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ABSTRACT

A theoretical framework is presented which treats inductive learning
as a process of generalizing and simplifying symbolic descriptiens, under
a guidance of generalization rules (representing inference processes which
generalize descriptions) and problem environment rulzs (representing
problem dependent knowledge). This approach inifies various types of
inductive learning, such as learning from examples ( determination of
characteriscic or deseriminant descriprions, and sequence prediction), arnd
learning from ohservation (revealing a conceptual structure undezlyring
an arbitrary collection of entities).

A brief descripction is given of twe inductive learning programs
INDUCE 2 ——~ for learning characteristic ¢r discriminant structural descrip-
tions, and CLUSTER/PAF --- for learning from observation (‘'conceptual
clustering'). The latter program determines a taxonomic description, -
which partitions 3 given collection of entities into clusters,; such chat
gach cluster is described by a single conjunction of relational statements
and the obtained assembly of clusters satisfies an assumed cricterion of
preference, ’ _

The presented methodology can be useful for automated 'conceptual’
analysis of experimental data, for searching for patterns and abstracting
the contents of databases, and also for aiding the knowledge acguisicion
processes in the development of expert systems.


DaVince Tools
This PDF file was created by an unregistered copy of the shareware program DaVince Tools. For more information about DaVince Tools and how to register your software (which will remove this notice), visit http://www.davince.com


INDUCTIVE LEARNING AS RULE-GUIDED GENEPALTZATION AND
CONCEPTUAL STIMPLIFICATION OF SYMBOLIC DESCRIPTIONS
Unifying Principles and a methodology

R. S. Michalski
Department of Cemputer Science
University of Illinois
Urbana, Illinois 61801

INTRODUCTION

Our understanding of inductive learning processes remains

very limited despite considerable progress in recent years. Making

progress in this area 1s §articular1y difficult, not only because of the
intrinsic complexity of these prcblems, but also because of their cpen-—
endadness. This open-endedness implies that when we make inductive asser-
tions about some piece of reality, there is no natural limit to the level
of detail of descriptions of this reality, co the scope of concepts aud
operators used in the expression of these assertions, or to the richness
of thelr forms. Consequently, In order to achieve mon-trivial general
solutions, one has to circumscribe carefully the nature and goals orf the
résearch. This includes defining the language in which descriptions may
be writter and the modes of inference which will be gsed. Careful deiini-
tions will avoid the main difficulty of mest current research: attacking

problems which are too general with techniques which are too limited.

Recently there has been a growing need for practical solutions
in the area of inductive learning. For example, the development of
'knowledge—bascd'expertﬁsystems requires efficient methods for aéqﬁifing'éhd
refining knowledge. Curreatly, the onl} method of knowledge acquisition is
the handerafting of zn expert's knowledie in some knowledge representation systesd,
é.,g., production rules (Shortliffe {11, Pavis [2]) or a semantic net

(Brachman [3]). Progress in the theory of induction and the devylcpment'of



effi{cient inductive programs can provide valuable assistance and an alter-
native method in this area. For example, inductive programs could be useful
for f£1lling in gaps and testing the consistency and completeness of expert-
derived decision rules, for removing redundancies, or for incremental improve-
ment of the rules through the analysis of their performance. They could pro-
vide a means for detecting regularitiss ila data bases and knowledge
bases. Also, for appropriately selected problems, the programs could deter-
mine the decision rules directly from examples of expart decisiouns, which
would greatly facilitate the transfer of knowledge from experts into machines.
Experiments on the acquisition of rules for the diagnosis of soybean disea~
 ses (Michalski and Chilausky [4]) have indicated that rule-lezrning fron
examples 1is not only feasible, but in certain aspects it may be even preferable,

Another potential er applying inductive programs 1is in various
areas of science, e.g., bilology, microbilology, and genetics. Here they could
assist a scientist in revealing structure or detecting interesting cenceptual
patterns In collections of abssrvations or results of experiments. The
traditional mathematical techniques of regression analysis, npumerical taxonomy,
factor analysis, and distance~based clustering techniques are not sufficiently
adequate for this task. Methods of conceptual data analysis are needed, whose
results are not mathematical formulas but conceptual descriptions of data,
involving boéh qualitative and quantitative relationships.

Similar in general framework, but different in objectives ié ragearch in a
sub-area of computer inductive learning such as automatic programming
(e.g., Shaw, Swartout and Creen [5], Jouannaud and Kodratoff [6], Burstall and
Darlington [7], Biermann [8], Smith [9], Pettorossi [10]). Here, the objective
is to synthesize a program from {fb palrs or computatiocnal traces, or to

improve its computational efflciency by applicatior of correctness-preserving



transformation rules. The final result of learning is thus a pregram, in a
given programming language, with its inherent sequential structure, destined
for machine rather than human "“consumption” (or, in other words, a description
in “computer terms' rather than in "human terms'). Here, the postulate of
human comprehensibility (mentioned below) is not too relevant. Quite similar
to research on automatic programming is research on grammatical inference
(e.g., Bierman and Feldman [11], Yau and Fu {12]) where the objective of
learning is a formal grammar.

This paper is concerned with computer inductive inference, which
could be called a "conceptual" induction. The final result of learning is
a symbolic description of a class (or classes) of entities (which typically
are not computational processes) which is in a form of a logical-type
expression. Such an expression is expected to be relatively "close" to a
natural language description of the same class(es) of entities, épecifically

it should satisfy whar we call the comprenensibility postulate:

The results of computer induction should be concep*ual descri piicns of
data, seimilar zo ihe deseripiicns a hurman expert mighs produce observing the
sare data. Thay srould ke cowprehensible by humens as single ‘ebunks' of
information, cirectly interpretable in natural language, ard can tnvolve
both guantitative and qualitative information.

This postulate implies that descriptions should avoid more
than one level of bracketing, more than one implication or exception symbol,
avoid recursion, avoid including more than 3-4 conditions in a conjunction
and more than 2-3 conjunctions in a disjunction, not include more than two
quantifiers, etec. (the exact numbers can be disputed, but the principle
is clear). This postulate can be used to decide when to 8ssign a
name to a specific formula and use that name inside another fotmula.

This postulate stems {from the motivation of thls research to provide new

methods for knowledge acquisition and techniques for conceptual data analysis,



It is also well confirmed by the new role for research in artificial intel-
ligence, as envisaged by (Michie [13]), which is to develop techniques for
conceptuzl interface and kncwledge refinement.

In this paper we will consider two hasic types of inductive
inference: learning from examples and learning from observation (specifieally,

the so called "conceptual clustering").

2. COMPUTER INDUCTION AS GENERALIZATION AND SIMPLIFICATION OF SYMBOLIC
DESCRIPTIONS

2.1  Inductive Paradigm

The process of induction can be characterized as the search for an
economical and correct expression of a function which is only parrially knowt.
Tn other words, its goal is the determination and validationm of plausible
seneral descriptions (inductive assertions or hypotheses) which explain a
giueﬁ body of data, and are able to predict new data. Between the two aspects
of induction -- the geneg@ﬁiou'of plausible inductive assertions and their
validation -- only the first is the subject of our study. We feel that the
subject of hypotheses generation, in particular the problems of gemeralization

"and simplification of symbolic descriptions by a computer, is a quite unexplured
and very important direction of research. The problens of hypothesis confirma-
tion, in the Carnapian (Carnapl4 ) or similar sense, are considered to be
beyond the scope of this work. In our approach, inductive assertions are
judged by a human expert interacting with the computer, and/or tested by
standard statistical techniques. The research is concentrated on the following
inductive paradigm:

Given is:
(a) a set of data rules (input rules), which consist of data deserip-

tions, {cij}’ specifying initial knowledge about some entities

( objects, situations, processes, ete.), and the generalizazion
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Descriptions Sﬁj can be symbolic specificaticns of conditions
which given situations satisfy, production rules, sequences of
attribute-value pairs representing observations or results

of experiments, ete. The descriptions are assumed to be
expressions in a certain logical calculus, e.g., propositional
éalculus, a decision tree structure, predicate calculus, or
calculi specilally developed for inductive inference, such 3;
variable valued logic systems VLI (Michalski tl&]) or VL2

(Michalski [16]).

(b) a set of rules which define a problem environment, i.e.,
represent knewledge about the induction problem unéar consider=
ation. This includes -definitiocns of value sets of all descrip-
tors* used in the daté rules, the properties of descriptors
and their interrelationships and any "world knowledge'
characteristic to the problem at hand.

(¢) a prefervence or (optimality) eriterion, which for any two
symbolic desecriptions of an assumed form, and of the same
generalization class, specifies which one is more preferable,

or states that they are equally preferable.

*Decopiptoreg are variables, relatioms and functions which are used in symbolic
descriptions of objects or situations.



The problem is to detenmine a set of nductive assertions (output descriptionsl:
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which are most preferable among all sets of rules in an assumed format, that
do not contradict the problem enuirorment rules, and which are, with regard to
the data rules, consistent and complete.

A set of inductive assertions 1s conaistent with regard to data
rules, if any situation which satisfies a data rule of some generalization
class either satisfies an assertion of the same class, or does not satisfy
any assertion.

A  set of asssrtions is complete with regerd to imput rules, if
any situation which satisfles some data rules also satisfles some asgertion
in the set.

It is easy to s=e that if a set of assertions 1s vonslstent and
complete with regard to the data ruleﬁ, then it is semantically equivalent
to of more general tham the data rules (i.e., there may exist situations
vhich sétisfy an assertion but do not satisfy any data rules).

From a given set of data rules it is usually possible to derive
many differeant sets of hypotheses which are consistent and complete, and
which satisfy the problem environment rules. The role of the preference
criterion is to select one (or a few alternatives) which is (are) most
desirable in the given applicatiom. The preferance eriterion may refer to

the simplicity of hypotheses (defined in some way), their generality, the



cost of measuring the information needed for their evaluatien, their degree
of approximation to the given facts, etc. (Michalski [16]).

We will distinguish following special types of .inducticon (this is
not an exhauscive classification):

1. Learning from examples

Within this type three subclasses of problems were studied most:

a. concept acquisition, or learning a chargeteristic deserirtion
of a class of entities (representing a concept).

b. classification learning, or learning discriminant deseriptiors
of related classes of objects.

c. sequence prediction, or discovery of a4 rule which generates a
given sequence of entities.

II. Learning from abservation

" which reveals a

it is a process of "conceptual clustering,’
conceptual structure underlying an arbitrary collection of entities.
1t produces a tazonomic deseripiion of

The*

Most of the research on computer induction has dealt with a special
|

subproblem of type Ia, namely learning a conjunctive concept (description)
characterizing a given class of entities. Here the data rules involve only
one generalization class (which represents a certain comcept), or

two generalization classes; the second class being the set of "negative
examples" (e.g., Winston [17], Vere [18], Hayes-Roth [19]). Where there is
only one generalization class (the so-called uniclass genevalization) there

{s no natural limit for generalizing the given set of descriptiens. In such
case the limit can be imposed, e.g., by the form of expression of the inductive
assertion (e. . , that it should be a most specific conjunctive generalization
wi “in the given notational framework, as in (Hayes-Roth [19]) and (vere [18]),

or ; the assumed degree of generality (Stepp [20]). When there are negative






