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- Pattern Recognition as Rule-Guided
Inductive Inference

RYSZARD S, MICHALSKI

Abspract—Thte determination of pattern recognition rules is viewed ag
g problem of'ind uctive inference, guided by generalization risles, which
conteal the generlization process, and probfem krawledge miles, which
,cﬁzesent the underlying semantics relevant 1o Lhe recognition problem
under considerstion, The paper formulated the theoreticad framework
and a method for inferring general and optimal (according to certain
criteria) descriptions of object elasses from examples of classification ar
partial descriptions. The language for expressing the class descriptions
aivd the guidance rulesis an extension of the figst-ordér predicate ealeu-
fus, called varigble-valuad logic ealeulus ¥ly. Vi involves typed
varjsbles and contains several new operators especially suited for can-
ducting inductive inference. such as selector, internial disjuricrion,
internal conjuriction, éxceprion, and generalizarion.

Important aspects af the theory include:

1) a formulation of several kinds of geneealization rules;

2) an sbilily to uniformiy and adequately handle descriptars (i.e..
variables, functions, and ‘predicates) of different type (nominal, linear,
and structured) and of different arity (i, diffesent number of
arguments);

3} an ability to gencrate new deseriptors, which are degived from the
initial ‘Jescripfors thiough'a rule-based system (ie.,an ability to con-
ducy the so called constrietive inductiond:

4) an ability to use the semantics underying the problem under
consideration. '

An experimental computer implementation of the method is brielly
described and lusirated by an example,

Index Terms—Computer consulting systems, generalization methods,
indictive inference, knowledge acquisitian. learning from examples,
many-valued lggic, pattern récognition technigques, plausible inference,
theory formation. '

I, INTRODUCTION
A PATTERN recognition rule can bea viewed as a rule
¥

(1)

which assisns @ situarion (an object, a process, etc.) to the
RECOGNITION cLASS, when the situation satisfies the DE-
scripTioN. In the décision theoretic approach the DESCRIP-
TION is an analytical expression involving @ set of nuimerical
variables selected a priori. Variables spanning the decision
space are treated uniformly, are usually assumed to be mea-
sured on at least an interval scale, and are desired to be rele:
vant and independent characteristies of the objects. When the
variables are strongly intercomnected and:or the relevant
vbject charactenstics are fiol numerical yariables but various
relations among wiber vasiables, or among parts or subparts of

DESCRIPTION > RECOGNITION CTLASS
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objeets, then the decision theoretic approach betomes jnade-

dquate.
useful,

In the structural {of syntactic) approach. the DESCRIPTION
is a formal grammar (ustally a phasestructure grammar) in
which terminals are certain elementary parts of objects, called
primitives, The types of relationships which can be 2x-
pressed nasurally in terms of a formal grammar ae. how-
ever, quite limited, If the relevant charaeteristics include, for
example, some numerical measurements in xddinon to rela-
tions and symbalic concepts, then grammars invelving them
are very cumbersome or inadequare. This is a strong limita-
tion, bscause in many problems an adequate class deseription |
requires both numerical charagterizatigns of objects and 2
specification of wvarious relationships among properties of
objects andfor of object parts, ie., involve descriptors of
mixed arity! and measured on differant scales. To partially
gvercome this lmitation attributed gramimars were pro-
pased [1].

Both the decision theoretic approach and the synractic ap-
proach make a little use of the underlying semantics of the

fn such situations the structural approach can be

problem unidar consideration, and therefore the scope-of pat.

tzrns they are able to discover is limited. Also they tend to
produce “mathematical type™ descriptions which are npol
easily: comprehensible by humans. réther thidn “uunedptual
type” descriptions which human experts would develop 6b-
serving the same data, and would prefer 1o use. Altheugh in
many applications human comprehensibility may not be im-
portant. in Gther apolications (2.2.. In expert computer consult-
ing systems) it is crucial. )

This paper presents results, still early and limited, of dn
attempt to develop a uniform conceptual framewsrk and an
implementation method witich appraprately lundles deserip-
tors of different type, is obie to use the semantics o the prob:
lem mnd satisfies the requirement of human comprehensibiiity.
Another aspect of thie method is that the final descriptions
which it produces may involve new descriplers {vuriabies o1
relations) which were nat included In the inital claraviznge-
lion of objects. This is aehicvad throuzh the application of
“metarules™ which represent the underlying knowledge of the
problem at hand and of the propefties of wdescriptors usad in
formulating the descriptions ol exemplary data. The presented
theory uses a5 a language for expressing the cluss descriptions

Prearieyth=The number of arzuments of 2 Juescriptar.. Unury diseri-
tors are ealled arteibutes, ot geavally, vasables: Twoor plare argu:
ment descriptors. with the value set [TWUE, FALSE} are willed
predicates.
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and rules an extension of the fisstorder predicate caleulus,
called varisble-valued logic system VL, , and is most closely
refated to the body of work termed eomputer induction. The
ability to develop new descriptors (variables, prchL.JtCS
functions) in addition to those given @ priori, places this work
m the category of what we call construcrive induction,* as
opposed 1o nonconstrudtive duction. in which the final
descriptions relate only descriptors intially provided.

[l. RELAYED RESEARCH

It would be a very duficult task, requirng more space than
provided, to characterize adequately various impartant con-
tributions to compuler 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 concen-
trate on inductive tasks within a specific problem domain.
For example, programs collectively called METADENDRAL
[2] use a model-directed heuristic search to determine rules
that describe the molecular structure of an unknown chemilceal
compeund from ‘mass spectrometry data,  Winston [3]
describes a method for detenmining a graph description of
simple block structures from examples. A program developed
by Lenat [4] generates concepts (represented as collections of
a priori defined properties) of elementacy mathematics, under
the guidance of a large body of heuristic rules. Soloway and
Riseman [5] describe a method for ereating multilevel descnp-
tions of a part of a baseball game. starting with “snapsho1s™
of the game, and using rules representing general knowledge of
the game.

The programs such as those mentioned above usually in-
corporate a large body of lask-specific knowledge and tend 10
perform quite well on tusks they wers designed for. Thiey
demanstrate zgain that high perfarmanee requires specialized
solutions. On the other hand. it i usually not easy to dater-
mine the peneral ideas they contribute to the understanding
of inductive processes.
methods disectly to other problem areas.

A significant part of research has been concerned with de-
termining patterns in sequences of symbols (e.g., Simon [6]
and Waterman [7]). Simen [6] found thar descriptions of
such patterns consistently incorporate only a few basic rela-
tions: “‘some™ and “next’ between svmbols ilerations be-
twween subparterns, and hieracchic phrase structure, Gaines
[8] developed a methed for generating finite=stale zutemata,
which appreximate a given symbal stripg, dnd represent dif-
ferent tradeolfs between the complexity ind poorness-of-fit.
Shaw. Swartout. and Green [9] develuped a progriny for
inferring Lisp code [rom a set of examples of Lisp statements.
Also, Jouannaud, Guiho, and Treuil [10] have developed an
mteractive system which can inler & ¢lags of wise lInear recur-
sive turctons from a ser ol exgmples,

The above works are relited to the gendral subject vf gram-
malic2] inferende, 6. infarence of a grammar which may have

2The auwthor thanks Lo Teavis of the
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Also, it is dilficult to apply such.

Anders copsideration,
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produced a given sel of strings. Eacly work in
conecined with the inference of s phrase struet.
(e, Feldinan eral. [L1]Y. More recent work mo
ferring “multidimensional” grummars (e, work |
and Fu [12]).

In recent years there has been a new trend toward
velopment of general methods of induction.

In previous papers the author and his collaborators ¢
[13]-[15]) have described a methodalogy and COmpUtEr p
grams far learning optimal discriminant descriptions of obje.
classes [rom examples (in the framework of an extendec
prepositional caleulus with piany-valued variables called VL)
Examples are presented as sequenices of auribute-value pairs.
Fach attribute has an associated value set and type. Work in a
similar spirit, although more limited inscope, was reported by
Stoffel [16] ((he elementary statements used there are re-
stricted Lo the “variablesvalue™ forms, ie., 1o elementary selec-
rors asdescribed in Section V),

An early work which recognizes the need for logic stvle
descriptions for pattern recognition was done by Banerji [17].
A more recent continuation of this work is in Banerit [18] and
Cohen [19], who developed a logic-based deseript’ -
cobE uilizing Lisr-like notation,

An important aspect of induction, that of empirt..
dicelon, was studied by Zagoruiko [25], who developeu a
general method of “strengthening hypotheses™ by narrowing
the uncertainty ranges of values of output variables, Hendrick
[26] developed a method of learning of production systems
describing symbaol series using a semantic net of predefined
concepls.

Many authors use a restricted form (usually quantifier-free)
of the first-order predicate calculus (FOPC) ur some equivalent
nhotdtion as the formal framework for expressing descripuions
and hypotheses. Morgan [20] deseribes a formal method of
hypothesis generation, called fresolution, which' stems frong
deductive resclution principles.  Virious theoretical issues of
indugtion in FOFC were considered by Plotkin [21]. Fikes.
Hart. and Nilsson [22] describe an algorithm for generalizing
robot pluns,  Hayes-Roth and McDermott (eg., |23}), and
also Vere [24], describe methods and computer programs for
generaling conjunctive descriptions of least generality (which
they call "maximal abstractions™), of a set of objects repre-
sented by products of n-ary predicates. The rules of general-
ization which they use can be characterized as “dropping a
cundition™ and "turning constants into varbles™ (see See-
tien V-C). .

This paper presents a theoretical framewark for generalizing
and optimizing descriptions ol object classes in fhe fanny of
decision rules. The decision rules can involve descriptors of
tlired different types: nominal. linear, and structured employ
fome new syntactic formsy and use protlem: knowledze ror
guiding induction and generating new descriptors.  The
formul notation is @ modification and extension for FOPE,
culled variable-valued logic system VL.. This fopmalistn
is morg ddequate than the traditional FOPC as a4 con-
ceprual framewirk for describing the inductive processes
The paper 13 an extension and maditen-

Han ol the report [27], std stiesses the conceptual plineie2s
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of the induction method, ralher l'han_ specific algorithms and
jinplementation details. Most of the latter are described in

[28]-[30]
L[I. PROBLEM STATEMENT
A VL transformation rufe is defined-as & rule
(N
where DESCRIFTION, and OESCRIPTION, are expressions in
Vi, system (Section 1V} and —= stands for various trars-
formalinn Operaters which define the meaning of the rule.
A DESCRIFTION may look like
3p,,ps(lon-top(p, .pa)} [size(p )=3..5]
A {colar(p, )=blue.yellow red]
A [length(py ) length(py)=small])

DESCRIPTION| ——, DESCRIPTION,

where

Lthe range operator
. (after the aquality sign) denates the internal disjuncrion.
and
« denotes the nternal conjuncrion.
(For explanation of notation see Section IV.)

We will consider here the following transformation operatars..

{) 12> The operator defines a decision rule. DESCRIPTION?
specifies 2 decision (or a sequence of decisions) which is as-
signed to @ siluation which satisfies DESCRIPTION; . [n lhe
application to pattern recoghition, DESCRIPTION, delines the
recognition class. 1 a situation does not satisfy the DESCRIP-
TION , the rule assigns to it a NULL decision.

i) = The operator defines an inference rule. If a situation
satisfies DESCRIFTION,, the rule assigns the truth-status
YTRUE™ to DESCRIFTION .. otherwise truth-status of DE-
SCRIPTION, is “?”. In an infeérence rule DESCRIPTION, is
called the econdition and DESCRIPTION; is called the cons
sequenice,

iil) 1< The operator denotes a generalization ruie, which
states that the DESCRIPTION, is tHore geseral (an, DESCRIP-
TION |, i.¢;, the set of situations which salisfy DESCRIPTION
is a superser of the set of situations satisfying DESCRIPTION .

iv) = The operator denotes an equitalence preserving rule,
Le.. when the above mentioned sets are equal, The ruleis a
special case of a generalization rule.

The problerm considered in this paper is defined as follows:

e Givenare the followina.

a) A set of VL decision rules, called data rules, which
specify initial knowledge, {C"",-}, about some situations (o0-
jects, processes, . . .) and the recognition class, K. sssociated
with them:

Gy 2Ky,
Cy > Ky, Ca

Cia i Ky oGy, 2Ky
DKy vy, UK
Cot > Ky Cin 2Ky " Coneyy > K (3)

b)Y The problent knowledge rides which represait the bick-
erognd kauwiledee about Ahe reeagnrtion prablem under con-
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sideration. This knowledge includes the type of each deserip-
tor used intle data rules, its value set, the problem constraints,
the relationship among descriptors that reflect the semantics
of the problem and various constryctive gencralizarion rules
{see Section V-C),

¢) A preference eriterion, which for any two “comparable”
sets of detision rulés specifies which one is moye preferable, or
states that they ure equally preferable.

® The problem is to determine, through an application ol

generalization rules and problem knoveledge rufes, a new set of

declsion rules called output rides or Aypetheses:

v Ky, Gy Ky e G, K

Cly S Ky, Ch > Ky, oo Copy 2K

Coy > Ky Cima 222 Ky LY S o )
which is most preferable among all sets of rules that with
regard Lo the input rules are consistent and complere.

The output rules are consistent with regard to input rules. if
for any situation to which the input rules assign 5 non-NULL
class, the output rules assign to it the same class, or the NULL
class,

The output rules are complete with regiard to input rules,
i for any situalion to which the input rules assign a non-NULL
class, the outpul rules also assign to ita non-NULL vlass.

It is easy to see that il the output rules are consistent and
complete with regard to the input rules then they are semanti-
cally equivalent (i.e., assign the stme devisivn tu the same
situation) or mare general than the input rules (ie.. they way
assign a nen-NULL class o situations (o which the input rules
agsign a NULL class).

From & given set of data rules it 18 usually possible 1o derive
mary different sets of autput rules which are eonsistent and
complete and which satisfy the problem constrainty, Uhe rofke '
of the preference criterion i5 1o select one{ory lew alternative
sets of rules) whicl is most deésirable in the given prablem
domaln. The prefecence criterion may reter1o.e2..

e the computational simplicity (or complexity) of the rules.

e the cost of measuring the information needed for tule
evalualion,

e tle degree-af-fit 1o the dala.

In this paper we accept the restriction that the DESCRIP
TioNs, €y and Cjy, are disjunciive simple Vg expressions
(Section V). Such expressions Have a vary simple linguistic
interpretation, and seem (o be of interest to many spplicanons.

IV, VL Expressions as DESCRIPIIONS

A Definitionof VL4

Data rules, hypothéses, problem Kpuwledse rules, and Len-
eralization. rules are all expréssed using the seme (wemalisi.
that of varigblewvalued logic caleulus Vi, & VL is anoeX-
terision of predicate caleulus designed 1o faciiitdte a cenipuct
and uniform expression of deseriptions of ditferent dearces
and different types of generalizamon. The formalism also
provides a simple linguistic Interpretation of Zeseriptions with-
out losing the prectsivn of the conventivnul rredicate calenlis.

AN Ly ks s G TOTE womple e byt VL gl st
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To make the paper self-contained, we will provide here a bricf
description of VLy, .

There are three major differences between VL,; and ihe
first order predicate caleulus (FOPC).

1) In place of predicates, it uses selecrors (or relarional
statements) as basic operands. A selector, in the most general
farm, speeifies 2 relationship between one or more atomic
functions and other atomic functions or constants, A common
form of a selector is a test to ascerlain whether the value of an
atomic function is-a specific constant or ls a member of 4 set
of constants,

The selectors represent compactly céttain types of logical
relationships which cannot be directly represented in FOPC
but which are common in human descriptions. They are
particularly usefu! for representing changes in the degree of
generality of descriptions and for syntactically unifarim treat-
ment of descriptors of different types.

2) Each atomic function {a variable, 4 predicate, a function)
is assigned 3 value set (domain), from which it draws values,
and its tvpe, which defines the structure of the value set (see
Section V-B).

This feature facilitates a represeniation of the semantics of
the problem and the application of generalization fbles ap-
propriate to the type of descriptors.

IELE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VL, PANM L2 ND 4. WLY i9gq

Definition 20 A seloctor is a Torm
L, called referee. i3 an atomic function, or a sequence of
atomic functions separated by ", (The operator **" is galled

the internal conjurction.)
#is one of the lollowing relational operatars:

where

=#F2 £ >,

R. called reference, is a constant or atomic function, gr 3
sequence of constants vr atemic functions separated by opera
tor " or ... (The sperators *," and *..7 are called the
internal dishenction. and Whe range operatar, respectively ).

A selector in which the referee L isa simple atomic funetion
and the reference R isasingle constant is called an elementary
sefector. The selector has truth-status TRUE {or FALSE} with
regard toa situation if the siLuation satisfies {does 1ot satisyy}
the selector, f2., if the referee Lis {is not} related by £ ta the
teference R, The selectar has the fruthistatus 2" (and is
interpreted as being a quesrion), if there is not sufficient ih-
formation about the values of deseriptors in L for the given
situation. Instead of giving a definitlon of what it means that
“L is related by # to R," we wall simply explain this by ex-
amples, {See Section VA for mose details.)

Linguistic description

i} [coler(box1) = white]
it) [length(box1) = 2]
i) [weight(box1)=2..5]
iv) [blood-type (P1)= 0,A.B|
v) [on-top(box1, box2) = T]
or simply
[on-top(box1, box2)]
vi) [above(box1,box2) = 3"]
vil) [weight(bax1) > weight (box3)}
viil). {lengthi(box1) - fength (box2) = 3]
iX) [type(p,) - type (P,) = A.B]

3) An expression in VL, can have @ truth status: TRuE,
FALSE, or 7 (UNKNOWN).

The truthstatus “?™ provides an interpretation of a YLy,
description in the situation, when, e.g., culcomes of some
measurements are not known,

Dej-?nirim: 1 An atomic function is.a variable, or a {unction
svmbol fellowed by a pair of parentheses which enclose 2 se-
auence of datomic functions andfor consfants. Atomic funé-
tions which have a defined interpretation in the problem
under considerasion are called descriptors.

A constant differs from a variable or a function symbol in
that its value set is empty. I confusion is possible, 2 constant
is typed in quotes,

Examples:

Consgints: 1 & red

Aromie forms: %, calor{box)

on-top(pl, p2)

Exemplary value sals:

Dix Y= {0.1,---, 10}
Dicolor) = fred, blue, < -}
Dlonstop) = Ttrue, false}
[vy= 001,200

F{xy,alx2))

eolor of box ! is white

length of box| is greater than or equal to 2
weight of box| is between 2 and 3,
blood-type of PlisOor Aor B

box1 is on top of bax2

box 1 is 3" above box?2

the weight of box1'is preater than the weight of box3
the length of box1 and hox? is 3

the type of P, and the typeof P, iseither A or B.

Noteg the direct correspondence ef the selecrors to linenisti¢
descriprions,  Note also that some selectors can not be ex-
pressed tn FOPC in 2 pragmatically equivalent form [e.s., iv),
ix), x}].

A VL espeession (6f, here, simply VL expression)is de-
lined by the following rules.

i} Aconstanl TRUE, FALSE, or “?" isa VL expression.

ii) A selectorisa VL expression.

iliy IfV, ¥, and V, are VL expressions then so are

(V) formula in parentheses

v inverse

Vi AV, or V|V, conjunetion

V, V'V, disjunetion ,

Vi v, exception (V, excepr when V;)

V== V, metaimplication

where = € [~ !> = |<, E}
(implication, equivalence. decision assign-
ment, inference, generalization . semdntica
Civileniee)
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