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ABSTRACT

A theoretical framework is presented which treats inductive learning
as a process of generalizing and simplifying symbolie descriptions, under
a guidance of gemneralization rules (representing inference processes which
generalize descriptions) and prabﬂem envireonment ruleg (representing
problem dependent knowledge). This approach wnifies various types of
inductive learning, such as learning from examples ( determination of
characteriscic or descriminant descriptions, and sequence prediction), and
learning from observation (revealing a conceptual structure underlying
an arbitrary collection of entities).

A brief description is given of two inductive learning programs
INDUCE 2 —-- for learning characteristic or discriminant structural descrip-
tions, and CLUSTER/PAF --- for learning from observation ('coaceptual
clustering'). The latter program determines a taxonomic descriptiom, .
which particions a given collection of entities inte clusters, such that
each cluster is described by a single conjunction of relational statements
and the obtained assembly of clusters satisfies an assumed criterion 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 alding the knowledge acquisition
processes in the development of expert systems.
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INTRODUCTION
Our understanding of inductive learning processes remains

very limited despite considerable progress in Tecent years. Making

progress in this area is éartiCularly difficult, not only because of the
intrinsic complexity of these problems, but also because of their cpen-
endedness. This open-endedness implies that wien 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, to the sccpe of concepts and
operators used in the expression of these asserticns, or to the richmnees
of their forms. Consequently, in order to achieve non—-trivial general
ecolutions, one has to circumscribe carefully the nature and goals of the
research. This includes defining the language in which descriptions may
be writter and the modes of inference whish will be used. Careful defini-
tions will avoid the main difficulty of must current research: attacking

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

Recently there has been a growing need for practical seclutions

in the area of inductive learning. For example, the development of

-kﬁdhledge+bascd'expert.systeﬁs requires efficient methods for acquiring and _'

refining knowledge. Currently, the only method of knowledge acquisition is

the handerafting of an expert's knowlsdge in some knowledge representation system,

é.g., production rules (Shortliffe [1], Davis [2]) or a semantic net

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



efficient inductive programs can provide valuable assistance and an alter-
native method in this area. For example, inductive programs could be useful
for filling in gaps and testing the consistency and completeness of expert-
derived decision rules, for removing redundancies, or fer incremental improve-
ment of the rules through the analysis of their performance. They could pro-
vide a means for detecting regularities in data bases and knowledge

bases. Also, for appropriately selected problems, the programs could deter—
mine the decision rules directly from examples of expert decisious, which

would greatly facilitate the transfer of knowledge from experts into machines.

Experiments on the acquisition of rules for the diagnosis of soybean disea-

¢ ges (Michalski and Chilausky [4]) _haveindicated that rule-lezrning from

examples is not only feasible, but in certain aspects it may be even preferable.
Another potential for applying inductive programs is in various
areas of science, e.g., biology, micrcbiology, and geneties. Here they could
assist a scientist in rewvealing structure or detecting interesting conceptual
patterns in collections of observations or results of experiments. The
traditional mathematical techniques of regression amalysis, numerical 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 both qualitative and quantitative relationships.
Similar in general framework, but different in objectives is research in
sub-area of computer inductive learning such as automatic programming
(e.g., Shaw, Swartout and Green [5], Jouannaud and Kodratoff [6], Burstall and
Darlington [7], Biermann [8], Smith [9], Pettorossi [10]). Here, the objective
is to synthesize a program from %/b pairs or computational traces, or to

improve its computational efficiency by applicatior of correctness-preserving



transformation rules. The final result of learning is thus a program, 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" rathér than in "human terms'). Here, the postulate of
human eomprehensibility (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 uf learning is
a symbolic deseription 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, specifically

it should satisfy what we call the comprehenaibility postulate:

The results of computer induction should be coneeptuai deseripticns of
data, similar vo the dbscruu+tora a henan expert ) riight produce observiang the
sarie data. They should be comprehensible by Iumans as single 'ehunks' of
information, direetly znﬁerp»etanle in natural language, and can involve
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, zvoid including more than 3-4 conditions in a conjunction
and more than 2-3 conjunctions in a disjunction, not include more than two

quantifiers, etc. (the exact numbers can be disputed, but the principle

is clear). This postulate can be used to decide. when to assign a

name tc a speﬁific formula and use that name inside ancther formula.
This postulate stems from the motivation of this research to provide new

methods for knowledge acquisition and techniques for conceptual data analysis.



Tt 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
conceptual interface and knowledge refinement.

In this paper we will consider two basic types of inductive
inferen;e: learning from examples:and learning from observation (specifically,

the so called "econceptual clustering").

2. COMPUTER INDUCTION AS GENERALIZATION AND SIMPLIFICATION OF SYMBOLIC
DESCRIPTIONS

2.1 Inductive Paradicm

The process of induction can be characterized as the search for an
economnical and correct expression of a function which is only parcially known.
In other words, its goal is the determination and validation of plausible
general descriptions (inductive assertions or hypotheses) which explain a
given body of data, and are able to predict new data. Between the two aspects
of induction -- the generation of plausible inductive assertions and their
validation == only the first is the subject of our study. We feel that the

subject of hypotheses generatiom, in particular the problems of generalization
and simplification of symbolic descriptions by a computer, is a quite unexplored
and very important direction of research. The problems of hypothesis confirma-
tion, in the Carnapian (Carmapl4 ) or similar sense, are considerad to be
beyond the scope of this work. 1In our approach, inductive assertions ara
judged by a human expert interacting with the computer, and/or tested hy
standard statistical techniques. The research is concentrated on the following
inductive paradigm:
Given 1is:
(a) a set of data rules (input rules), which consist of data deserip-

tions, {Cij}JI specifying initial knowledge about some entities

{ objects, situations, processes, etc.}, and the generalization
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Descriptions ﬂij can be symbolic specifications of conditions
which given situations satisfy, production rules, sequences of
attribute-value pairs representing observations or results

of experiments, etc. The descriptions are assumed to be
expressions in a certain logical caleulus, e.g., propositional
calculus, a decision tree structure, predicate calculus, or
caleculi specially developed for inductive inference, such aé

variable valued logic systems VL, (Michalski [13]) or VL

1 2

(Michalski [16]).

(b) a set of rules which define a problem environment, i.e.,
represent knowledge about the induction problem un&er consider-
ation. This includes-definitions of value sets of all deserip-
tors* used in the data rules, the properties of descriptors
and their interrelationships and any "world knowledge"
characteristic to the problem at hand.

(c) a preference or (optimality) criterion, which for any two
symbolic descriptions of an assumed form, and of the same
generalization class, specifies which one is more preferable,

or states that they are equally preferable.

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

Ll



The problem is to determine a set of inductive assertions (output descriptions).
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which are moat preferable among all sets of rules in an assumed format, that
do not contradict the problem envirowment rules, and which are, with regard to

the data rules, consistent and complete.

A set of inductive assertions is consistent with regard to data
rules, if any situation which satisfies a data rule of some gemeralization
class either satisfies an assertion of the same class, or does not satisfy
any asserticn.

A  get of asssrtions is corplete with regard to input rules, if

any situation which satisfies some data rules also satisfies some assertion

in the set. ' :

It is easy to see that if a set of assertions is consistent and
complete with regard to the data rule§1 then it is semantically equivalent
to or more general than the data rules (i.e., there may exist situations
which satisfy an assertion but do not satisfy any data rules).

From a given set of data rules it is usually possible to derive .
many different sets of hypotheses which are consistent and complete, and
which satisfv the problem enviromment rules. The role of the preference
criterion is to select one (or a few alternatives) which is (are) most
desirable in the given application. The prefercnee eritsrion may refer to

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



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

We will discinguish following special types of .induction (this is
not an exhaustive classification):

I. Learning from examples

Within this type three subclasses of problems weFe_gtudied most:

a. concept acquisition, or learning a characteristie description
of a class of entities (representing a concept) .

b. classification learning, or learning discrimindnt deseriptions
of related classes of objects.

c. sequence prediction, or discovery of a rule which génerates a

given sequence of entities.

I1. Learning from ohservation

' which reveals a

It is a process of "conceptual clustering,'
conceptual structure underlying an arbitrary colleetion of entities.
It produces a taxonomic description of

fEe e
i

Most of the research on computer induction has dealt with a special
subproblem of ;;pe Ta, 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 concept), 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 generalization) there
is no natural limit for generalizing the given set of descriptions. In such
case the 1limit can be imposed, e.g., by the form of expression of the induetive
assartion (e. ., that it should be a most specific conjunective generalization

wi in the given notational framework, as in (Hayes-Roth [19]) and (Vere [18]),

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



examples the concept of near miss (Winston [17]) can be used to effectively
determine the limit of generalization .

A gemeral problem of type Ia is to learn a characteristic deseription
(it can be, e.g., a disjunctive description, grammar, or an algorithm) which
characterizes all entities of a given class, and does not characterize any
entity which is not in this class.

Problems of type Ib are typical pattern classification problems.

Data rules involve many generalization classes; each generalization class
represents a single pattern recognition class. In this case, the individual
descriptions ng are generalized so long as it leads to their simpliciation and
preserves the condition of consistency (e.g., Michalski [21]). Obtained
inductive assertions are discriminant deseriptioms, which permit one to
distinguish one recognition class from all other classes. A descriminant
description of a class is a special case of characteristic descriptien, where
any object which is not in the class is in one of the finite (usually quite
limited) number of other classes. Of special interest are discriminant
descriptions which have minimal cost (e.g., the minimal computational
complexity, or minimal number of descriptors involved).

Problems of type Ic are concerned with the discovery of a rule governing th
generation of an ordered sequence of entities. The rule may be deterministic
(as in letter sequence prediction (e.g., Simon & Lea {22}), or nondeterministic,
as in the card game EULESIS (Dietterich [23]). Data rules involve here only
one generalization class, or two generalization classes, where the second
class represents "negative examples."

Problems of type II (learning from observation) are concerned with
determining a structure underlying a collection of entities. In particular,

such a structure can be a partition of the collection into clusters of entities



representing certain single concepts ("conceptual clustering," Michalski [24]).
Data descriptions in (I) represent in this case individual entities, and they
all belong to the same peneralizarion class {ife., data descriptions consist of
a single row of data rules in e.g. (1)).

Methods of induction can be characterized by the type of language
used for expressing initial descriptions Gij and final inductive assertions
Céj. Many authors use a restricted form of predicate caleulus (usually
quantifier-free) of, or some equivalent notation (e.g., Morgan [25],

Fikes, Hunt and Nilsson [26], Bamerji [27], Cohen [38], Haves-Roth and
McDermott [29], Vere [18]).

In our earlier work we used a speéial propositional ecalculus with
multiple-valuad variables, called variable-valued logic system le. Later on
we developed an extension of the first order predicate calculus, called
VLZl (Michalski [16]). It is a much richer language than VLI, which includes
several novel cperators not present in predicate calculus, e.g., the internal
conjunction, internal disjunction, the exception, the selector. We found these
operators very useful for describing and implementing generalization processes;
they also directly correspond to linguistic constructions used in human
descriptions. VL21 also provides a uqifying formal framework for adequately
handling descriptors measured on different scales. (The orientation toward
descriptions with descriptors of different types is one of the unique aspects

of our approach to induction.)

2.2 Relevancy of Descriptors in Data Descriptions

A fundamental question underlying any machine induction problem is
that of what information the machine is given as input data, and what informa-
tion the machine is supposed-to produce. An important specific question here

concerns data relevancy, i.e., how relevant to the problem under
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consideration must be the variables (in general, descriptors) in the inmput data,

and what is the relationship between variables in the output descriptions and

b

the initial wvariables?
It is useful to distinguish three cases:

1. The input data comnsists of descriptions of objects in terms
of variables which are relevant to the problem, and the
machine is supposed to determine a logical or mathematical
formula of an assumed form invelving the given variables
(e.g., a disjunctive normal expression, a regression polynomial,

etc.).

2. The input data consists of descriptions of objects as in case 1,
but the descriptions may involve, in addition to relevant
variables, a relatively large number of irrelevant wariables.
The machine is to determine a solution description involving
only relevant variables.

3. This case is like case 2, except that the initial descriptions
may not include the relevant variables at all. They must
inelude, however, among irrelevant variables, also wvariables
whose certain functions (e.g., represented by mathematiecal
expressions or intermediate logical formulas) are relevant

wvariables. The final formula is then formulated in terms of
the derived wariables.

The above cases represent problem statements which put progressively
less demand on the content of the input data (i.e., on the human defining the
problem) and more demand on the machine.

The early work on concept formation and the traditional methods of

data analysis represent case 1. Most of the recent research deals with
case 2. In this case, the method of indvction has to include efficient
mechanisms of determining irrelelvant variables. The logic provides such
mechanisms, and this is one of the advantages of logical type solutions.
Case 3 represents the subjest of what wa call construciive induetion.

Our research on induction using svstem le and initial work
using ?Lzl has dealt basicaily with case 2. Later on we realized how to
approach constructive induction, and formulated

the first eonstructive

generalization rules. We have incorporated them in our inductive
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and c) the preference oriterion. We will briefly discuss each of these topics.

2.3.1 Form of data rules and inductive assertions
In program INDUCE 2, the data descriptioms, Cﬁj’ and inductive

assertions, Céj’ are c-formulas (or szl terms), defined as products of VLZI

gelectors, with zero or more gquantifiers in fromt. For example, a Cé. can

be:

J(2)P1,P2 [celor(Pl) = red,blue][weight(Fl) > weight(P2)1 L
 [length(P2) = 3..8]1[ontop(Pl,P2}jA__
[shape(Pl) * shape(P2) = box]

Paraphrasing the rule in Emglish:

There are two (and only two) parts P1, P2 such that color of Pl is red
or blue, weight of Pl is greater than of P2, length of P21 is between 3 and B
inclusively, P1 is on top of P2, shape of P1, and of P2 is 'box'.

For the description of the language see Michalski [21]. The concept

of numerical quantifier:a(k}Pl, P v+ey is explained in sec. 3 {(rule (vii)).

97
Since selectors can include internal disjunction and involve concepts of
different levels of generality (as.defined by the gereralization tree; see
next socctiom), the c-formulas are more general concepts than conjunctive
statements of predicates.

Other desirable forms of Cﬁj are
® jAssertions with the exception cperator

(r, v 2y v A _ (3)

vhere T, 14, Tﬁ, «.. are c-formulas, and‘v is the exception operator (see
Appendix l}.

The motivation for this form comes from the observation that a
description can be simpler in some cases, if it states an overgeneralized
rule and specifies the excepcions. We have introduced this concept in the
past (Michalski 74), but have not made much progress with it. Recently
Vere (1978) pronosed an algorithm for handling such assertions in the frame-
work of conventional conjunctive statements, He allows several levels of
exception, which we consider undesirable because of the postulate of com-
prehensibility.
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¢ Implicative assertions
r(r, * T,) (4)
Production rules used in knowledge-based inference systems are

a special case of (4), when T ie omitted and there is no internmal disjunc-
tion. Among interesting inductive problems regarding this case are:

1. developing algorithms for erposing contradictions in a set of implicative
assertions

?. deriving simpler asserticens from a set of assertions

3. generalizing assertions so that they may arswer a wider class of questions
while being consistent.

Various aspects of the last problem within a less general frame-
work were studied, e.g., by Hedrick [34],

® (Case assertions
([f = 31] +-Tl} v {[f = RZ] 4—T2} Ve aas (5)

where RI,R ..are pairwise disjeoint sets. %

2

This form occurs when a description is split into individual casss character-
ized by different values of & certain descriptor.

3.2.2 Specification of the problem environment
The problem envirenment is defined by the specification of the
types of the descriptors, their values sets and their interrelationships.
@ Types of descriptors
The process of generalizing a description depends on the type of
descriptors used in the description. The type of a descriptor depends on the -
structure of the value set of the descriptor. We distinguish among three
different structures of a value set: -
1. Imordered
Elements cf the domain are considered to ée independent
entities, no structure is assumed to relate them. A&
variable or functien svmbol with this domain is called

noprinal (e.g., variable 'blood twvpe', or relation
contains{A, Bl, B2) (meaning: A contains Bl and B2},

2. [Linearly Ordered
The domain is a linearly ordered scet. A variable or

function symbol with this domain is calicd linear
(e.g., military rank, temperature, weight). Variables
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measured on ordinal, interval,ratic and absolute scales
are special cases of a linear descriptor.

Tree Ordered

Elements of the domain are orvdered into a tree structure,
called a generalisation tree. A predecessor ncde in the
tree represents a concept which is more general than the

concepts represented by the dependent nodes (e.g., the
predecessor of nodes 'triangle, rectangle, pentagon,
etc.,' may be a "polyzon'). A variable or function
symbol with such a domain is called structured.

Each descripltor (a variable or function symbol) is assigned its

type in the specification of the problem. In the case of structured descriptors,

the structure of the value set is defined by inference rules ( see descriptor

shape(hi} in example in sec. 3).

® Relationships among descriptors

In addition to assigning a domain to each wvariable and functiom

symbol, one defines properties of variables and atomic functions characteristic

for the given problem. They are reprecented in the form of inference rules.

Here are a few examples cof such properties.

1

Restrictions on Variables

Suppose that we want to represent a restriction on the event
space saying that if a value of wariable x. is 0 ('a person

does not smoke'), then the variable x, is " 'not applicable’

(x, - kind of cigarettes the persen smokes). This is repre-
sented by a rule:

= = = N
le 0] [J:3 MA]
HA = not applicable
Relationships Between Atomic Functions
For example, suppeose that for any situvation in a given pro-
biem, the atomic fumction f(x, . Kz} is always greater than
the atomic funetion g(xj, xz}. We represent this:
T=>Vxl.x2 [£(xy, x5) > 8%y, x,)]

Propertics of Predicate Functions

For exarple, suppese that a predicate function is transitive.
We represent this:
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T 2 Vg xp 2, ([lefe (xy ,5,) 1 Dlefe (xy %) ] [Left Gy ,x,) 1)

Other types of relationships characteristic for the problem
. environment can be represented similarly.

The raticnale behind the inclusion of the problem environmment
description reflects our position that the guidance of the process of in-
duction by the knowledge pertinent to the problem is necessary for nontrivial
inductive-prcblems.

2.3.3 The preference criterion

The preference criterion specifies the desired properties of the solu-
tion to the problem, i.e., the properties of hypotheses being sought. There are
many dimensions, independent and interdependent, on which the hypotheses can be

evaluated. The weight given to each dimension depends on the ultimate use of the

hypothesis (e.g., the number of operators in it, the quantity of informa-
tion required to encode the hypothesis using operators from an a priori
defined set (Coulon and Kayser [33]), the scope of the hypothesis relating
the events predicted by the hypothesis to the events actually observed
(some form of measure of degres of generalization}, the cost of méasuring
the descriptors in the hypothesis, etec. Therefore, instead of defining a
specific criterion, we specify only a general form of the eriterion. The
form, called a 'lexicographic functional' consists of an ordered list ef
criteria measuring hypothesis quality and a 1list of 'tolerances' for these
criteria (Michalski [15]).

An important and somewhat surprising property of such an approach
is that by properly defining the preference criterion, the same computer
program can preduce eitler the eharacicrioiic or discerimirg. t deseriptions

of ohject classes.
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3. GENERALIZATION RULES

The transformation from data descriprions (eg. (1)) to inductive asser-
tions (eq. (2)) can be viewed (at least conceptually) as an application of certain
generalization rules to the data descriptions or intermediate descriptions.

A generalization rule is defined as a rule which transforms one
or more syrmbolic descriptions (data rules) in the same generalization class
into a new descriprion (inductive assertion) of the same class which is
equivalent or more general than the set of initial descriptions.

A description

Vi >k ' ()
is equivaleni to a set of

{Vi:::-x},i=1, Py v (7
if any evernt ( a description of an object or situation) which
satisfies at leazst one of the vi, i=1, 2, ..., satisgfies also
V, and conversely. If the converse is not required, the rule (%) is
said to be more gemeral than (7).

The generalization rules are applied to data rules under the
condition of preserving consistency and completeness, and achievinz opti-
mality according to the freference criterion. A basic property of a
generalization transformation is that the resulting rule has UNENGWY
truth-status; being a hypothesis, its truth-status must be tested on new
data. Generalization rules do not guarantee that the inductive assertions
are useful or plausible.

We have formalized several generalization rules, both for non-
constructive and constructive induction. (The notation Hl Fi D2 specifies
that D, is more general than Dl].

Won-constructive rulas:

(1) the extending reference rule
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> k- Vi =2,] t: > X
where L - is an atomic function
R2:3‘R]_’ and RJ.’R2 are subsets of the value set,
D{L), oi desecriptor L.
¥V - an arbitrary description { a context formila )
This is a generally applicable rulej the type of descriptor
L does not matter.
(11) The dropping selector (or dropping condition) rule
VIL=R) :1: >X k V 22>k
This rule is also generally applicable. It is one of the
most commonly used rules for generalizing information.
It can be derived from rule (i), by assuming that Rz in
(1) is equal the value set D(L). 1In this case the selector
[L = R2] always has truth-status TRUE, and as such can be

removed.

(111) The elosing interval rule
P[L =a] :: > &

}: VIL = a..b] :: > ¥
VIL = b] :: > K

This rule is applicable only when L is a linear descriptor.

To illustrate rule (iii), coneider as objects two states of

a machine, and as a generalization class, a characterization
of the states as normal. The rule savs that if the states
differ only in that the machine has two different temperatures,
say, a and b, then the hypothesis is made that all states

in which the temperature is in the interval [a,b] are also
normal.

(iv) The climbing generalization tree rule

(V[L = al] :: » X

one or
more VL =1b] :: > X
rules :
<I"[L=s]: > K

VL = 1] 2 > %

where L is a structured descriptor
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s - represents the 1mwe;t parant node whose
descendents include nodes a, b, ... and i,
in the generalization tree for L.
The rule is applicable cnly-to selectors involving structured
descriptors. This rule has been used, e.g., in (Winsten [17],

Hedrick [34], Lenat [35]).

Example:

V[shape(p) = triangle] :: > ¥ :
V[shape(p) = polygon] :: > K

V[shape(p) = rectangle] :: > K

(v) The extension against rule
V.iL==R,] :: > &
4 1 %: [L # R2] i > K
VziL = 32] i: >K
2= 9

and Vé = arbitrary descriptions.

where R, 1 R
£

"1

This rule is generally applicable. It is used to take
into consideration "negative examples', or, in general,
to maintain consistency. It is a basic rule for determining
discriminant class descriptions.
(vi) The 'turning constants into variables' rule

Vip(a,¥)] :: > K

one or
more ¥ip(b,¥)] :: > K
rules . © ok dx, VIp(x,M] i > K

VIp(i,©)] &1 > X
where Y stands for one cr more arguments of atomic
function p.
x 18 a variable whose valve set includes a, b, ..., i.

It can be proven that this rule i1s a special case of the
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extending reference rule (i). This is a rule of gemeral
applicability. It is the basic rule used in works on in-

duction employing predicate calculus.

(vii) Ewtending the quontification domain rule
In the simplest case, the rule changes the uniwversal

quantifier into the existential quantifier:
Ve, veey k 3Je, v

where V(P) stands for a formula containing the guantified
variable P.

Using the concept of a mumerical quantifier, the rule can
be defined in a more general way.

Let the expression
F(s)P, V(P)

stand for a statement, which is true, if the formula V(P) is
true for at least one number of occcurrences of P, specified
in the set of integers S. (S is called the gquantification

domain). For example,
Hc2..8)p, v(©)
states that there are 2 to 8 P-s for which V(P) is true.
Thus, EP, V{P) is equivalent to Hfi 1)P, V(F)
and
V' ?, V(P) is equivalent to 3 (k)P, V(P), where k is the

cardinality of the value set of P,

The general form of the rule is:
depr, vy k }3(52)?, V(P)

where Sl c 52.
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® CA-rule (count arguments)
If an initial descriptor is a relation with variable or fixed

number of arguments, REL(Pl,P ye-+), the rule generates descripters

2
'f#p-COND' , which measure the number of arguments in REL which
satisfy condition COND.

Similarly to the above, there may be many such descriptors
generated (each with different COND).
For example, if relation is cantains(&,nl,BE,...), i.e., A
contains objects Bl’BZ""’ and CONWD is 'Bi—s whieh are large and
red', then the derived descriptor '#B-large-red-A-contains' measures the
number of Ei-s which are large and red, and contained in A.

(c-iii) The generating chain properties rule
If the arguments of different oceurrences of the same transitive
relation (e.g., relation 'above', 'left-of', 'mext-to', 'in-frent-of’,
etc.) form a chain, i.e., form a consecutive sequence of objects
ordered by the relation, the rule generates descriptors relating to

some specific objects in the chain, such as:

LST-object - the 'least object', i.e., the object at the
beginning of the chain (e.g., the bottom
object in the case of relation 'above')
MST-object - the object at the end of the chain (e.g.,
the top object)
MID-object = the objects in the middle of the chain
Nth-object - the object at the Nth pesition (from LST-object)

in the chain.
After identifying these objects, the rule investigates all known
properties of them (as specified in the data rules) for

determining potentially relevant new descriptors.
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The rule also generates a descriptor characterizing the chain

itself:
® REL-chain-length - the length of the chain defined by relatiom
REL. For example, if the relation is

ON-TOP, then the REL-chain-length would
specify the height of a stack of objects.

(e-iv) The descriptor assoeiation deteection rule:
Suppose that in an event, existentially quantified wvariables
P, Py,..,P satisfy a condition couniPl,Pz,---,Pm] » and the values
of two deseriptors x(Pi), and y(Pi) can be ordereq into strictly

ascending sequences:
{x(Pi)> and ﬁy{Pi}>

where i € {1,2,...,m}.
If the order of Pi-s in both sequences is identical, then a

two-argument predicate descriptor is generated

+(x,y)

which states that descriptors x and y are related by a monctonically

growing funetion (if x grows then y grows), for P_,-s satisfying

i
CGND{Pl,PE,...,Pm).
If the order of Pi—s in the second sequence is opposite to the

order of Pi—s in the first sequence, then another descriptor is

generated:
x,v)

stating that 'if x grows then y decreases', for P_-s satisfying
i

the COND (P 1 i IS

e LA
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The above 'momotonic' definition of derived descriptor
#(x,y) (or +(x,y))can be generalized by not requiring that the
order of Pins in the corresponding sequences is identical
{or opposite), but 'sufficiently similar' (or 'sufficiently
dissimilar'), where similarity is measured by, e.8., the coefficient
of statistical correlatien.
Concluding this subject, we will note that the concept of generalization
rules is very useful for understanding and classifying different methods of

inductive learning (Dietterich and Michalski [36]).

3, LEARNING FROM EXAMPLES
We will discuss here briefly the subject of learning from examples,
considering it from the viewpoint of develeping methods for 'conceptual' data
analysis . Such methods are intended to discover conceptual (i.e., logical
functional, or causal) relationships in data, rather than statistical, which
are the subject of conventional methods of data analysis.
For concreteness, let us consider a simple data analysis problem,
involving imaginary 'cells' (fig. 1). Suppose that cells DNB represent a
sample of cancerous cells, and cells DNE -- a sample of normal cells.
Suppose that a researcher wants to determine:
® 311 important common properties of cancerous cells, and of
normal cells {(i.e., to determine characteristic descriptions
of each class)
® properties differentiating between the two classes of cell:
(i.e., discriminant descriptions of each class).
An assumption is made that tﬁe properties to be discovered may
involve both the quantitative information about the cells and their components,

as well as the qualitative information, which inecludes nominal variables and
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If in a quantifier expression (k)P, ..., where k is an
integer, one wants to distinguish between different P-s,

P e

then one writes (k) Pl’ Fg, cees By

Constructive Rules:

Constructive generalization rules generalize descriptions by
involving new (derived) descriptors, which are functions of initial or other
derived descriptors. Thus, these rules evoke constructive induction
procedures, which generate new descriptors.

These rules may represent knowledge or heuristics which are of
general applicability (e.g., capturing semantical dependencies of natural
language), or applicable only in the specific problem domain. There is no
limit for such rules.

Here are a few examples of more general rules:

{c=1) Counting rules:
® CQ rule (E'Dunt quantified arguments)

Given an expression with a guantifier form (k) Pl,P P

ge 3Ty
the rule generates descriptors '{#P-COND', which measure the number of
Pi-s satisfying certain condition COND (since there may be many
conditions formulated, the rule can potentially generate a large
number of such deseriptors). If COND is not specified, the
descriptor simply counts quantified arguments.

For example, if the COND is 'the arguments Pi such that
[attributel{Pi) = R]", <then the generated descriptor will be
'#Pi-attributel—R'. If the attributel is, e.g., length, and R
is [2..4], then the derived descripter is 'ﬂPi-length—z..ﬁ‘ {the

number of Pi—s, whose length is between 2 and 4, inclusively).
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relationships existing among the components. Using this example we will
briefly describe the methodology underlying program INDUCE 2 {a successor
of the earlier program INDUCE 1.1 (Larson and Michalski Iﬁﬂ], Larson [31],
Dietterich [32]).

The solution to the posed problem (or similar problems) can be
obtained by a successive repetition of a 'focus attention-hypothesize-test'
cycle.

The 'focus attention' phase is concerned with defining the scope of
the problem under consideration. This includes selecting descriptors
appearing to be relevant, specifying underlying assumptions and formulating
the relevant problem knowledge, This phase is performed by a researcher; it
invelves his/her technical knowledge and informal intuitions. The 'test'
phase examines the hypotheses and tests them on new data. This phase may
require collecting new samples, performing laboratory experiments, and/cr
critically analyzing the hypotheses, invelving knowledge inaccessible toc any
currently feasible computer program.

It is the 'hypothesize' phase in which the program INDUCE 2 may
play a useful role, that of an assistant in conducting search for the most
plausible and/or most interesting hypotheses.

This search may be a formidable combinatorial task for a researcher,
if the size of the sample data is large, and each item of the data (in this
case, a cell) is described by manv variables and/or relations.

The methoedology underlying INDUCE 2 requires a collaboration between
a user and the program, in which each party does what it can do best. The
major steps are as follows:

1. The user formulates the Inicial space of deseriptors, and

specifies the type, domain and any specilal properties of

each descriptor (e.g., the transitivity of a relation).
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In the case of the structured descriptors, the user also specifies

the structure of the domain.

Suppose that for our simple example problem, the following descriptors

are selected:

I Global (descriptors characterizing a whole cell)

® circ -

® 5ol -

the number of segments in the circumference of the cell

Type: linear

Domain: {1..10}

the type of the physiological solution in the cell (marked
in fig. 1 by capital letters)
Type: nominal

Domain: {A,B,C,D}

I1 Local (descriptors characterizing cell bodies and their relationship

® chape fBi] -

the shape of body Bi

Type: structured

Leaves of the domain: {eirele, ellipse, heptagon, triangle,
square, buﬁt, spring}

Higher nodes are defined by rules:

[shape = eircle, ellipse] = [shape = owval]

[shape = triangle, square, heptagon] = [shape = polygon]

[shape = oval, polygon] = [shape = regular]

[shape = spring, boat] = [shape = irregular]

@ texture (Bi) - the texture of Ei

Type: nominal
Domain: {blank, grid, solid-hlack, solid-grey, stripes,

cross, wavyl
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® yeight (Bi} - the weight of body Bi
Type: linear
Domain: [1..5]
® grient (Ei] - the orientation of Ei
Type: linear - cyclic (the last element is followed by
the first)
Domain: {N, NE, E, SE, S, SW, W, NW}
® contains (0’31’52"") - C contains bodies Bl'BZ""
Type: mnominal
Domain: {true,false}
Properties: transitive relation
® hastails (B,Ll,Lz,...} - B has tails Ll’LE""
Descriptor applicable only if {shape{ci} = boat]
Type: mnominal
Domain: {true,false]

Note that descriptors 'contains' and 'hastails' are predicates with
variable number of arguments. Deseriptor 'contains' is characterized as the
transitive relation. Descriptors "hastails' and 'orient' are applicable only
under a certain condition.

2, The user formulates data rules, which describe cells in terms
of selected descriptors and specify the generalization class
associsted with each cell. For example, following is a data
rule for the DNB cell 1:

Aaceir, (6)3,,8,,...,8¢ [contains (CELL;,B;,By, -+ 1Bg)]
[circ(CELLIJEB][sol(CELL1)=A][shape(Bl}=ellipse]
[texture{Bl}=stripes]Iweight(ﬁl}=ﬁl[orient(BI)=NW][cnntains(Bz,Bz)]

[shape(32)=circle][texture(ﬁz)-solid—grey]...



28

[Shape(36}=circle][texturef56)=grid1[Neight(36)=5]
::> [class=DNE]

3. The user indicates whick general rules of constructive
induction are applicable, and also formulates any probleﬁr
specific rules.

For example, the counting rule CQ (sec. 3) will generate,
among others, a descriptor:

. @ '#B-black-boat' - the number of bodies whose shape is 'boat'
and texture is 'solid-blaek' (i.e., using COND
[shape(B)=boat][texture(B)=solid=-black])

(For simplicity of notation, the name of this descriptoer, as
well as other descriptors below, has been abbreviated, so it
does not follow strietly the naming convention desecribed in

sec. 3.) The counting rule CA will generate such descriptors as:

total-BE - the total number of bodies in a cell (if condition COND is NULL)
® indep-B - the number of independent bodies in a cell (assuming COND
"bodies not contained in another bodv')

© ijcontains-B - the number of bodies contained in ancther body B

e

#tails-boat-B = the number of tails in a body B, whose shape is 'boat',
Program INDUCE 2 also allows a user to formulate arbitrary arithmetic
expressions, as suggestions of possibly relevant deseriptors. For example,

the user may suggest a descriptor:

weight (CELL) = £ weight(Bi),
i

where Bi’ i=1,2,... are quantified variakles.
The program alsc has knowledge of certain concepts, such as

even-odd number, arga and perimfer a triangle or rectangle.
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4. Finally, the user specifies the type of deseription sought and
the criterion of preference. For this example, we will assume
that both characteristic and descriminant descriptions are
sought, and that the criterion of preference for characteristic
deseriptions is 'to maximize the length of the ocutput c-formula',
and for discriminant descriptions--'to minimize the length of the
output c—-formula'.

For illustration, we will give here samples of characteristic and

discriminant descriptions obtained for the DNB 'cells' in fig. 1:

Characteristic deseriptions of DNB cellas:

® (1) B [weight(B)=5]

('in every cell there is one (and only one) body with weight 5')

L 33{2131,52 [contains (Bl,Bz)][shapE{Bl}-shape{BZ}=circle]A
[texture(ﬁl)=301id—grey][weight(Bl)ﬂeven]A
[texture(32}=solid—black}[weight(32)=ndd]ﬂ
[#EEEE§EEE"31' 1] ( . denotes the internal conjunction)

("in every cell there are two bodies of circle shape, one contained
in another, the outside circle is solid-grey, has 'even' weight,
the inside circle is solid-black and has 'odd' weight. The
outside circle contains only one body.')
o 33(1) B, [shape(B)=circle][texture(B)=grid]
[weight(B) > 3]
('every cell contains a circle with 'grid' texture, whnsé welght
is at least 3') (also discriminant)

® [circ=even]

('the number of segments in the circumference of every cell is even')

(also diseriminant)
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° :3(> 1) B [shape(B)=boat] [orient (B)=N,NE]
[$eaile baar b=l
('every cell has at least one body of 'boat' shape, which has one
tail with N or KL orientation')

e :3{2} B [shape(B)=circle][texture(B)=sold-black]

alternatively

(each cell has exactly two bodies, which are circles and have solid

black texture) (also discriminant)

Diseriminant descriptions of DNB cella:

In addition to characteristic descriptions which are alsoc discrimi-
nant _as marked above), here are some discriminant descriptions:
® (1) B [texture(B)=grid][weight(B) > 3]

("every cell DNB, as opposed to DNC, has exactly cne body with

'grid' texture and weight greater or equal 3")

. 3(3_ 1) B [shape(B)=boat][orient(B)=N,NE]

{'....at least one 'boat' shape body with orientation N or NE')

("...at least one body with number of tails 1")
® 3{'1} B [shape(B)=circle][f#contains-B=1]

'vivvv.a circle containing a single object’

Hote, that each description involves the minimum number of conditions
necessary to distinguish any DNBE cell from any DNC cell. Underscored descriptors
are derived descriptors obtained through constructive induction.

The above example is too simple that really unexpected patterns can

be discovered. But it illustrates well the potential of a learning program
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as a tool for searching for patterns in complex data, especially when the
relevant properties may involve numerical and relational information at the
same time. The program therefore offers a new tool for data analysis.
How does the program work? Earlier implementations of the program
are described in (Larson [31], Michalski [16], Dietterich [32]). The new version,
INDUCE 2, is under completion and will be described in a separate paper. An
outline of the main algorithm is given in Appendix 1. Here we will give a
summary of the main ideas, their limitations, and describe some problems for
future research.
The work of the program can be viewed essentially as the process
of applying generalization rules, inference rules {describing
the problem environment) and comstructive induction rules to
the data rules, in order to determine inductive assertions which are
consistent and complete. User_ selected preference criteria are used to select the
;_ most preferable assertions as the final solution. . o
The process of generating induvective assertions is inherently

combinatorially explesive, so the major question is how to guide thkis

process inorder to detect quickly the most preferable assertions,

As described in Appendix 1, the first pavr: of the progzram

generates (by putting together step by step the 'most relevant'selectors)

a set of congistent e-formulas.
The relevancy test for the selectors is a function of the number

of data rules covered in the given generalization class, and, in the case of

discriminant deseriptions, also rules covered in other generalization eclasses.
C-formulas are represented as labelled graphs, and testing them

for comsistency (L.e., the null intersection with descriptions of objects

in generalization classes other than the class under consideration) or for
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the degree of eoverage of the given class is done by testing for subgraph
isomorphism. By taking advantage of the labels on nodes and arcs, this

operation was greatly simplified. However, it is nevertheless quite time

and space consumming,

In the second part, the program transforms the consistent c-
formulas into le events (i.e., sequences of values of certain many-valued
variables [Michalski 15], and further generalization is done using
AQVAL/1 generalization procedure (Michalski and Larson [37]).

During this process, the extensismn against, elosing the interval and
elimbing generalization tree generalization rules are applied. The VLl
events are represented as binary strings, and most of the operations done
during this process are logical operations on binary strings. Consequantly,
this part of the algorithm is wery fast and efficient. Thus, the

hizh efficiency of the program is due to the change of the data structures
representing the rules into more efficient form, once a relevant set of
selectors have been found (by determining consistent generalizations).

A disadvantage of this algorithm is that the gxtensian of references
of selectors, achieved by the application of the extension against, the
closing interval and climbing generalization rules, is done after a (supposedly)
relevant set of selectors have been determined. It is possible, however,
that a selector from the initial data rules, or generated by constructive

peneralization rules which did not pass the 'relevance test', could turn

out to be very relevant if its reference was appropriately generalized,

On the other hand, applying the above generalization rules to each selector
represented a5 a graph structure (i.z., before the AQVAL procedure takes over)
could be computaticnally very gostlv. This preblem will he agpravared when

the mumber of  rule gencrating derived descriptors wiil be increased.
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We plan to seek solutions to this problem by designing a better deseriptfor
relevaney test, determining more adequate data structures.fcr representing
selectors and tescing intersections with descriptioms, and by applying problem
knowledge.

Another type of learning from examples is 'sequence prediction', i.e.
learning from the data which have a strict linear order. Such a problem occurs
when given is a sequence of entities (e.g., letters, or, in more general case,
structured objects) and the problem is to discover a rule which might have
generated the sequence. The program here has to take into consideration the
order, and consequently new form of rules and also derived descriptors can be

invelved. TFor more details we will refer the reader to Dietterich [23,40].

4. LEARNING FROM OBSERVATION

The major difference between problems of learning a characteristic
description from examples (type IA), and problems of learning from
observation (type II) is that in the later problem the input is usually an
arbitrary collection of entities, rather than a collecticn of examples
representing a single predetermined conceptual class; and that the goal is
to determine a partition of the collection into categories (in general, to
determine a structure within the collection), such that each category represents
a certain concept.

Problems of this type have been intensively studied in the area of
cluster analysis and pattern recognition (as 'learning without teacher').
The methods which have been developed in these areas partition the entities
into clusters,such that the entities within each cluster have a high
'degree of similarity', and entities of different clusters have a low

'degree of similarity',
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The degree of similarity between two entities is typically a
function (usually a reciprocal of a distance function), which takes into
consideration only properties of these entities and not their relatiom to
other entities, or to some predefined concepts. Consequently, clusters
obtained this way rarely have any simple conceptual interpretation.

In this section we will briefly describe an approach to clustering
which we call eonceptual elustering. In this approach, entities are assembled
into a single cluster, if together they represent some concept from a pre-
defined set of concepts.

For example, consider the set of peoints shown, in Fig. 2.
L |

A typical description of this set by a human is something like
'acircle on a straight line'. Thus, the points A and B, although closer
to each other than to any other points, will be put into different clusters,
because they are parts of different concepts.

Since the points in Fig. 2 do not fill up completely the circle
and the straight line, the obtained conceptual clusters represent generaliza—
tions of the initial data points. Consequently, conceptual clustering can
be viewed as a form of generalization of symbolic descriptions, similarly
to problems of learning from examples. The input rules are symbolic
deseriptions of the entities in the collection (to interpret this problem
as a special case of the paradigm in sec. 2.1, consider the collection

as a single generalization class).
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If the concepts into which the collection is to be partitioned
are defined as C-formulas, then the gemeralization rules discussed before
would apply also here (within the restriction that the resulting formulas
cannot intersect). Similarly, constructive induction rules apply.

We will outline here an algorithm for such a clustering,
assuming that the concepts are simpler constructs than C-formulas, namely,
non-quantified C-formulas with wnary seleetors, i.e., logical products of
such selectors. Unary selectors are relational statements?

[x # R,]
where:
% is one of n predefined wariables (i=1,2,...,n)
it is one of the relational operators = ¢ > > < <
R is a subset of the value set of X, -

A selector is saiiafied by a value of %, if this value is in
relation # with some value from Ri. Such restricted C-formulas are called
VLl eomplexes or, briefly, complexes (Michalski [24 ]).

Individual entities are assumed to be described by evenmts, which

are sequences of values of variables %
(al, By ¢ e ah)
where a e D{xi], and D(xi) is the wvalue set of x=., i=1, 2, ..., n.
An event e is said to satisfy a complex, if values of Ky in e satisfy all
selectors.

Suppose E is a set of events, each of which satisfies a complex C.

If there exist events satisfying C which are not in E, then they are called
unobserved events. The number of unobserved events in a complex is called
the sparsemcss of the complex. We will consider the following problem.
Given is an event set E and an integer k. Determine k pairwise disjoint

complexes such that:
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1. they represent a partition of E into k subsets (a k-partitiom)

2. the total sparseness of the complexes is minimum.
The theoretical basis and an algorithm for a solution of this problem
(in somewhat more general formulation, where the clustering criterion is
not limited to sparseness)is described in Michalski [ 24]. The algorithm
is interactive, and its genmeral structure is based on the dynamic clustering
method (Diday and Simon [39 ]). Each step starts with k specially selected
data events, called geeds. The seeds are treated as representives of k
classes, and this way the problem is reduced to essentially a classification
problem (type 1b). The step ends with a determination of a set of k complexes
defining a partition of E. From such complex a new seed is selected,
and the obtained set of k seeds is the inmput to the next iteration. The
algorithm terminates with a k-partition of E, defined by k complexes, which
has the "local' minimum of the total sparseness, or, in general, of the assumed
cost criterion. (The algorithm does not guarantee the global minimum.)

Figure 3 (on the next page) presents an example illustrating -

this process. The space of all events. is defined by variables Xys Xy Xgq
and X4 with value set sizes of 2, 53, 4 and 2, respectively. The

space is represented as a diagram, where each cell represents a possible event.

Cells marked by 1 represent data events, the remaining cells represent unobserved
events. TFigure 3a shows complexes obtained in the first iteration.
The remaining fipures show results from the consecutive iterations. Cells
representing seed events in each iteration are marked by +.

The solution with the mininun sparseness is shown in Figure 3c.

The partition is specificd by complexes:
a, = [:-11 = 0] [xz = 1]{1‘:4 = 0]

= fxl = D]{x2 = 2][x3 = 1..3]

= Ry . 1) [xy = 1.-3)
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This result was obtained by program CLUSTER/PAF implementing
the algorithm,

Another experiment with the program involved clustering 47 cases of
soybran diseases. LThese cases represented four different diseases, as
determined by plant pathologists (the program was not, of course, given
this information). Each case was represented by an 2véut of 35 many-valued
variables. With k=4, the program partitioned ﬁll cases into four

categories. These four categories turned out to be precisely the

categorics corresponding te individual diseases. The complexes defining

the categories involved known characteristic symptows of the corresponding

diseases. This, and another experiment {involving conceptual elustering of 100

Spanish songs) is described in more detail by Stepp [41].



5. SUMMARY

Inductive learning is described as a process of generalizing and
conceptually simplifying symbolic descriptions of given collections of
entities. It is shown that this process can be viewed as an application of
generalization rules and problem envirdnment rules to initial and intermediate
descriptions. Two types of inductive learning are distinguished: learning
from examples and learning from observation. The most studied categories of
learning from examples include determination of characteristic and discriminant
descriptions, and sequence prediction. Learning form observation ('conceptual
clustering') produces a taxonomic description of a collection of entities,
which reveals the conceptual structure underlying the collection.

The presented theoretical framework unifies the above types of
learning, and was used to develop two learning programs: INDUCE 2 -—-—
for determining characteristic or discriminant :ztructural descriptions, and
CLUSTER/PAF —--- for conceptual clustering of arbitrary collections of entities.
The described methedology is viewed as especially promising for applications
such as automated 'conceptual' analysis of expefimental data, searching for
patterns and abstracting the contents of databases, or aiding knowledge

acquisition processes in the development of lmowledge-based systems.

ACKNOWLEDGHENT

A partial support of this research was provided by the National
Science Foundation under grant MC5-79-06614. Many ideas presented here
have been developed over the years in collaboration with numerous graduate
students and collaborators in USA and abroad. Witheut their ‘colaboration
this research would have not been possible. To them the author expresses

his deepest gratitude.



(1]

[2]

(3]

[4]

(5]

(6]

(7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

40

REFERENCES

Shortliffe, E. G., "MYCIN: A Rule Based Computer Program for Advising
Physicians Regarding Antimicrobial Therapy Selection," Ph.D. Thesis,
Computer Science Department, Stanford University, October 1974,

Davis, R., "Applications of Meta-level Knowledge to the Construction,
Maintenance and Use of Large Knowledge Bases," Repeort No. 552, Computer
Science Department, Stanford University, July 1976.

Brachman, R. T., On the Epistomological Status of Semantic Networks,
Report No. 3807, Bolt, Beranek and Newman, April 1973.

Michalski, R. 5. and Chilausky, R. L., Learning By Being Told and
Learning From Examples, Policy Analysis and Information Systems,
Special Issue on Knowledge Acquisition and Induction, No. 2, 1980.

Shaw, D.E., Swartout, W. R. and Green, C. C., Inferring Lisp programs
from examples, Proceedings of the 4th International Joint Conference
on Artificial Intelligence, Vol. I, pp. 351-356, Tbilisi, September 1975.

Jouannaud, J. P., and Kodratoff, ¥. (1979), Characterization of a Class
of Functions Synthesized from Examples by a Summers-like Method using a
"B.M.W." Matching Technique, Sixth Internaticnal Joint Conf. on Art.
Intelligence-Tokyo 1979, pp. 440-447.

Burstall, R. M. and Darlingtom, J. {(1977) A transformation sytem for
developing recursive programs. JACM, Vol. 24, No. 1, 44-67.

Biermann, &. W., (1978), The Inference of Regular LISP Programs from
Examples, IEEE Trans. on Systems, Man, and Cybernetics, Vol. SMC-B(8)
Aupust 1978, pp. 585=-600.

Smith, D. R., & Survey of the Synthesis of LISP Programs from Exampsles,
International Workshop on Program Construction, Bonas, Sept. 8-12, 1980,

Pettorossi, A., An Algorthm for Reducing Memory Requirements in Recursive
Frograms Using Annotations, IBID.

Biermann, A. W., and Feldman, J. (1972), Survey of Results in Grammatical
Inference, in Frontiers of Pattern Recognition, Academic Press Inec.,
Wew York, 1972, pp. 31-54.

Yau, K. C. and Fu, K. 8., Syntatic shape recognition using attributed
grammars, Proceedings of the 8th Annual EIA Symposium on Automatic
Imagery Pattern Recognition, 1978.

Michie, D., '"New Face of Artificial Intelligence,” Information 3, pp. 5-11,
1977.

Carnap, R. "The Aim of Inductive Lopgic," in E. Nagel, P. Suppes, and A,
Tarski, eds., Logic, Methodology and Philosophv of Science, Stanford,
California: Stanford University Press, 1962, pp. 303-318.




[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

(23]

[24]

[25]

[26]

[27]

41

Michalski, R. S., "AQVAL/l--Computer Implementation of a Variable-valued
Logic System and the Application to Pattern Recognition,” Proceedings
of the First International Joint Conference on Pattern Recognition,
Washington, D.C., October 30-November 1, 1%73.

Michalski, R, §., "Pattern Recognition As Knowledge-Guided Computer
Induction," Report No. 78-927, Department of Computer Science, University
of Illinois, Urbana, Illinois, June 1978,

Winston, P. H., "Learning Structural Descriptions from Examples,"
Technical Report AI TE-231, MIT AT Lab, Cambridge, Massachusetts, 1970.

Vere, 5. A., "Induction of Concepts in the Predicate Calculus,"
Advance Papers of the 4th International Joint Conference on Artificial
Intelligence, Vol. I, pp. 351-356, Tbilisi, Georgia, September 1975.

Hayes-Roth, F., "Patterns of Induction and Associated Knowledge Acquisi-
tion Algorithms," Pattern Recognition and Artificial Intelligence, ed.
C. Chen, Academic Press, New York 1976.

Stepp, R., "The Investigation of the UNICLASS Inductive Program AQ7UNI
and User's Cuide, Report No. 949, Department of Computer Seience,
University of Illinois, Urbana, Illinois, November 1978.

Michalski, R. S., Pattern Recognition as Rule-Guided Inductive Inference,
IEEE Trans. on Pattern Analysis and Machine Intelligence, July 1980.

Simon, H.A., G. Lea, "Problem Solving and Rule Induction: A Unified Way,"
Carnegie-Mellon Complex Information Processing Working Paper #227,
Revised June 14, 1973.

Dietterich, T. G., A Methodology of Knowledge Layers for Inducing
Descriptions of Sequentially Ordered Events, Report No. 80-1024,
Department of Computer Science, University of Illinois, May, 1980.

Michalski, R. S., Knowledge Acquisition Through Conceptual Clustering:

A Theoretical Framework and an Algorithm for Partitioning Data into
Conjunctive Concepts, Special Issue on Knowledge Acquisition and Induction,
Inter. Journal on Policy Analysis and Information Systems, Mo. 3, 1980.
(Also, Report No. 80-1026, Department of Computer Science, University

of Illinois, May, 1980.)

Morgan, C. G., Automated hypothesis generation'using extended inductive
resolution, Advance Papers of the 4th I. J. Conf. on Artificial Intelligence,
Vol. I, pp. 351-356, Thilisi, Georgia, September 1975.

Fikes, R. E., Hart, R. E. and Wilsson, N. J., Learning and executing
generalized robot plans, Artificial Intelligence 3, 1972.

Banerii, R. B., Learning in structural description languages, Temple
Uni-ersity Report to NSF Grant MCS 76-0-200, 1977.



[28]

[29]

[30]

(31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

42

Cohen, Brian L., A powerful and efficient structural pattern recognition
system, Artificial Intelligence, Vol. 9, No. 3, December 1977.

Hayes-Roth and McDermott, J., An interference matching technique for
inducing abstractions, Communications of the ACM, Wo. 5, Vol. 21,
pp. 401-411, May 1978.

Larson, J., R. S. Michalski, "Induetive Inference of VL Decision Rules,"

Proceedings of the Workshop on Pattern-Directed Inference Systems,
Honolulu, Hawaii, May 23-27, 1977, SIGART Newsletter, No. 63, June 1977.

Larson, James, "INDUCE-l: An Anteractive Inductive Inference Program in
VL 1 Logic System,” Report No., UIUCDCS-R-77-876, Department of Computer
Sc%ence. University of Illinois, Urbana, Illineois, May 1977.

Dietterich, T., "Description of Inductive Program INDUCE 1.1,"
Internal Report, Department of Computer Science, University of Illinois
at Urbana-Champaign, October 1978.

Coulon, D., D. Kayser, "Learning Criterion and Inductive Behavior,"
Pattern Recognition, Vol. 10, No. 1, pp. 19-23, 1978.

Hedrick, C. L., "A Computer Program to Learn Production Systems Using a
Semantic Wet," Ph.D. Thesis, Department of Computer Science, Carnegie-—
Mellon University, Pittsburgh, July 1974.

Lenat, D., "AM: An artificial intelligence approach to discovery in
mathematics as heuristic search," Computer Science Department, Report
STAN-C5-76-570, Stanford University, July 1976.

Diecterich, T. and Michalski, R. S., "Learning and Ceneralization of
Characteristic Descriptions: Evaluation Criteria and Comparative
Review of Selected Methods," Proceedings of the Sixth International

Joint Conference on Artificial Intelligence, pp. 223-231, Tokyo,
August 20-23, 1979,

Michalski, R. S. and Larson, J. B., "Selection of Most Representative
Training Examples and Inecremental Generation of VL Hypotheses: the
underlying methodology and the description of programs ESEL and AQl1,"
Report No. UIUCDCS-R-78-867, Department of Computer Science, University
of Illinois, Urbana, Illinois, May 1978.

Mitchell, T. M.,"Vernion Spaces: An approach to concept learning,"
Doctor of Philosophy Thesis, Stanford University, 1978.

Diday, E. and Simon, J. C., "Clustering Analysis," Chapter in
Communication and Cvbernetics 10, Ed. K. S. Fu, Springer-Verlag,
Berlin, Heidelberg, New York, 1976.

Dietterich, T. G., Papers of the Workshop on CURRENT DEVELOPMENTS in
MACHINE LEARNING, July 16-18, Carnegie-Mellon University, Pittsburgh.

Stepp, R., IBID.



43

APPENDIX 1

Outline of the Top Level Algorithm of INDUCE 2

1. At the first step, the data ruleﬁ (whose condition parts are in the
disjunctive simple forms) are transformed to a new set of rules, in which
condition parts are in the form of c-expressions. A c-expression (a
conjunctive expression) is a product of selectors accompanied by zero or
more quantifier forms, i.e., forms QFX1=x21"" where QF denotes a
quantifier. (Note, that due to the use of the internal disjunctiocn and
quantifiers, a c-expression represents a more general concept than a
conjunction of predicates.)

2. A decision class ié-seléctéd say F’, and all chemprcssiOns associated

with this class are put into a set Fl, and all remaining c~exprehsiun5

-are nut inta a séé Fd (-tﬁe ééin%llrepresents events to bé ectered

and set FO represents coﬁscraints, i.e., events not to be coversd ),

3. By application of inference rules (describing the problem cnvircoment)
and. constructive generalization rules, new selectors are generated. The
'most.promising' sel@ctors (according to-a certain criterion) are added

to the c-expressions in F1 and. FO.

4. A c-expression is seleéted from Fl1, and a set of consisternt gencralizations
{a restricted star) of this expression is obtained. This is done by starting
with single selecteors (ecalled 'seeds'), selected from this t-expression

as the "most promising' ones (according to the preference criterion). Tn each



&4
subsequent next step,a new selector is added to the c—expression obtained in
the previous step (initially the seeds), until =z specified number (parameter

NCONSIST) of consistent generalizations is determined, - Consistency is

achieved when a c-expression has NULL interseection with the set FO. This
'rule growing' process is illustrated in fig, Al.

5. The obtained c-expressions, and c-expressions in F0, are transformed
to twe sets El and EO, respectively, of le events (i.e., sequences of
values of certain discrete variables),

A procedure for ggneralizing VLl deseriptions is then applied
to obtain the 'best cover' (according to a user defined criterion) of set El1
agaiﬁsf E0 (the procedure i+ a versieon of AQVAL[i learning program [37].

During this process, the extension against, the closing
the interval and the climbing generalization iree rules are applied.

The result is transformoed to a new set of c—ex¥pressions
(a restricted star) in which selectors ﬁave now appropriately generalized
references.

6. The 'best' e-expression is selected from the restricted star,

7. If the c-expression completely coversFl, then the process repeats for
another deecision class. Dtherwisé, the set F1 is reduced to contain cnly the
uncovered c-expressions, and steps 4 to 7 are repeated.

The implementation of the inductive process in IHDUCE-i?i ébnsisés
of a large collection of specialized algorithms, each accomplishing certain
task . Amcuz the most important tasks are:

1. the implementation of the 'rule growing process'

2. testing whether one c-exprassion is a generalization of ('covers')
another c-cxpression. This is dene by testing for subgraph isomorphism,

3. generalization of a c-expression by extendinz the selocror
refercnces and forming irredundant c-expressions (includes application of AQLL

AQVAL/1 procedure).
4. generation of new descriptors and new selectors



o - adisgarded c-rule
® . an active e-rule
B - . terminal node denoting a consistent c-rule

Each are represents an operation of adding a new selector to a c-ruls

The branching factor is determined by parameter ALTER. The
number of active rules (which are maintained for the next step of the
rule prowing process) is specified by parameter MANSTAR, hie number of
terminzal nodesz (consistent gencralizations) which program attemprs to
generate is specified by parameter NCONSIST.

Illustration of the rule growing process
(dn application Df:the dropping sz2lector rule in the reverse order)

Finure Al.



