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Some recent work in the area of 1earnin§
light of the need in many diverse dis
analysis. Such programs deseribe
tionships which caarpot

tant asiects of the problem of learning structural descrigtions are examine

n Methods published
Vere [22-25), ate analyzed according to these
Finally some pgoals are suggasted for future research.

evaluat current work is presented.

1691, and
eveloped by the authors.

1. INTRODUCTION
1.1 Motivatlon and Basic Concepts

There are many problem areas where large
volumes of data are gemerated about a class of
objects, the behavior of z system, & Pprocess,
etc. &cientists in fields as diverse as agri-
culture, chemistry, and psychology are faced
with the need to analyze such data in order to
detect regularities and common patterns. Trad-
ftfonal tools for dara analysis include various
statistical techniques, curve-fitting tech=
niques, numerical taxonomy, etc. These
methods, however, are often not satisfactory
because thé¥ impose an overly restrictive
mathematical framework on the scope of possible
solutions. For example, statistical methods
describe the datz {n rerms of probabiliry dis-
tribution functions placed on random variables.

A3 a result, the types of patterns which they
can discover are limited to those which can be
expressed by placing constraintsa upod the

of various probability distributior

unctions. Because of the mathematical Fframe-
works upon which cthey are baged, tradicional
wethods cannot detect conceptual patterns such
s the logical, causal, or functinnal relation-
ships that are typfcal of descriptions producer
by humans. This is a well-known problem in AL,
namely that a system in order to learn some=

arameters

thing must [Firsc be able to express it. The
solution rtequires Introducing more powerful
representations for hypotheses and developing

corresponding techniques of data analysis anc
pattern discovery. Work done in Al and related
areas on computer indnction and learning struc—
tural descriptions from examples has laid the
groundwork for researh in this area. This is
not accidental, because, as Michie [i8] has
pointed out, the development of systems which
deal with problems in human conce tual terms ig
a fundamental characteristic of AE researche«

In this paper, We examine some of the recent

work iIn Al on the subject of learning and gen-

erallzatfon of structural descriptions. In
4
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F CHARACTERISTIC DESCRIPTIONS:

structural descriptions from examples
¢iplines for.pro¥rams which can
complex data in terms o

be discovered using traditional data anslysis techniques.
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iz reviewed 1in
perform conceptuzl data
logical, functional, and causal rala-
Various impor=

and criteria for
[1=3,20), Hayes-Roth

y Buchanan, et.al,
to a method

criterfa and compared

we will review four recent methods
of inductive generalization: Buchanan et. ale,
' Vere, and our own work (Earlier
well-knowa . work by Winston was recently re-
viewed by Knapman [11]). We also outline some
gealg for regseatch in this area. Attention Is
given primarily to the simplest form of pgen=
eralization, namely the maximally specific con-
junctive statements which characterize a single
set of input events (called for short, conjunc=-
tive generalizatlions). The reason for thia
choice 1is that most work deme in this area ia
addyessin this, quite restricted, subject.
Many of the researchers whose work we review in
this paper have done woerk on other aspects of
machine learning including generalization usinﬁ
el

partlcular,

negative  examples (Vere, Michalskl) 3
developing discriminant descriptions of several
classes of objects (Michalaki). Due t0 space

Timitations, we have been unable to ingc ude

these topics in this paper. Insteady, thhese
contritutions are mentioned 4n the sections
concerning extensions. We begin the analysis

b¥ first discussing several important aspects
oi the problem of learning comceptual descrip~-
tions:
« types of descriptions:
versus discriminant
« forms of descrigtions
. types of generalization processes Llovolved
in generzlizing descriptions {rules of gen-
eralization)
s ccostructive versus
duction
« general versus problem-orieatéd methods of
{aductico.

1.2 Types of Descriptions

Wa dilstinsuish between characreristie znd
diacriminant descripilons [161. A characteris-—
tic description is a descriprion of 2 SIngle
sBt of_oﬁiects (examples, events) which is fa-
tepded to discriminate that set of objeccs from
all other Eﬂasible obiecrs. For examgle. a
characteristie description of the ser 0 11
tubles would discriminate any table from all
thin%s which are nor-tables. Psycholoxists
consider this problem under the name af concedt
formation (e.g- Hunt {10})« Simce it is Impoe-

characteristic

non-constructive in-



sible to examine all other possible objects, a

characteristic desc¢ripticn 1s usvally developed

by sgecif'inﬁ all characteristics which are
- kno

rrue for all wn objects of the class (posi-
tive examples). Alternatively, in some Frpb—
lems there are available so-called ‘nedx
misses which can be used to more precisely

circumscribe the given class.

A diseriminant description 1is a description of
a “single cIaSE‘BT"Eg;EETs in the context of a
fixed set of other e¢lasses of objects. It

states only those properties of objects in the
class under consideraticn which are mnecessary
to distinguish them from the objects in the
other classes. A characteristic description
can be viewed as a discriminant description in
which the given class {8 discriminated against
infinitely many alternative tlasses.

In this paper we restrict ourselves to the
problem of determining characteristic descrip-
tions. The problem of determining discriminant
descrigtions has been studied by Michalski and
his esllaborators [13=17]).

1.3 Forms of Descriptions

Descriptions, either characteristic or discrim-
inant, may take several forms. In this paper
we concentrate on generalizations in coniunc-
tive form. Other ferms inciude disjunctions,
exceptions, production rules of various GEypes,
hierarchical and multilevel descriptions, se-
mantie nets, and frames.

1+4 Ceneralization Pules

The process of 1nducin§ a general description
from examples can be viewed as a process of ap-
plying certain generalfzation rules to the ini-
tial descriptions to transform them into more
general output descriptions. This viewpolnt
ermite one to characterize various methods of
nduction by specifying the rules of generali-
zation which thE{ ise. Below ia a brief review
of various generalization rules based on the
paper [17]). .

i) Propping Condition Rule. 1If a descrip~
tion {s viewed as a conjunction of conditions
whnich must be satisfied, then one way to gen-
eralize it is to drop one or more of these con-
ditions. For example:

red(x) A big(x) |[|< red(z)
(this reads: "the description “xs which are red

and big’ can be generalized to the description
xs which 3FtTe redi;'|< denctes the peneraliza-
tion operator)

1i) Turning Constants to
If we, have two or more descriptions, each Of
which refers teo a specific object (in a set to
be characterized), we can generalize these by
creating one deseription which contains a vari=-
sble in place of-the specific object:

tall(Fred) Fr
tall 531;;,{“““2?31;‘;-‘1) [< Vx tall(x)Aman(x)
assuming Ehgt the value set of x is (Fred, Jim,
#ee¢ }«  "x" can be interpreted as representing
a person from the group under consideration.’

These fivst two rules of generallization are the
rules most comconly used in the literature on
computer induction. " Both rules cgan, however,
3:1 viewed as special cases of the following

e‘

111) CGeneralizing by Internal DPisjunction
Rule, A description san be penerallzed by ex—
tending the set of wvalues that & descriptor
(i.e. variable, function, or predicate) 1a per=-
mitted to take on in order that the description
i satisfied. This process involves an opera-

Variables Fule.
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tioT called the internal disfunction. For ex-
ample:

shape(x,square) K
shapesx.triang{e)

shape{x, (square or triangle or rectangle))
where statements on the left of |< describe

some single objects in a e¢lass, and the state=-
ment on the right i1s a plausible generaliza=
tion. '

Using the notarion of wvariable-valued logic
system VL [17] this rule can be expressed
somewhat mate compgetly:

[chapetxd-aquare] K

[shape(x)=square, triangle, rectangle)

he *,” 1n the expression on the right of the
< denotes the internal disjunction. Although
it may seem at fIrst gplance that ¢tne intecpal

disjunction 1s just a notstional abbreviation,
this operation appears to be one of the funda-
mental operations people use in generalizing
descriptions.

In general this rule can be expressed:
W[L = R1] |¢ WL = R2]

where W is some conditlion and where Rl and R2

are sets of values linked by internal disjunc-
tion, and, Pl R2. -

There are two important specfal cases of this
tule. First, when the descriptor involved
tskes on values which are linearly ordered (s
lioear descriptor) and the second when the

descriptor takes on values which represent con=
cepts at varicus levels of generality (& struc=
tured descriptor).

In the case of a linear descriptor we have:

i¥) Closins Interval Rule. For example
suppose ~Ewo objects of the same class have all
the same characteristics except that they have
different sizes, a eand b. Then, it {is plau=-

sible to hypothesize that all objects which
share these charactecistics but which have
sizes between a and are alse 1in this
class.

B [sizetxal [« v lstzetx) = aib)

In the case of structured descriptors we have:

v} €Climbing Generallzation Tree Rule. Sug-
pose thé value seéf of The shape descriptor is
the tree of concepts: .

fylane geometric figq{:f
polygon oval Yigure
trianéii

u
rectangle ellipse E:}rcle

With this rree strueture, wvalues such as trian-
ile and r&ctanfle ¢an be generalized by climb=—
ng the generallzation tree:

[shape(x)=rectangle] ) -
[Shageix)-trtnngie] '< [shape(x)=polygon]

1.5 Constructive Induction

Most methods of Induction produce descriptions
which involve the same descriptors which were
present in the dnirial data. These methods
operate by selecting descriprors from the fnput
data and putting ther into a form which i3 an
appropriate generalization. Such methods per- .
form non-constructive {nduction. A method per-
forms  constructive 1induction {f {1t includes
mechani&ms which can gemerate new descriptors
not Eresent fn the {input data. These new
descriptors are generated by applying rules of




constructive f{nduction. 'Such rules may be
written ss proecedutres or as roduction rules
and may he based on general knowledpge or on
problem-oriented knowledge (for .examples o
econstructive peneralization rules see [17]).
Constructive induction rules can iaterpret the
faput data in cterms of knowledge about the
problem domain, Frequently, the solution to a

toblem 13 dependent ‘wpon Einding the proper

escription for the problem; as In the mucrilat-
ed checkerboard problem. &n {nductive program
should contain facilities for constructive 4in=-
duction including a libra;g of general con=-
structive induction rules. e user should be
able to suggest new rules for the program to
examine. TIn ovder to activate those rtules
which would be most useful, the program must be
able to efficiently search the space of possi~
ble constructive induction rules.

Programs which perform construetive 1Induction
are more likely to find useful and dinteresting
patterns in complex data since they have the
ability to examine the data using many dif-
ferent representations.

1.6 General versus Problem-orfented Metrhoda

It 13 a common view that geperal methods of in-
duction although 'mathemaclcally elegant and
theoret{cally applicable to many problems, are
in practice very inefficient and rarely lead to
any I{nteresting solutions. This copinion seems
to have lead certain workers to akandon (at
least temporarily) work on general methaods and
concentrate on some speaific problem fa%ﬁ"
Buchanan, et. al. (1,2,3] or tenat [13]). isg
apftoach often leads to interesting and practi-
cel solutions. On the other hand, it is often
difficult to extract general principles of in-
duction from such problem-specific work. It is
also difffcult to apply such special-purpese
Programs to mew areas. '

dn_  attractive possibility for solving this
dilemma {s to develop methods which incorporate
various general principles of induction (in-
cludin constructive 4Induction) together with
mechanisms for using exchangeable packages of
problem-specific knowledge. In this way a gen-
eral method of induction, provided with an ap=-
progriate. rackage of knowledge, could be both
eas 1yfagil cable to different prohlems and
also efficient and practically useful. This
idea underlfes the development of the INDUCE
programg {14,17,4].

2. COMPARATIVE REVIEW OF SELECTED METHODS

2.1 Evaluation Critetia

We evaluate the selected methods of {nduction

in terms of several criteria considered espe-

§§811¥ important in view of the remarks in sec=—
oo l. =

ii Adeguacy of the representation language.
The anguage used 0 Teprasent Input data and
ocutput generalizations determines to & large
extent the quality and ussfulness of the output
descriptions. Mcthough 1t fs difficult to as-
Bess the adequacy of 2 representarion lan uage
cut of the context of some specific proﬁlem,
recent work 4n AT has shown that languages
which treat all phenomena unlformlg must sacri-
0

fice descriptive precision. r example,
researchers who are attempting to  build
patural-language systems prefer the richer
knowledge representations such as frames and
@emantic nets (with their tremendous variety of
syntactic forms) to. more uniform and ess
structured representarions such as attribute=-

value 1lists and PLAMNER-style databases, In
our own work on inductive learning, we have
chosen to use the represencation language vLZl
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(see below) which has a vider variety of aym-
tactic forms than our earlier Language VL.
Although languages with many syntactic forms Jo
provide greiter deseriptive " precision, they
also make the indection process more complex.
In order to control this complexity, a comprom-
fse must be sought between uniformity and rich-
neas of forms. In the evaluation of each

method, a review of the operators and syntactic

forms of each description language {s provided.

11} Rules of generalization iImplemented.
The genetalizafion rtrules Implemented in each
algorithm are listed.

111} Computational efficiency. The exact
analysils "ol the computational efficiency of

these algorithms is very difficult due borh’ to
the 1inherent complexity of the alporithms and
te the lack of precise formulations of the al-
ﬁortthms in_available publicationa. Fowever,
t seems useful to have some data comparing the
effictency of these algorithms even if that
data is spproximate an based on | hand-
simulations. To pet sama indication of the ef-
ficiency we measure the total number of
deseription generations or comparisons required
by ea:ﬁ method to perform a test example (sese
Fig. 1}. Ve .alsc measure Ethe ratio of the
number of outgut conjunctive generalizations to
the total number of generalizations examined on
this example. Since these numbers are derived
from only one éxample; it is not appropriate to
draw scronf conclusions from them concerning
the general performance of the algorithms. Our
conclusions are based Erimarily on the general
behavior of the algorithms. '

iv) Flexibilir and extensibilitv. Mere
conjunctive characteristic generallizatlons are
not particularly useful for conceptual data
apalysis because of their limired forwat and
thelr lack of formal mechanisms for handling
errorg In the input data. Tt i3 lmportant In
evaluating these algorithms ¢to consider the
ease witn which each method could be extended
Lo

a) discover descriptions with forms other

than conjunctive generalizations (see section
- ]

b) 1include mechanisms which facilitate

detection of errors in the input data,

c) provide a general faeility for incorfcrat-
ing domain-specific knowledge into the induc~
tion rocess 8§ an exchangeablae package
(Ideally, the domain—aﬁec'fic knowledge
should be isolated from the general-purpose
inductive process.), and

d) perform constructive induction.

It is difficelt to asssess the flexibility and
extensibility of the algorithms presented here.

Ve base our evaluation on the general ap-

groaches of the methods and on extensions which
ave already been made to them.

In the following sectlons, we deseribe each
method b{ h?resenting the deseription language
c

the

uaed, ske lng the underlying algorithm, and
evaluating the method 4n terms of the above
criteria. Tach method will be illustrated us-

ing the test example shown im Fig. l.
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