the strﬁ t(t oty
cv.cnrs are represented as graphs. But once we have located splausiblec U:f‘«':) nFy
this structure-only space, we can continue the search in attribute space i(tinbs e
tor unary) descriptors can be represented as vectors that are substani" il rore
compact and more efficiently manipulated than graphs. R o
The secoqd advantage of this hierarchical approach is computational. Th
t;-ask of comparing two graph structures is NP-complete. Any decrea i the
vize of these graph structures leads to large decreases in the cost of a S ehm o
parison. .Funhermore, we can confine graph comparisons to the fi o ghoso of
the algorithm. ' © fhe st phese of
A third advantage of this approach is that we can take “large steps” duri
the searcél for plausible descriptions by conducting much of the s:asrch ui:ni
sparse, a is is similar in spiri
RT'[,EGEN_Stht space. This is similar in spirit to the coarse search employed in
‘ There are also several disadvantages to this approach. Firstly, no speed
will pe obtained unless the learning problem uses both unary az)’d n pee(upy
descriptors, There are some learning problems in which attributes lao'n‘llmdr}
no role at all, In such cases, the structure-only search space is the fa e the
complete §earch space, so no computational savings will be obtained ?ﬁe?i e
;l;gbi)earr';jgg problems that require only unary descriptors (as in [I;{unt et :Ire
s ese are not structural learning problems, and the structure-only space
) A s?cond disadvantage of this approach involves the problem of defini
‘piaus:‘ble’ descriptions in structure-only space. One fact that can be us de i the
mi;ow:ng: lf g is a MSC-generalization in structure-only space, then theere o 'thc
:itsl?jl descnr?tloq Gi such that g is the structure-only portion’of G and Cf: Py
! -generalln?anon in the complete space. "
iy STZzs, h: we find all MSC-generaI‘izations of the input events in structure-
" p Hz, en we can use these to f}nd MSC-generalizations in the complete
N thi; faSh;a;ive;,n;et g\;lcl :;ynee;essts;:;)é find aliil possible MSC-generalizations
: , i -generalizations in the complet
whose structure-only component is nof maximally specific i Peture only
spaca?. To avoid this problem, the algorithm may };ccgefli:ss lt'lhai‘rl;tufe“()ﬂ‘y
:E:L:lfjlc. gent?rahzanor‘ls in the structure-only space (Izhat is, moreax;?:;Ier
mr:xonil) dnd. terminate the search using some problem-oriented knowledge
p“mblzoétreul ts;gnculltyd concerns how to conduct the attribute search once
uable stctur (zjn y descriptions @ave been located. Our approach is to use
1 h input events are ansied. Unfortamacly, an mput even cun ve mapped
oo ' . fortunately, an input event can be mapped
" Sc;c }:t.lan one attribute-only description as shown below. This compliggtis
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The algorithm searches structurc-only space using a “beam search”—a
form of best-first search in which a set of best candidate descriptions is main-
tained during the search (see [Rubin & Reddy, 1977]). First, all unary descrip-
tors are removed from the input events (thus abstracting them into structure-only
space). Then a random sample of these events is taken to form set By, the in-
itial set of generalizations (the initial beam set). In each step, B; is first pruned
to a fixed sized beam width by removing unpromising generalizations. (Promise
is determined by the application of the heuristic evaluation functions described
below). Then B, is checked to see if any of its generalizations covers all of the
input examples. If any do, they are removed from B, and placed in the set C of
candidate conjunctive generalizations. Lastly, B; is generalized to form B, ,; by
taking each clement of B; and generalizing it in all possible ways by dropping
single selectors.  When the set of candidates C reaches a prespecified size, the
search halts. The set C contains conjunctive generalizations of the input data,
some of which are maximally specific. The size limit on C determines how
deeply the algorithm scarches.

The program allows the user to employ simultaneously several criteria for
evaluating the promise of intermediate generalizations. These criteria are com-
bined to form a lexicographic evaluation functional with tolerances [Michalski,
1973]. Some of the criteria presently included in the program are:

e maximize the number of input events covered by a generalization.

e maximize the number of selectors in a generalization.

e minimize the total “cost” of the descriptors in a generalization. Different
descriptors can be given costs according to their difficulty of measurement
and other domain-dependent properties.

The user creates the evaluation functional by selecting criteria from a list
of available criteria and ordering them in decreasing order of importance. Each
criterion is accompanicd by a tolerance that specifies the allowed departure of the
associated criterion from the optimum value (see {Michaiski, 1973)).

Once the structurc-only candidate set C has been built, each candidate
generalization in C must be filled out by finding values for its attribute descrip-
tors. Each candidate generalization g in C is used to define an attribute-only
space that is then searched using a beam search technique similar to that used to
search the structure-only space. The attribute-only space is defined as follows.
Let {v;, va, ., v} be the existentially quantified variables used in the candidate
structure-only generalization g. The attribute-only space generated by g is the
space of all mxk-tuples consisting of the values of the m attributes describing the
k objects denoted by the quantified variables {v;, v3, w, ). In cases where
some of the m attributes are not applicable to some of the objects, the attribute-
only space will be correspondingly smaller.

In order to scarch this space, all of the input events must first be translated
into this attribute-only space. This is accomplished by matching g against all
input events and extracting the attributes of the variables in the input events that
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match v;, v, Vi in g. The values of these attributes form a single mXk-tuple
F(')r example, if g = [ontop{vl, v2)] and the variables vl and v2 have twe at
tributes, size and shape, then the attribute-only space generated by g is the spac:
of all 4-tuples of the form:
< size(vl), size(v2), shape(v!), shape(v2) >
Let E; be the following input event:
E; 391, p2, p3 [ontop(pl, pD)lontop(p2, p3)] &
[size(pl) = []Isize(p2) = 3{|size(p3)=5] &
[color(pl) = red|[color{p2} = green]{color(p3) = blue]
Th;n we can translate E, into this attribute-only space in two differen
ways—since g matches E, in two distinct ways.
Wh.en g is matched to E; so that vl is matched with pl and v2 with p2
the resulting attribute-only 4-tuple is:

<1, 3, red, green >

When vl is matched to p2 and v2 to p3, then the resulting event is:

< 3, 5, green, bluc >

During the search of this attribute-only space, the goal is to find an MSC-
generalization that covers at least one of these two translated events (and thus
covers E)). Such an MSC-generalization is in the form of an mxk-uple as
above, except that each position in the tuple may contain a set of values of the
({()rrcspor1ding attribute. This set of values is expressed by an internal disjunc-
tion in the final corresponding formula.

The beam search of attribute-only space is similar to the search of
structure-only space. A random sample of events is selected and generalized
s'tep-by-step by extending the internal disjunctions in the events. The generaliza-
tion process is guided by a means-ends analysis to detect rclevant differences be-
tween the current generalizations and events that have not yet been covered.
}{euristic criteria are used to prune the bean: set to a fixed beam width. Can-
didute generalizations that cover all of the input events (ithat is, at least one of
the attribute-only events translated from each input event) are removed from the
beam set and added to the candidate set C'. Each candidate in C' provides pos-

- sible settings of the attribute descriptors that, when combined with the structure-

specifying descriptors in g, produces an output conjunctive generalization G.

Among all conjunctive generalizations produced by this algorithm, there
may be some that are not maximally specific. This occurs when the search of
s'lructure-only space is permitted to produce candidate structure-only generaliza-
tions that are not maximally specific. In most observed cases such candidate
peneralizations become maximally specific when their attribute descriptors are
filled in during the second phase of the algorithm.

Evaluation:

R Reipresenllational adequucy. Using only selective rules of generalization, the
;l'gonthm discovers, among others, the following generalizations of the events in
igure 3-2;
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e dvi, v2 [ontop(v],v2}] [size(vl)zmedili(r]n]
= =blan
[shape(vl}—polygon] [texture(v]) '
[sizc(v2)=medium\/large] {shape(v2}=rectangle\/cnrcle] . lank
There exist two objects (in each event), sucl? that one IS a. lan .
medium-sized polygon on top of the other, a medium or large circle or
rectangle. '
o Ivl, v2 [ontop(v],v2)] [size(vl)=medll{m]
[shape(v])= circleVsquareVrectangle] [size(v2)= labrlge]k]
sha e(vz)-:-box\/rectangle\/ellipse] [texture(v2) =blan ) ‘ ‘
[ pThcre exist two objects such that one of them is a medium-sized
circle, rectangle, or square on top of the other, a large, blank box, rec-

tangle, or ellipse.
e Jvi, v2 [ontop(vl,v2)] [size(v])= medium] [shape(vl‘)=pol‘ygon]
[size(v2)= mediumVlarge] [shape(v2) = rectangle\/elllpsc\/mrcle]

v » + . »
There exist two objects such that one of them is a medium-sized

polygon on top of the other, a large or medium rectangle, ellipse, or circle.

o v [size(vl)=smallVmedium] aded
shape(v1) = circleVrectangle] [texture(vl) =shade .
[ pThere exists one object, a medium or small shaded circle or rec-

tangle. '
structive induction rules have been incorporated mtq the

These include rules that count the number of objects
and rules that locate the top-most and bottom-
enerally, extremal elements in a linearly-
ation, such as On-top}. Qther constrgc-
Using the built-in constructive
g conjunctive generalization of

A few simple con
current implementation. ;
possessing certain characteristics
most parts of an object (or more g
ordered set defined by any transitive rel
tive induction rules can be specified by the user.
induction rules, the program produces the followin
the input events in Figure 3-2:

o [# v's = 34] [# Vs with texture blank=2] &
3vl, v2 [top-most(v])] {ontop(v1,v2)]
[size(v])= medium] {shape(v])= po'lygon}
[texture(v]) = clear] [size(v2)=medium, large]

ape(v2) =circle, rectangie]

[Shdpe'g“hez'e are either thrfe or four objects in each event. ' Exac.tly two of

these objects are blank. The top-most ’objec.t is a mcdmm-snzedl,e clear

polygon and it is on top of a large or medium-sized circle or rectangle. .

s the conjunction, disjunction, and ?memal dlsj-
junction operators. The representation distingqisﬁes among de:scnptom(,:i fv‘:;lg
ables, and values. Descriptors are further divided into §tru'(.tu're~[s;:e ° rsong
descriptors and attribute descriptors, The current method discriminates

three types of descriptors:

This algorithm implement
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» nominal-—which have unordered value sets
e linear—which have linearly ordered value sets
¢ structured—which have tree-ordered value sets

This variety of possible representational forms is intended to provide a bet-
ter “fit” between the description language and any specific problem.
3. Rides of generalization. The algorithm uses all rules of generalization men-
tioned in Section 3.1.5 and also a few constructive induction rules. It does not
implement the introducing exception specialization rule, The effect of the twrn-
ing constants to variables rule is achieved as a special case of the generalization
by internal disjunction rule.

1. Computational efficiency. The algorithm requires 28 comparisons and builds
13 rules during the search to develop the descriptions listed above. Four rules
are retained so this gives an efficiency ratio of 4/13 or 30%.

3. Flexibility and extensibility. The algorithm can be modified to discover dis-
junctions by altering the termination criteria for the search of structure-only space
to accept structure conjuncts that do not necessarily cover all of the input events.
The same general two-phase approach can also be applied to problems of deter-
mining discriminant descriptions. (See papers by Larson and Michalski [1977],
Larson {1977}, Michalski {1975, 1980a,b] and Chapter 4 of this book.)

The algorithm has good noise immunity. Noise events can be discovered
because the algorithm tends to place them in separate terms of a disjunction.

Domain-specific knowledge can be incorporated into the program by defin-
ing the types and domains of descriptors, specifying the structures of these
domaing, specifying certain simple production rules (for domain constraints on
legal combinations of variables), specifying the evaluation functional, and by
providing constructive induction rules. These forms of knowledge representation
are not always convenient, however. Further work should provide other facilities
for knowledge representation.

As mentioned above, this method does perform a few general kinds of con-
structive induction.  The method provides mechanisms for adding more rules of
constructive induction.

The comparison of the above methods in terms of the criteria of Section
3.2.1 is summarized in Table 3-2.

3.3 CONCLUSION

This chapter has discussed various aspects of inductive learning of struc-
tural descriptions and has presented several criteria for evaluating learning
methods.  These criteria have been applied to the evaluation of five selected
methods for learning structural descriptions. The main features revealed by this
analysis are:
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tional efficiency on the one hand, and flexibility and extensibility on the

other. Bottom-up methods tend to be faster, but have lower noise im-
Table 3-2: Comparison of different learning methods menity and less flexibility, Top-down methods have good noise immunity‘
and can be easily modified to discover disjunctive and other forms of
' generalization. They do tend to be computationally more expensive.
s The description language employed by a learning method is critically im-
portant. A learning method that uses a language with little structure (that
< ;_ > a - is, that has few operators and few types of operands) tends to be relatively
g £ . . g £ e % £ efficient and easy to implement but may not be able to learn descriptions
E - 2 z %f:—% ¥ : . 4 %%c . 3 that are most useful in real-world applications. On the other hand, a
é g 5¥  §385 ¢ £EEEEE m ozs dsFor 2F method that uses a language that is too rich will lead to enormous im-
plementation problems that will be detrimental to successful research in
. machine learning.
o 5 £ 2 3 3 b < "5; o A significant problem in current research on inductive learning is that each
: % ¥ £, % % LE § 2 %i—é g% £% '_§L§ é . research group is using a different notation and terminology. This not only
R R R SII i Fels £5%2 makes the exchange of research results difficult, but it also makes it hard
3| 2% ¢ $TEs 3 fffses z zz zErireses for new researchers to enter the field. This chapter has attempted to devel-
( B op a set of concepts and criteria that abstract from these differences in
{ 3 %, notation and terminology.
-
- “é? 3 o %‘%; ¢ a% s . The analysis raises some important problems to be addressed in future
¢ 5 3t i o £f3222 OFE z =8> 2 research:
o Further work on representations. Present learning programs are limited by
s s . ¢ the kinds‘ of operators and variable types they allow, and alsg) by the ‘ff)rms
£ t.3 z % ¢ 5% of descnptmn.s they can produce. Metho.ds' for handling add1¥10nal
% g £ s ;_ 15y 50058 o g§ 2; 2% 2 operators, variable types, and forms of descriptions need to be designed
] g $:fF i3 €« »>zzxe F and implemented.  Rules of generalization corresponding to  these
. operators, types, and forms should also be developed. Among the forms
55— g - FE % g E% %E - that are particularly desirable are hicrarchical and related forms in which a
g §§ 2 ;5 . g cb bt _ 'é § 53 E—E:; name of one description is used to build other, more complex descriptions.
'§' i3 3 3:t &4 SXExEF o =F < - Some initial work in this area has been done by Winston {1970, 1975],
Cohen and Sammut [1978], and in the area of grammatical inference in
§ general (for example, Biermann [1972]),
H ¢ The Principle of Comprehensibility. In applications where people will
S . need to use the generalizations produced by a learning program, it is im-
I%E G B . % % portant that the lcarning method produce generalizations that are easy to
] 7 ;—g i f; %E § g ¢ g ¥E 2 understand and close to corresponding natural language descriptions, This
g % EE sxt %_ S %g;‘;% L8 ¢ E‘Sé % means that the descriptions developed by an inductive method must be
. £ W £ £ 3£ éé % E'%‘ % ?%.;?éi %% L H structured to take into consideration human information processing lintita-
£ 3 : | £ z EEacécs $5834 £< 25 © tions. As a rough guideline, conjunctions should involve no more than
CHEE S *

three or four conditions, full descriptions should involve only two or three
disjunctive terms, and there should be no more than two quantifiers in the
description.  Descriptions should correspond to single *chunks” of infor-
mation. Hierarchically-structured descriptions may provide a way to mect
these guidelines, For more details, see Chapter 4 of this book.
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mation. Hierarchically-structured descriptions may provide a way to meet

these guidelines. For more details, see Chapter 4 of this book.

Constructive induction. The constructive induction techniques developed to

date are very limited. New rules of constructive induction need to be iden-

titied and implemented. An important problem is the development of ef-
ficient mechanisms for guiding the process of constructive induction
through the potentially immense space of possible derived descriptors.

o Integration of problem-specific knowledge. Further work should be done
on the problem of when and how to use problem-specific knowledge in a
general induction method, The use of typed variables is a good example
of a general way to incorporate problem-specific knowledge.

o Extension to discriminant and taxonomic descriptions. Much work has
been done on characteristic generalization. Discriminant and taxonomic
descriptions are very important, especially in noisy environments. More
work on this subject is needed.

o User interface. As Al learning programs become more powerful, their

functions will become more opaque. Learning programs should provide

explanation facilities for justifying their generalizations.

Handling errors and missing data. Very little attention has been paid to the

problem of developing methods that work well in noisy environments.

There is need for research on methods of learning from uncertain input in-

formation, from incomplete information, and from information containing

eITOrS.
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