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DETECTION OF CONCEPTUAL PATTERNS
THROUGH INDUCTIVE INFERENCE

Ryszard 5. MICIHALSKI

University of lllinois
Urbana, IIi., U.5. A

Abgtract: The determipation of pattern tecognitiun rules is viewed as
a2 problem of inductive Infevenca, guided by semeralization rules = which
control the' generalizacion precess, and prepism kncwlodge rules - which
represent the wnderlyisg Ssmantics relzvant to the recognition problem
under consideration. The psper forruwlates the theoretical framework and
a-methed for inferring general aad vpcimzl {according to cerraim rriteriz)
descriptions of object classes frow euamples of classifica-ion or
partial descriptions. The language for expressing the class descriptions
and the guldonce rules i{s an extaenzion of the first order prodicace
calculus, called variable=valeed lozic caleulus ﬁrmH‘ dHuH involves
typed variables and contuains several new oferators, espeiially suited
for conducting inductive inference, such as selestor, fatemal disfunsiton,
tntemal conjunction, izepifon, genscmitaatizn.
Important aspects of che theory include: -
1) a formulation of several kizds of asneralization rules
2) an ability to uniformly and adequazely handle descripters f(fi.e.,
variables, functions and predicates) of different type (nominal,
linear and structured) asd of different arity (i.e., diffcrent number.
of arguments)
3) an abilitv t2 generate new descriptors, which are derived from the
initial descriptors thrcugh & rule-based srstem (i.e., an ability to
‘eonduct the so cailed eomgtructiva tndustiow)
&) an ability to use the semanticz underlying the problem under
consideration.
An experimencal computer imnlementacien of the method is
briefly deseribed and illustrated by an example.

Index Terms patiern recognition technigues, knowledge acquisition,
generalizacion methods, inductive infcrence, learning
from examples, pany-valved loziec, plausible inference,
computer consdlting systems, theery formation

1. INTRODUCTIGH
A pattern recognition rule can be viewed as o rule
DESCRIFTICK ::» RECOCHITINY CLASS (1)

which assZgns o sirwation (an object, a precess eco.) to the RECOGHITINE

.H—..wm r.n_..r.. Wy
Grant a¥ =

CLASS, when the situation satisfies the DESCRIPTION. In the decision
thesretic approach the DESCRIFTION is an analytical expression involving
a et of numerical variables selected a prlori. Variables spanning the
decision space are treated uniformly, are usually assumed to be measured
on at least an inteprval scale, and are desired te be relevant and {nde-

_ Pendent n:uwﬁnnwnmmnunm of the objects. .When the varfables are strongly
interconnected and/or the relevant abject characteristles are not numerical
variables but various relations among cther variables, or aDOTg pacts or
gubparts of objects, then the decision theoretic approach becomes inade-
quatce.  In suth sitwations the structural nuuﬂnrnz ﬁmL be wseful.

In the structural (or syntactic) approach, tha DESCRIPTION is
a formal grammar {usually a phase-structure grammar) 1in which terminals are
certain elementary parts of objects, called 'primltives’'. The types of
relationships which can be expressed "nmaturally" in terms of a [ormal
Erammar are, however, quite limited. If the relevant characteristics in-
clude, for example, some numerical measurements fn additfon teo relations
and symbolie concepts, then grammars invelving them are VErY cumbersoma
or inadequate. This iz a strong _HIMwunmnn. because in many probless an
adequate class deseription requires both swumerical characterizations of

; objects and a specification of varlous relationships ameng properties
of objects andfor of object parts, i.e.,

involve deserintors of mixed arity* and measured om different ccales.

—_——

r
*"arity' = the oumber of arguments of & deseriptor. Unary descriptors
are called attributes, or, generally, variables. Two or moTe ITGUmMENE
deseriprors with the value ser (TRUE, ALSE) are called predicates.




To overcome this limitation attributed grammars were proposed [1]. Both the
decision theoretie appreach and the syntactic approach make a litele use of
the underlying semantics of cthe problem under censideration, and therefore
the scope of patterns they are able to discover is limited. Alse they

tend to produce descriptions which are not easily comprehensible by humans,
#5 they do not directly correspond to the 'natual language type' descrip-
tions which human experts would develop observing the same data, and which
they would "ub_.._.pﬂ:.u_ like to wse. Although in many applications "human
comprehensibility’ may not be important, in other applications {e.g., in
expert n-vl.u.._n.mn consulting systems) it is crdeial.

This paper presents results, still early and limited, of an attempt
to ﬂ.n_._.ﬂ_.cm. a unliform conceptual [ramework and an implementation method wuich
appropriately handles descriptors of different type, is able to use the
semantics of the problem and sstisfics the requirement of human comprehensi-
bility. Another aspect of this method is that the final descriptions which it
produces may involve new ._._-nw..-...mn._na_n.m {variables or relations) which were not

included in the initial nrmnbnnmmunm.nuo.. of objects, This is achieved

through the application eof 'metarules' which represent the underlying knowledge

of the problem at hand and of the properties of descriptors used in Formulat-
ing the descriptions of exemplary data. The presented nrmﬂnq uses as a

as a wmmm=wmn for muunnan»=m:wrn npwmm.nmmnnawﬂpasu and rules an exXtension of
the first order predicate calculus, called varlable-valued logic system Vil
and is most closely related to the bodv of work termed computer industion.
The ability to develop new descriptors (variables, predicates, Functlons?

in addition te those given a priori, places this work in the category of

what we call 'constructive induction'#*, as opposed to "non-constructive

induction', in which the final descriptions relate only descriprors imftiallv

provided.

*
The author thanks Larey Travis of the University of Wisconsin for suggesting
thiz name.
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2. BELATED RESEARCH

It would be a very difficult task, reguiring more space
than provided, to characterize adequately various important con-
tributions te computer induction. Therefore, we will make here only a very
limited and certainly not adequate review of some more recent works.

A dissatisfaction with the early work on general methods of
induction {in the early sixties) led some workers to concentrate on Inductive
tasks within a specific problem demain. For example, programs collectively
ealled METADENDRAL [2] use a model-directed heurfstic search to determine rules
that describe the molecular structure of an unknown chemical compound frem
mass spectrometry data. Im [3] Winston describes a method for deter-
wmiping a graph description of simple bleck structures from examples.

A program developed by Lenat [4] generates cencepts (represented as
collections of apriori defined properties) of elementary wmathematics,
under the guldance of a large body of heuristic rules. Soloway and
Riseman [5] describe a mechod for ereating multi-level descriptions
of a part of a baseball game, starting with'snapshots' of the game,
and using rules representimg general Fnﬂspn.nmm of the pame,

The program: such as thosec mencioned above usually incorporate
& large body of task-specific knowledge and tend to perform quite well
on tasks they were designed for. They demonstrate agaln that high
performance requires specialized solutions. On the other hend, it is
usually not easy to determine the general ideas they contribure to the under-
standing of inductive processes. Also, it is difficult to apply such

methods directly to ocher problem areas.



A significant part of research has beem concerned with determining

, Waterman [T]. Simon [6)

patterns in sequences of symbols (e.g., Simon
found that descriptions of such patterns consistently incorporate only a few
basic relations: ‘'some' and "next' between symbols, iterations between
subpatterns, and hierarchic phrase structure, Gaines [B] developed a method
for generating finite-state automata, which approximate a given nu..srnu.. string,
and represent different trade-offs between the complexity and poorness—of-
fit, Shaw, jwartout and Green [9] developed a progras for inferring Lisp
code from a set of examples of LISP statements. Also, Jouannaud
Guiho and Treuil [10) have developed an interactive svaten waich ean 2ufer
a clags of LISP linear recursive functions from a set of examples.

The above works are related to the general subject of grammatical
inference (i,e., inference of a grammar which may have produced a given
set of strings). Early work in this area was concerned with the inference
of a phrase structure grammar (e.g., Feldman et al. ::._. More recent work
moves into inferring "oulti-dimensional' prammars (e.g., work by Brayer
and Fu [12]1

In recent years there has been a new trend toward the development
of general methods of inductien.

In previous papers the author and his eollaborators [e.g., 13,14,
15] have described a methodelogy and computer programs for learning
optimal discriminant deseriptions of object classes from examples (in the
framework of an extended propositional calculus with many-valued wvariables
ecalled 5..._.“. Examples are presented as sequences of attribute-value pairs.
Each attribute has an associated value set and type. Work in a similar
mﬁwnwn‘ although more limited in scupe, was reported by Stoffel nkm_.ﬁnzm
elementary statements used there are restricted to the 'varlable-value'
forms, i.e., to elementary selectoras as describec 1n Sectlen 4).

An ecarly work which recognizes the need for logic style descriptions

for pattern recognition wes done by Bancrii {17]. A mere recont conticuation

of this work is in Banerji [18], and Cohen [19], whe developed a logic-based
description language CODE utilizing LISP=like motation.

An important problem of induction, that of empipical predistion,
was studied by Zaporuike [25], whe developed a general method of "strengthening
hypotheses" by narrowing the uncertalnty ranges of values of output
variables. Hendrick [26] developed a methad of learning of production

systems describing symbol series using a semantic net of predefined concepts.

Many authors use a restricted form (usually quantifier=free) of the
first-order predicate calculus (FOPC) or some equivalent potation as the for-
mal framework for expressing descriptions amd hypotheses. Morgan [20]
describes a formal method of hypothesis generation, called E-
resolution, which stems from deductive resolutdon principles. WVaridous
theoretical issues of induction in FOPC were considered by Plotkin [21].
Fikes, Hart and Nilsson [27] deseribe an algorithm for generalizing
robot plans. Hayes-Roth and McDermott (e.g., [231), also Vere [24],
describe mechods and computer programs for generating conjunctive
descriptions of least generality (which they call 'maximal abstractions'),
of & set of objects reprosentad by products of n-ary predicates. The rulez
of generalization ermnr they use can be characterized as "dropping a
condition' and 'turning constants into variables' (see section 5,13,

This paper presents a theoretical framework for generalizimg
and optimizing descriprions of object classes in the ferm of decislon
rules. The decision rules can invelve descriptors of three different types;
nominal, linear and structured , employ some new syntactic forms, end use
problem knowledge for guiding Induction and generating ncw descriptors.

The formal motation 1s a modification and extension for FOPC, called
varlable-valued logic system .—..rm_._. This formalism is clained to he more
adequate than the traditiomal FOPC as a conceptual framework for describing tre
inductive pricesses under consideration. The papc. is an extension

and modiffication of the report {27), ard stresses :oe conceptual principles



of the induction methed, rather than specific algorithms and implementation

details. Most of the latter are described in [28, 29, 30].

3. PROBLEM STATEMENMT

A VL transformation rule is defined ag a rule

H.Hwﬂ_ﬂnm.—.nna: ﬂv cmmnHHmHHDzw

where DESCRIPTION., and DESCRIPTION, are expressions in VL

1 2z 11

=D stands for various transformation operators which define the meaning

of the rule. '

A DESCRIPTION may look like:
va.vu_”ma_._lno_.nmh..uuu:uuuu.ﬁu..__.u..u..u_Hnu_nn.nvuuuv._.:m...._,_wwhnz.dn& A
’ 2 Hwnun—.:n_ﬂu ’ ﬂm._.mﬂ;uuu..unm:q

where
#+ the range cpecator

v {after the equality sign) denctes the {ntermgl diszjunotion

* denotes the tntermal conjunotion,

(For explanation of notation see section 4).

- We will consider here the follewing transformation operators:

(1) r:» the operator defines a decision rule. ummowumﬁ_ﬁw
specifies a decision {or a sequence of declsions) which is

assigned to a situation which sacisfies uanﬂwH-E‘.H.

{In the application to patrern recognition, ummnﬁmﬁnzu

defines the recognicion class.)

If a situation does not satisfy the ummhnnm-:n_z.—._ the rule assigns

to it a NULL decision.

(11) = the operater defines an inference rule. If a situation
satisfies uﬁmnm,q.—_ﬂuﬂz_.. the rule assigns thr truth-status ‘TRUE'

to Hmﬁnmmm.—_mnzm. otherwize the truth-status of ....mn.nmnm_q.ruzu

(2)

system (section 4),
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is "?'. (In an inference rule omanHm.H.ch.H is called the

condition and DESCRIPTION, is called the consequence.

{144) | the operator denotes a gemgralization rule, which states

that the DESCRIPTION, iz more general than ummnﬁ_ﬂnz_..

1.e., the set of situations which satisfy umwnﬁﬂ.uczu
is a superset of the set of gituations satisfying unmnwmﬁnuz—.
(1v) | the operator denotes an equivalence preserving

rule (when the above mentioned sets are equal}.

The rule is a special case of a generalizacion rule.

The problem considered in this paper is defined as follows,

® Civen gre:

(&) a set of VL decislon rules, called data rules, which
specify inicial w:aawnunmlﬁ&? about some situations
(objects, processes, ...) and the recognition class,

hm. associated with them:

EEL S A 3 L
T .._..H h_: *E e Cipp 417 N
i Ty 3% Ky Cpp 222 Ky eenns Cypq 112 K,
. 3

ﬁi» e m._._. ﬁlm ] nn_ [ n.awl HEE .al



(b) The problem knowledge rules which represent the background knowledge
about the recognition problem under consideration, This knowledge
includes the type of each descriptor used in the data rules, its
value set, the problem censtraints, the relatlonship among deserip-
tors that reflect the semantics of the problem and vardews construc-
tive generalization rules (sec. 5.3).

(¢) a preference eritericn, which muu.ES._ two "comparable' sets of de-
cislon rules specifies which cone is more preferable, or states that
they are equally preferable.

® The problem is te determime, through am application of gemeralization
rules and problem krowledge rules, a new set of decision rules called

output rules or hypotheses :

(] T .- 1 ..

....:. > kw. n..E, ot H.._.,. npﬂ. ] J.

C!o1s K Ol s By aew Y niw -

a2 o 2 2ry 2 w
-

sy e -

n.u._.. 333 au. n.lm 11> H-_L_ n.hq__a 1L .__..n

which iz most preferable arcong all sets of rules that witi regard to the
_.um_..cn rules are consistent and complete.

- The output rules are eonsisient with regard to input rules, if for
any situation to which the foput rules assign a non-HULL class, the ocutput

rules assign to it the same class, or the NULL class.
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The output rules are complefe with regard to input rules, if for any
(situation to which the input rules assign a nen-MWULL class, the output
rules also assign to it a non-HULL class.

It is easy to see that if the output vules are consistent and
complete with regard to the input rules then they are semantically equivalent
.n.“_..u...wwﬂ.w: ._n_.i same decision to the nmEM\ situation) or more general than
the input rules (i.e., they may assign a non=NULL class to situations to
which the Input rules assign a NULL class).

From a given set of data rules it Is usually possible to decive
many different sets of outpuc rules which are consistent and complete and which
satisfy the problem conatraints. The role of the preference

eriterion i{s to select one {or a few alternative sets of rules) which is

most desirable in the given problem domain, The preference criterion

may refer to, e.p.:
® the computational simplicity {or complexity) of the rules
® the cost of measuring the information needed for rule
evaluation

® the degree-of=fit to the data.

In this paper we accept the restricticn that the DESCRIFTIONs, ...._ﬁ, and
__.....—h._ﬁ.. are disjunctive simple ___HNH expressions {section &). Such expressions
have a very simple linguistic¢ interpretation, and seem to be of interest to

many spplications.
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4, VL EXPRESSIONS AS DESCRIPTIONS
4.1 Definition of cﬁuu
Data tules, hypotheses, problem r.nnr._.nn_.m_m tules
and generalization rules are all expressed using the sase formalism,
.n:ﬂn of variable-valued logic calculus chPLw dﬁmw iz an extension
of predicate calculus designed to facilitate a compact and uniform
expression of descriptions of different degrees and different types
af NEHQH.“.HHHHOB.. The formalism also provides a simple :..:.m.__uﬁ.w.n.—_m b...mn-.;r.
vmnmnnwum of descriptions without losing the precision of the con—
ventional predicate calculus. To make the paper self-contained, we
will provide here a brief description of .____.rm_u
There are three major differences between _r_.__.u.w and the first

order predicate calculus (FOPC):

1. 1In place of predicates, it uses selectors (or relational
atatements) as basic operands. A selector, in the most
general form, specifies a relationship between one or
more atomic functiens and other atomic functions or
constants. A common mmﬂB of a selector is a test te
ascertain whether the value of an atomic function is &

i

quunnrnun constant or 1s a member of & set of constants.

ﬂ The selectors represent compactly certain types of
logical relationships which cappor be directly represented
in FOFC but which are common in human descriptions. They
are particularly useful for representing changes in the legree
of generality of descriptions and for syntactically un.form

treatment of descriptors of diffecent cypes.

;ﬂru—. 1= & subsc, vf a more complete system VL, under development.

2
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2. Each atomic function (a variable, a predicate, a functien)
is assigned a value set (domain), frem which it draws values,
and its type, which defines the structure of ﬁam.mmwcm set (see p.5.2).
This feature facilitates a representation of the semantics

and the application of generalization rules appropriate

of the prob
to the type of descripters.

3. An expression in ﬂﬂmw can have a truth status: TRUE, FALSE or
T (UNKROWH) .

1" provides an interpretation

of a VL., deseription in the situation, whem, e.g., outcomes of

21

some measurements are not knowm.

Definition 1: An atomie fumedion is a variable, or a function symbol followed

by a pair of parentheses which enclose a sequence of atomic functions
andfor constants. Atomic functions which have a dafined interpretation
in the problem under consideration are called deseripiors.

A eongtant differs from a varfable or a function symbol in that

itas value set is empty. If confusion is possible, a constant is typed
in quotes.
Eramples

Constants 2 * rad

Atomic forms: x, color(box) on-top(pl,p2) E(x,,8(x,))

Exemplary
Value sets: D(x;) = {0, 1, o 10}
- D{color) = {red, blue,...]
D{on-top) = [true, false}
D(f) = {0,1,..., 20]

Definition 2: A selector 1s a form

fL & R] . (5)
wvhere L - called referes,is an atomic funetion, or a sequence of atomic
functions separated by ".". (The operator '.' is called the internal
eonjunction. ) :



# - is one of the following relatiomal operatcrs:
=43 <> <

B - called reference, is a constant or atemic function, or a
sequence of constants or atomic functions separated by operator

t.Wer '.."'". (The operators '," and ',.' are called the

internal disjunction, and the ronge operator, respectively).

A selector in which the referes L {5 a simple atemic function and
n._...n. reference R is a single constant is called an elementary selecior. The
selector has mﬂ:ﬂﬂtmnmncm TRUE {or FALSE} with regard to a situwatiom Lf the
situation gnﬁmuﬂmmm {doea not satisfyl the selector, i.e., if the referee L

i {is not} related by # to the reference . The selector has the truth-

status '

7' (and is interpreted as being & guesifon), if there is not sufficient
information about the values of descriptors la L for the given situatlon.
Iastead of giving a definition of what it meads tnat

'L 18 related by # to R', we will simply explain this by examples. (See section

scction 5.1 for more details). ¥ :
Llinguistic description ,

(1) [eolor(boxl) = white] color of boxl is white
(11) [length(boxl) > 2] ) length of rn_u.a-. is greater than or equal to 2
(111) [weight(boxl} = 2,.3] weight of boxl is between 2 and 5,
{1v)  [blood-type (P1) = 0,A,B] blood-type of P1 i5 0 or & or B
(v} [on-top (boxl, box2} = T] boxi is on top of box?
or simply
[on-top (boxl, box2)]
(vi)  [above(boxl, box2) = 3"] box 1 is 3" above boxZ,
(vidd) [weight(boxl} > weight (box3)] the weight of boxl 1s greater than the
welightof box3
{1x)  [length(boxl} + length (box2} = 3]* the length of boxl and box2 1is 3
(x)

Hnuﬁnnwhv + type Amwu = A,B] the type of w_. and the type of e,

is either A or B..

Kote the drect correspondence of the selectors to Iinguistie

descriptiona. MNote also that some selectors can not be expressed in FOPE

in a pragmatically equivalent form {e.g., (iv), (ix), (x)).

*This expression is equivalent to [length({box1)=3][lengti "box2)=1].
'." 1s called the interna! conjunction).

(The operator

A .__.H.NH expression (or, here, simply VL expression) is defined by

the following rules:

(1) A constant TRUE, FALSE or "?' is a VL expression
(41) A selector is a VL oﬂmnﬂuum.ru-.
(1i1) If ¥, ¥, and V, are VL expressions then so are: -

v} formela in parentheses
. -V inverse
v A ¥, or ¥V, conjunction
v ) v, disjunction
_._.-/_ v, exception (V) except when V,)
__.—n.v{n metaimplication

vhere=rE (4, =, 1>, =, k., |}
(implication, equivalence, decision assignment,
inference, generalization, semantical equivalencs
mxu.xu....uxwﬁc”_ existentially quantified expression

txp.xu..._lnw_n.._u. universally quantified expression

A VL formula can have truth-status TRUE (T), FALSE (F) or UNENOIM(?).

The interprecation given to connectives |, N, V, +, is defined in Fig. 1. (This
interpretation is consistent with #leen-Kdrner 3-valued logic). An expression

with the operater =, | or |k is assumed to always have the truth-status TRUE

and with operator ::>, TRUE or 7. Ovnumnon_u!.

and * are interpreced:

_..___/_ ._._.u is equivalent nJ:m.EH.:.____ui...c j

1

:._. * _:_n is equivalent to n_cH.L._.Nun__._.m...e_

..__"_

The interprctation of the VL formulas iz done in the contex of each
situation. This means, that each situaticn is treated as a domaln over
which the formulas are md_h_:b...un_" the value sets of the quantified
varlables and the Interpretation of the functions 3md predicates is denme

individually feor each sitwation.
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Thus the truth-status of

TRUE {FALSE}
Hx(¥) 1s

TRUE (FALSE}
Vx(v) 1s

{f there exfsts { does nolexist } a value
ef X" {in the given situation Eor which
the truth=-status of V is TRUE

if it is not known whether there exists . . .

if for every value of x in the situation
the truth-status of V is {is not} TRUE

if it is not known whether for every . . .

A constant * {'irrelevant') is introduced to substitute for R, in

a selector [L = R], when R is the sequence of all possible values the L can

take.

A VL expression in the form

QFQFpeee (B v By vi..v P)) n

where nqﬁ is a quantifier form muw.xu..., or .qxd..am__... and u.» is a con-

Junction of selectors (a term), is called a disjunctive simple VL expresslion

{a DVL expression).
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5. INFEREHCE AND GENERALIZATION RULES

5.1 Interpretation of Inference Rules

An inference rule

unmnw._..n.ﬂnozu. - n_mmn._wwm_—.ﬁo“zm (8)
is used by applying it to sifustiona. A sftuation is, in general, a source
of uu.mu-.im.,.m.u.n about values of variables and atomic functions in DESCRIFTION
(the eondition part of the rule). A situvation can, e.g., be a data base
storing values of wvariables and procedures for evaluating atomie functions,
or it can be an object on which various tests are performed to obtain these
values.

A decision rule is viewed as a special case of an inference rule,
when DESCRIFTION, (the consequence ot decision part of the rule) is a con-
stant, an m._.nlmunmﬂw selector, or & product of elementary selectors fnmvolving
decigion variables (L.e., the ummﬂhﬁm.nnuzu uniquely defines a decislon or
a8 sequence of decisions). The truth status of the condicion and decision
part of a rule, before applying it to a sitwation, is assumed to be UNENOWN.

Let Q denote the set of all possible sitvations under consideration.
Te characterize sitvations In , one determines a set 5, called the descriptor
#et, which consists of varlables, predicatesand atomic functions (called,
generally, &nhﬂ#mﬁnauﬁr whose specific values can adequately characterize
(for the problem at hand) any specific situation. We will assume here
that theagunents of atemic functions are single variables, rather
than other atomic functions, A situation is characterized by an event which
is a sequence of assignments (L:=v), where [ is a varfable or an atomic function
with specific values of arguments, and v 15 a value of the variable or atomic
function which ehaczcterizes the situatfon. Tt 18 assumed that each descriptor

has defined a value s.' (domaire) which contains all possible values the



descriptors can take for any situwation inm Q. Certaim descriptors may not
be applicable to some situatfons and therefore it is assumed that a
descriptor in such cases takes value NA, vhich stands for mot applicable.
Thus, the domalns of all deseriptors always include by default the value
2.... The set of all possible events for the given descriptor set § is called
the event space, and denoted &8(5). The domain of quantified variables are
assumed to be determined by a given situation or object., E.g., 1f the
quantified ....“ur;_pm is a part, then its values are assumed to be individual
parts of the object. In an event describing such an object, there will be a
sequence of palrs (L &= V). i=1,2,..., where L is a quantified wariable,
and __mh stands for different values this wariable takes in the cbject.

An _uaﬁﬂﬂ"_ g€ B(5) is said to sotisfy a selector —n_nhu.....sru_ #r)
1Ff the valua of function f for values of %04 =1, 2, ..., k, a5 specified
in the event &, is related to R by #. For example, Ehe event

er [...x

™ 5 L.

5378y Xgimay, Fagla,, a,)
satisfies the selector:

[£ Nm_.w =1, 3, 5]

20 %5

A satisfied selector 1s assigned truth-status TRUE. 1If an event
does mot satisfy a selector them the selector is assigned truth-scacus FALSE.
If an event does not have enough information in order to establish whether a
selector is satisfied or not then the selector has UNKNOWN truth-status
with regard to this event.

Let us assume first that tecondition part of an inference rule is
a quantifier-free formula. Interpreting the connectives 4, A, V, as
described in figure 1, one can determine from the truth status of selectors
the nﬂ:n_...un.,nnnu of the whole formula. An event is =aid to asatisfy a rule,
1ff an application of the conditfon part of the rule to the event gives the

formula etruta-status T4UE. Othorwise, the event is said to not satisfy

the rule.

Suppose now that the condition formula is I{n the form
Axl(V)
An application of this formula to an event assigns status TRUE te the forsula
1ff there exists in ¢ a value assigned to x such that V achieves status TRUE,

For example, the formula

dpart [color (par:) = red]
ig satisfied by the event: £
e = (... part:=P1, color (Fl):=blue, part:=P2, color (P2):=yellow,
parc:=P3, color (P3):=red...)
If the condition part is a form
¥x(V)
then it is assigned status TRUE if every value of x in the event applied to
it satisfies V.
If the condition part assumes truth-status TRUE then the decision

part i{s assigned status TRUE. When the deeision part reaches status TR

then variables and functions which occur in it are asswmed to have values
which make this formula TRUE. Thesewvalues may not, in general, be unique,

For example, suppose that V is a decision part with status TRUE:

Vi :_._?_.J_ = 2y = 2--5)x,=7]

V i= interpreted as a description of a sitwation in which p has walue 2 (if a
specification of m_?-.:% is known, then {rom it we can infer what values of
= and X, might hal, %y has a value between 2 and 5, inclusively, and % ha:
value 7. (Note that the formula does not give precise informatlon about che
value of x..} After applying a formula te an event, the truth status of the
condition and decision part returns te UNEZIOUN. "\ role of an i=ference rule

can then be described as follows: the rel: 12 s;plidd to an cvent, and i the

event satisfles the condition part, then an assignment of wvalues to wvarlables
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and functions is made as defined by the decision part. This assipnment
defines a mew event (or a set of events which satisfy the decision part).
Another inference rule can nowbe applied to this event {or set of events),
and if satisfied by it (or by all of them), a new assignment of values to
pome varlables and functions can be made.
Examples of VL inferepce rules:
_vnau.nuu = 3lalxy} = H.u_ﬂxu 0] = mnﬁmwu - q_ﬂwﬁqu.ﬁmv = 2]
Hug([plxy,xq) = 2..3]0[q(xg,xq) = 210V [E(x)) = 1] = [d{y;) = 7]

TRUE = mdnuu_LJu_ = M:x._. = 2,3,5]

5.2 Specification of the problem environment in the form of inference rules

Types of deseriptors

The process of generalizing a descriptilon depends on the type of

descriptors used in the deseriprion. The type of a descriptor depends on the

structure of the value set of the descriptor. We distinguish here among three

different structures of a value set:

1. Unerdered

Elements of the domain are considered to be independent

. entities, nao structure is assumed to relate them. A
variable or function symbol with this domain is called
nominal (e.g., blood-type).

2. ILinearly Ordered

The domain is a linearly nrdered set. A variable or
function symbol with this domain is called Linear
(e.gi, military rank, temperatura, waight).

3, Tree Crdered

Elements of the domain are ordered into a tree structure.
A superior node in the trec represents a concept which

is more general than the concepts represented by the
subordinate nedes (e.g., the superior of nedes "triangle,
rectangle, pentagun, vtc., may be a "polygon'). A wariable
or functien symbol with such a domain is called struetured.
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Each descriptor ( a variable or functionsymbol ) is assigmed
ite type in the specification of the problem. In the case of structured

descripters, the structure of the value set is defined by inference rules

{e.g., see eqa. (13),0(14),(15)).

In addition to assigning to each variable and fupction symbol a domain,
-
one defines properties of wvariables and atomic Functions characteristic for the

glven problem. They are represented in the form of inference rules. Here are

a few examples of such properties.
. l. PRestrictions on Varlables

Suppose that we want to Tepresent a restrictfon on the event
space saying thac 1f a value of variable x, is 0 ('a persecn

does mot smoke'}, then the variable x, is Linot applicable’
_“M|ru_._..n_o_.n._..wwqm_..ﬁmnn_.n_.nnmn._-m!u__ﬁaw.ﬂ—:.m_.uumuuur

sefited by a rule:
x _uunElhuulz._..”_
HA = not applicable
2, Relationships Between Atomie Functions
For example, suppose that for any sitwation in a

given problem, the atemlc function lx.__.__ sm:__ is

always greater than the atomic function g(¥ o 1 B
We represent this: Ll

u.!..__x-.Nm _“mnwu.. x,) 2 wﬁx.—. xyh]

3. Properties of Predicate Functions

For example, suppose that a predicate function is transitive.
Wy represent chis:
qxw-ku.uua_pnm:xu.xuu__”_.eﬁ:hu.:u: = _.._.nmn__..xp.uu:v

Other types of relationshipa eharacteristie for the problem
environment can be represented similarly.
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5.3. Generalizacion rules I

The transformation .a.m data rules (3) into hypotheses (4) can
be viewed as a process of applying certain generalization rulea to
data rules. A generalization rule transforms one or more decision fules
asgociated with the same generalization class (which, in our case, is
the same as recognition class), Into a new decision rule, which is
equivalent to or more general tham the initial rules.

A decision rule '

Vi K (s)
is equivalent to a set of decision rules

v, se> Kb 1 =1, 2, ... (10}
if any event which satisfies at least one of the ._.p. [ -
satisfies also U, and conversely. If the converse is not regquired, the

rule (9) 43 said to be more gemeral than (10).
one ar

moTe

The generalization rules are applied to data rules under the sk
T

condition of preserving consistency and completeness, and achieving
optimalicy nnnnu.___:n. te the preference criterion. A baslc property of a
generalization transformation is chat the resulting rule has UNKNOWN
truth-status (is a Aypothesia); its truth-status has to be tested on
new data, .

. Below 1s a list of a few basic gemeralization rules (¥ denotes

a generalization class).

Hon-constructive rules:

(1) Dropping Condition Rule
If a description is a Humnn...-. product of conditions which
must be satisfied, then one way to g-neralize {t is to drop nne

or more of these conditions. For exampie:

(11)
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[size (box)=smalll[color (box)=blue] ::>k ¢ [size (box)=small] ::k
This reads: the description 'small and Llue box' can be generalized
to 'small box'. (| 1s the generalization operatur.}

In general this rule can be expressed:
WIL=R] 5K |¢ W i> g

Ll
vhere W- an arbitrary descripfion.

This rule is generally
applicable (the type of L does not matter).

Turning Conatants to Variables Rule
When we have two or more descriptions, each referring to a
single cbject in a class, and the deseriptions differ in
having different constants in the same predicate, then they
can be generalized inte one description with an existentially
quantified variable in the place of the constants:

Wlp(a,1)] 22> K

¥lp{b,Y1] :

X kax wpten)) sk

VIp(1,1)] 10> K

where p = is a predicate
¥ = stands for one or more arguments of the prediecate p
For example:

[IMSIDE (ball, box)] ::»f
ax [INS1DE (X.box)] > K

[INSIDE Ceup, Box) ] i3k

The generalization (on the right of k) states that if an
object is a BOX which has gomething inside, then Lt belongs
to class K.

ihis rule together with the dropping conditiom rule are

twe basic generalization rules used in the literature on
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computer inductiom. Both these rules can, however, be viewed
as special cases of the following rule.

Generaltzation by Intermal Disjunction
{The Extending Referenca Fule)

A description can be peneralized by extending the set of values
that a description (a varlable, predicate or a fundtion) is
_I._._.Hut_nn to take on in order tham an objeet satisfies the
description. This extension is expressed by the internal
disjunction (def. 2) (i.e., logical OR involving values of
the same variable). For example:
EmnuH..-H (wall) = blue] ::> K

Wleolor(wall }= blue,red,green...]
Wleolor (wall) = red ] 11> K

.G._ﬁ...- denotes internal disjunction)

In general we have:

WL = __.._“_ us K WL = mmu s K

wliete L = is an atomic functlion

ﬂu._ NH - u.%.__fmpn_nanww. i.e., subsets of values from the domain of
L expressed as internal disjunction and R CR,,

Although the internal disjunction seems atr first plance to be

Just h.. notational abbreviation, this operation is one of

fundamental operations people use in wn:ann:wugw descriptions.

In addition to the previous two rules, there are two more

important speclal cases of this rule. First, when the descriptor

invelved takes on values which are linearly ordered (a linear

descriptor) and the second when the descriptor takes on values

which are natural language comcepts representing different

levels of peneralitv (a structured descriptor).

In the case of a linear descriptor we have:

(iv) Closing Interval Fule ’

()

one or
more
rules

For example, suppose two objects of the same class have all the
same characteristics except that they have different sizes,

a and b, Then, it iz plausible to hypothesize that all cbjects

which share these characteristics but which have sizes between

a and b are also in this class.

Wlsize(xl)=a] :::k
Wlsize(x) = a..b] ::> g
Wlsize(xl)eb] ::38

-In general:
F[L = a] ::> X
FIL = a..b] ::> Xk
FIL = b] z:> & bas

This rule is applicable only when L ie a linear descriptor.
In the case of structured descriptors we have:

Climbing Generalization Tree Rule

Suppose the value set of the shape descriptor is the tree (in

general it could be a partially ordered set):

\.\h plane geometric -.__.wcnnm.lllllllilu

lygon oval figure

N A

triafgle ellipse ... circle
With this tree structure, values such as triangle and rectangle

pentagon

can be generalized (by "clisbing the generalization nﬂnm_“_ into a
pelygon:
(shape(x) = rectangle] ::sx u

(shape(x) = poi
[shape(x) = triangle ] ::>& K gatypen]] 25 _h

5s

A general rule fs:

FIL = aj s> K

¥IL = b] [L=s]:0> i

WL =4] ::» &
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..n_ﬁwu L is a structured descriptor .
o Bappa: e wapaiat walk (: GHOBERE §E the " This rule is very useful in generating the discriminant descriptions
. aest A Latel o el A B i T of object classes (see next section). It is one of the basie _ET__ used
. i b Rty o in the inductive program AQVAL/1 [14], whose version is used
The rule is applicable only to selectors involving structured as a basic procedure .:... program INDUCE 1.1 deseribed in sectionm 6.2,
descriptors. This rule has been used, e.g., in [3]. [4], [2s]. : nnnu,nu.cﬂn:._.n m::m." o ’ A *

B

Constructive rules generate generalized descriptions of the data

() Lb_,l_..nw.n_.—mm_.n.a.mmhm:wn. Fule

rules in terns of certain new descriptors (metadeseriptors or derived

This rule applies when a desription is beimg generalized in the deseriptors). There can be very many such rules. We will restriet

presence of another description, representing the 'negative examples' ourselves here to two exanples. Some constructive rules are encoded

of the given recognition class, The latter description provides an as specialized procedures.

obvious limit for the generalization of the given description, since (vl) the counting rule

these two descriptions should not intersect im order to aveld in- s
) !mmnnlvcnn_._:u“_.“_ :_...Mnﬁniﬁ_:nnu_ﬁwv-r—?nn:w:nm_nwri.ii...

n:uh.*.wwmuhw,, For example:

2P, P, (lon-top(p,p )} 1 [colorip, J=red]) 5+ K ..._n..._.rl.!_-n-.nmuu tA) o> K¢ WIIR ateribute, A=k] @3> K

-
<
Py Py ([1eft-of(p ,p,) ] [color(p, )=green]) >

= are constants denoting, e.g.,
parts of an object

2 Mu—._s“_.n.wﬁ_u._.u # green] *:> K

The description produced by the rule: 'There exists 12 whose coler wnpn:u:nmh - stands for a cortaln attribute

of P;-s5, e.g., color, size,

L]
is pot green' is the most general statement which satisfies both texture , ete.

£
premises on the left of . i ‘WHH_F:..:.E-I» = denotes a new descriptor inter-

preted as the "number of P,-s (e.g.,

In general the rule states: parts) with attribute equal A'.

=) E ]
WollL =R ] > K _ .. i .
h .H _

L + :Nu ___.__hn.vu..n.unm::w.mEhnownlmmuiwmzHnu‘.n....“_.wururc.ﬂ_"u_m
E WP _color_red=2] ::» K

r..m—r - nu_ RS
where R g, * i %
L

3 . ihc nwm:..n iz a penerzlizazien rule, because -
._"._h AT &u = arvitrary descriptions. . two red parts iS5 a suserset of

red and one part which is blue)

set nf nkdaste wipth any
a cet of objacts with twe parts which are
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(vii1) the gemerating chain zroperties rule

If the arguments of different cccurrences of the same zelation

in an event are linearly ordered by the relation (e.g., are

objects ordered linearly by a relation ABOVE, LEFT-OF, NEXT-TO,
CONTALMS, etc.), that is form a chain, the rule generates descriptors

which characterize various objects in the chain, for example

L5T+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)
H5T-object ¢ the "most object', i.e., the abject at the end of
the chain
the "middle’ ohject
the ith object in the chain

HDL~object
Lth-object

or characterize the chain itself, for example the chain-length.

5.4 The preference criterion

The preference criterion defines what is the desired solution
to the problem, i.e., what kind of hypetheses are being sought. The
queation of what should be the preference criterion is a broad subject
beyond the scope of the paper. We will, therefore, discuss __n_nn only
the underlying ideas behind the presented approach. First, we disagree
with many authors who seem to be searching for one universal criterion
which should guide inductiom, Our position is that there are many di-
lﬂiu_.an.-.. independent and interdependent, on which & hypothesis can
be evaluated. The weight given to each dimension depends on the ultimate
use of the hypothesis. Among these dimensions are various forms of
simplicity of a hypothesis (e.g., the number of operators Hn. it, the
quantity of information required to encode a hypothesis using operators

from sn a priori defined set [31], etc.), the scope of the hypothesig,which

relates the events predicted by a hypothesis to the eventa nn_E_._h-H.

- -

uran_...._.,om (e.g., the degree of generalization' [13], the ‘precision’ [31]),
the cost of measuring the descriptors in the hypothesis, etc. Therefore,
instead of defining a specific eriterion, we specify only a general form
.u_u the criterion. The form permits a user to define various specific
criteria to the inductive program, which are appropriate to the application. The
n._.:...-_. called a 'lexicographic functional® consists of an ordered lisc of .
eriteria ?.m dimensions of hypothesis gquality) and a list of "tolerances"®
for these eriteria [13, 141. :

An important and somewhat surprising property of

such an approach is that by properly defining the preference criterion,

the same comp-ter program can produce either the characteristic or dis-
eriminant descriptions of object classes. The chofaoteristic

deseription specifies the common properties shared by the objects of the
same class (most work .2. induction censiders only this type of descriptioms,
e85 [3), [6], [22]), while the discriminant description specifies only
the properties necessary for distinguishing the given class from all the

other classes (Michalski [L2, 32], Larsen [28]).

5.3 Arithmetic descriptors

In addition te initial linear descriptors used in the data rules,
new linear descriptors can be formulated as arithmetic functions of the
original ones. These descriptors are formulated by a human expert as

suggestions to the program.

6. OUTLINE OF ALGORITIM AND OF COMPUTER IMPLEMENTATION
In this scction we outline the top level algorithm for rule
induction and its imzlementation in the computer program INDUCE-1.1

([28)[29]116)). Tba algoritha is illustrited by an example,



INDUCE-1.1 1s considered to be only an aid to rule induction. Its
-..w...nmnnn:_, application to practical problems requires a cooperation between the
program and an expert, whose role is to determine the initial set of descriptors,
to formulate data tules and the problem knowledge rules, to define the preference
criterion and other ununann_.nmr evaluate the obtained rules, repeat the process

if desired, etc.

6.1 Conmputer representation of VL decision rules

Decision rules are represented as graphs with labeled nodes and
labeled n_»...mmnmn arcs. A label on a node can be:

a) a selector with a descripror without the argument list,

b) a logical operation,

e) a quantifier form %u or k.
Ates uunrnuw..ﬂg.nm with selectors or descripcors, and are labeled by 0,1,2,...
to specify the position of an argument ln the descriptor indicated at the head
of the arc (0 :_“ﬂnhnmu that the order of arguments is not important).

Several different types of relations may be represented by an are.
.n___- type of relation is determined by the label on the node mﬁ.mmn__ end of
the arc. The types of relatlons are: 1) functional dependence, 2) logical
dependence, 3) fmplicit variable dependence, 4) scope of variables.

Figure 2 gives a graph representing a _._.rE. expression. The two
arcs comnectéd to the logical operation (A} represent the lopieal dependence

of the value of the formula on the values of the two selectors. The other

arce in the figure represent the functional dependence of F on L and x.,

Fi
and g on Ey- =
e ﬂ
. [f =1] g = 2]
dx mu._

Vi Grash Seructure: Jxy x([£0,3,) = 1){g(xy) = 21)
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6.2. QOutline of the Top Level Algerithm

The i=mplementation of the inductive process in the program INDUCE-1..
was based on ideas and algorithms adopted from the earlier research on the
generalization of .___w“_. expressions (Michalskl [13,32], and some new ideas
and algerithms developed by Larson [28,29].

The top level algorithm (in somewhat simplified form) can be
described as follows:

1. At the first step, the data —.En.m (whose condition parts are in the
disjunctive simple forss) are transformed .nn a new set of rules, in which
condition parts are in the form of c-erpressions. A c-expression (a
conjunctive expression) is a product of selectors accompanied by one or
more quantifier forms, {.e., forms nwu....uu...:. where (F denotes a
quantifier. (Note, that due to the use of the internal disjunction and
quantifiers, a c-expression represents a more general concept than a
conjunction of predicates (used, e.g., in [23][2s]).

2. A decision class is selected, say X,, and all nuanuauunodm mmua,.uumn...n_

i
with this class are put into a set F1, and all remaining c-expressions

ATE& put into a set FO { the set F1 represents events to be covered . .

and set FO represents canstraints, i.e., events not te be covered ).

3. By application of inference rules {describing the problem envirooment),
constructive genera'ization rules, and rules generating arithmetic

deseriptors (sec.5.5), new selectors are generated, The 'most promisimg’
selectors (according to a certain eriterion) are added to the e-expreszsions

in Fland FO.

4. A c-oxpression is selected from Fl, and a set of consistent wn.:n_.n:nwnhn:m
(a reatricted star) of thias expressien is obtained. This is done by starting

with single selrciors (called 'seeds’), salected from this c-expression

o8 the "most promisicg’ ones (according to the preference criterion). In each
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sbsequent rext step,a new selector is added to the c-expression obtained in

the previous step (initially the seeds}, until a specified number (parameter

HCONSIST) of consistent generalizations is determined. Consistency is
achieved when a c-expression has NULL intersection with the se: F0. This
'rule growing' process is illustrated im Fig, 3. .

5. The obtained c-expressions, and c-expressions in FO, are transformed
to two sets El and EO, respectively, of qﬁp events (i.e., sequences of
values of mrnnhnh discrete variables).

A procedure for gemeralizing :HH degeriptions ia then applied
to obtain the "best cover' (according to a user defined criterion) of set
El asgainst ED (the procedure is a version of AQVAL/1 program [13]).

ﬂcnnnm this process, the ertersion against, the elosing
the interval and the climbing genevalization tree tules are applied.

The result is transformed to & new sat of c-expressions
(a restricted star) in which selectors have now appropriately generalized
references.

6. The 'best' c-expression is selected from the restricted star.
7. If the c-expression tompletely covemFl, then the process repeats for

another dacision class.

uncovered c-expressions, and steps & to 7 are repeated.

The implementation of the Inductive process in —zu:nﬁluuu consists

of a large collection of specialized algorithms, each accomplishing a certain

task . Among the most important tasks ara:

1. the implementation ei the "rule growing process’

2. testing :Jnnrmn one c-expression 1s a generalization of
{"covers') another c-expression. This is done by testing for subgraph

isomerphism.

Otherwise, the set Fl is reduced te contain only the

t
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o - a flscarded e-rule
® . an active c-rule
B _ a terminal node denoting a consistent c-rule

Each arc represents an coperatien of adding a new selector to a c-rule

The branching factor is determined by parameter ALTER. The
number of active rules ﬁt_:.n—u are maintained for the next step of the
rule groving process) is specified by parameter MAXSTAR. The number of
terminal nedes (consistent generalizationa) which program attempts to
generate is specified by parameter KOONSIST.

Illustration of the rule growing process

~ " {dn application of the Urapping Condition Ruie {n reverse order)

Figure 3
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3. generalization of a c-expression by extending the selector
references and forming irredundant c-expressions (includes application
of AQVAL/1 procedure).

4. CGeneration of new descriptors and new selectors.

' Program INDUCE 1.1 has been implemented in PASCAL (for Cybef

175 and DEC 10); its complete descristion is given in [30].

6.3. Example

We will present now an example 1llustrating some of the Features
of INDUCE-1.l,S5uppose given are two sets of tralms, Eastbound and Westhbound,
a8 shown in Fig. 4. The problem is to determine a conclse (logically
sufficient) description of each set of tralns, which distinguishes one set
from the other (i.e., a diserimipant description which contains enly necessary

conditions for distingulshing between the two sets).

As the first step, an inltial set of descriptors is determined (by a

user} for describing the trains. Eleven descriptors are selected in total,

Among them: .
L] hnnnuuﬂ...nnn.ﬂ‘nnn ] - ear, is in front of n.Enu
3 (a nominal descriptor)
L] .._.Hum._..#nnhﬂwu = the length of car
(a. linear mnunnﬁvmn_l
®*  car-shape nnh.ﬂh.u = the shape of car,
{a structured dedcriptor with 12 nodes In the
generalization tree; see egs. (13) and (14 3
L nu.-nlwahnnnhﬂ“_.uynhm ) - ear, contains Logd
] (a fiominal .__...un:um_unu

® - load-shape(load,) - the shape of load
(a structured nnmm:uﬂonu

i The value set:

i

selrcle

*hexagon— _ _~
= triangle——""CF
. ﬂﬁnnupwwu\.\_\\

e pulygon

Figure 4



- the number of parts in the load of ecar

#® nrpte-load{car, ) 4
{a linear descriptor)

i

"
= number of wheels in qar

] u.n..____uumu_..n.mﬂnu
{a linear descripror)

The data rules consist of descriptions of the individual

trains in terms of the selected descriptors, together with the

specification of the train set they helong to.

For example, the data
rule nmunumwunw the second eastbound train is:

N.nhnu.nhnb..._bwn_.._...._.nnnuu...
nuﬂnuonnnn-up.nnunuH_-umuarnﬁnuﬁn.nmnm_.-.H—mgmﬂwﬁnnnpuuponm_ A

mnpnh.npn

[car-shape(car ":mnnwsn_ﬁnwnamwmuﬂnnnn ,)= ::arm:nu_-nc=n1-apannanuv:amnuu_: (12)
#Fonmfurﬁnuﬁpammwulﬁnmbsmwm_...ﬂunermmwunnmﬂuuum_.. t:3{class=Easthound]

Rules describing the problem environment in this case are only
rules defining structures of structured descriptors (arguments of descriptors
are omitted):

[ear-shape=cpen rctngl,open trapezoid,U-shaped,dbl open rctogl] = (13}

g TR . [car-shape=open top]
[car-shape=ellipse,closed rctogl,jagged top,sloping top]=[car-shape=closed top](14)
_wa-nanr-vn-waamnnnLnn»nnmwm.ﬁmnwm=mwmu = [load-shape=polygon] (15)

The epiterion o%.n%ﬁ&ﬁnﬁm was to minimize the number of rules
(c-expressions) in describing each class, and, with secondary priority,
to minimize the number of selectors in each rule.

Rules.of constructive generalization included in the program are
able to consttact, among other descriptors, such descriptors as the length
of & chain, properties of elementa of a chain, number of objects satisfying a
certain relation, etc. For example, from the data rule (12) | the constructive

generalization rules can produce nmew selectors such as:

]
At this moment, before proceeding further, the reader is advized t.

lock at the pictures and te try to solve this proilem on u's/her own.

[nrcars=4] = the nusber of rars in the train is 3

(the length of chain defined by relation
infront)
[orcara-length-long=1] - the number of long cars is 1 {the engine)

_unrvﬂmnwaunﬁpnmnnannunn_u the numbee of parts in the load of the last
car is 1

_10-—n—nnnauﬂuvnu_ - the poeition of ear, is 1

m=Qﬂnwm ﬂ:ﬂn eastbound trains are considered firsc. The
set Fl nuanwu=n n=n= all c-expressions describing eastbound trains,
and FC,all c-expressions describing westbound trains. The description
€ is gelected from F1 (suppose it is the above description of the second
eastbound train), and supplemented by 'most promising' metadescriptors
nn=nmnnnu by problem environment rules and constructive gencralizatien
rules. In this case, the metaselector [shape(last-car)=rectangle] iz added
to @. HNext, a set G (a restricted siar) of certain number (NCONSIST) of
consistent generalizations of ¢ 1s determined.

This is done by forming a sequence of partial stars (a partial
#tar may include inconsistent generalizations of €). If an element of a
partial astar is consistent, it is placed into the set §. The initial
parcial star ﬁmp,.. contains the set of all selectors of €, This partial
atar and each subsequent partial star is reduced according to a user
nvnnnmumu preference eriterion to the "best! subset, before a mew partial
star is formed.. The size of the subset is controlled by & parameter called
MAXSTAR. A new partial star mu is formed from an existing partial star
wn in the following way: for each e-expression In _uu__ a set of c-expresaions
is placed into m-+h. each new c-expression centaining the selectors of the
original c-expression plus one new selector From e, which is not in the origina

c-expression. Once a suffielent nusber of consistent generalizations have izen

formed, a varaion of the AQVAL/1. program (Michalski [13)¥ s



applied to extend the references of all selectors in cach consistent
generalization. As the result, some selectors may be removed and some
may have more general references,

In the example, the best subset of selectors of ¢ (i.e., the

reduced partial star wav ) was:

m,....-._..._._ﬂnuinwwvw_..nun.._.uldnn_«numnu (16)
un-nw_nruumrnumnnhnpu:onnaunwmkunwm_ (17
unhnw_nnun-wuvnnawnww-ﬂunnnnnpmu ) (18)
hn-.n.q-._iu._n.._nwwunwl_|ﬂnﬂn.u...m_.n_ {19)

The last c-expression is consistent (has expty mwnmnunnnann with
c-expressions in FO) and, therefore, is placed in G. From the remaining,
a new partial star is determined. This new partial star contains a
consistent generalization:

Hn-HHHnbﬁlu.rwﬂm_nnn_..u.vl__.ﬂnnn..w._.u_ [length{car_ )}=short] (20)
which is added to G. Suppese G is restricted to have only two elements
(HCONSIST=2). Now, the program AQVAL/l is applied to generalize references
of nrr eselectors in c-expressions of G, 1if 4t leads to an improvement
(according to the preference eriterion).

In this case, a generalization of (20} produces a consistent and
complete generalizacion: .
n.,..-p._,_”nlﬂln_.wﬁnnopwpuun_..-mml ._..n__-:u.n:mz:”awﬂu_....uwﬁ.ﬁunﬂ (21)
(the nuunMHWua-m»¢= of (19), [ear-shape{last-car)=polygon], is not
complete; it does not cover all F1).

In this example, only 2 partial stars were formed, and two
conaistent generalizations were created. In general, a set of consistent
generalizations is created through the formation of several partial stars.
The ailze of each partial star and the nueier of alternative generalizations

are controlled by user Bupplied parameters.
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Asguming a larger value of NCOMSIST, and applving the above
procedure to both decision classes, the program INDUCE- 1.l produced the
following alternative descriptions of each set of traina:

(The selectors or references underliced by a dotted line were
generated by applicatien of constructive generalizatien rules or problea
environment rules).

Eastbound traina: 22
w....nﬂ.._. [Lengsh ﬁnnn.—wum#ﬁ—.nu [car-shape({ca _..wvln losed top]::»[class=Eastbound] (22)
(the same as (21}}.It can be fnterpreted:

If a train contains a car which is short and has a closed top,
then it is an eastbound train.

Alternatively,

unnuu_nhuu.puwﬁrbuonun Hnnmnasnanmhp.nnnuuHmnonnawonnﬂnunp.wuunu'h

- A lcowr_load(car,,load,) 1[10ad_shape(load J)=trisngle]
2 A Hﬁcnn|m=wvmnunnnuu-mmanmmh :i>  [elass=Eastbound]  (23)
1t can be interpreted:

Lfi s train contains a car whose load is a triangle, and the load cf the
car_behind is polvzon, then the train 15 eastoound.

Weatbownd trains:

[nrears=3] V H.nﬂﬂ..ﬁnmﬂjwvnu_mmnm-.Huu.__u.mmnnlnom_u 11> [clasa= bound] (24

dear, [nrcars_length_lo
1

m_Hwamhn-a=ﬁnunwV-u_muruv.nnwnwuuMmm: top,japred_top]

1t> [class=Westbound] {25)
It is interesting to note that the example was constructed with
rules (23] and {24) in m‘nd. The rule {22} found by the program as an
alternative was rather surprising because it seems to be conceptually
slmpler than rule (23). This shows that the combinatorial part of
an induction process ean  be svecessfully handled by a nanicnnL
program, and therefore, programs like the above have a potential to

serve a8 a7 ald to induction processas in varlous applied sciences.



7. SUMHARY
We have presented an outline of a theory and an implementation
methed which views pattern recognition as a rule-guided inductive infarence.

The initial data rules (examplea) are transformed to general recognition

rules by an spplication of generalization rules and problem knowledge rules,

. .
under the control of a preference eriferion., The implemented method (in the
form of eomputer program INDUCE 1i1): 2

* applies different gemeralization rules according to the type of descriptors
in the data (nominal, linear, structured)

* takes into consideration the properties of the interrelationships of descrip-
tors characteristie to the recognition problem : 7wl

* permits the specification by a user of a preference eriterion, which
evaluates the usefulness of the rules from the viewpoint of the given
application

* can generate certain new descriptors ('metadescriptors') and blend them with
- the initial ones to provide a basis from which the final description chnoses
ite most appropriate deseriptors .

® uses the same representation language _”_S_..m._.u_ to describe the learning events
as well as problem knowledge rules, which dimplifies for a user the task
of the data preparation for the program

® permits a user to suggest to the program varieus arithmecic transformations
ef the original (linear) variables which seem promising as relevant charac-
terization of object classes.

The implemented method has many limitatioms. Among major limitations
ie & restricted form in which program can express the recognition rules (i.e,,

S i

in the form of a disjunctive simple VI expression with limited use of

1
quantifiers), and a restricted number of operators and mechanisms which the
program uses {n constructing a generalized description. Also, the method
does not take into nn:m_nmnnﬂoa any probablilistic information,

Among the advantages 1s the significant psnerality of the approach
and/an ability to use the semantics uaderiying the recognltirm problem. An

important property of the method is the implicity of conceptual interpreta—

tion of the pattern recegnition rules. The streugth of the method was
illustrated by a testing example where program was able to discover a
pattern unknown to the authors. On the practical side, an earlier program
(aqQll) ‘vas able to determine from examples n_.m rules for diagnosis of soybean

diseases which gave hetter performance than the rules obtained by representing

L]
an expert’s knowledge [131],
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