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Abstract

Recen t results in b oth mac hine learning and cognitiv e psyc hology demonstrate that

e�ectiv e category learning in v olv es an in tegrati on of theory and data. First, theories

can bias induction, a�ecting what category de�nitions are extracted from a set of

examples. Second, con
icting data can cause theories to b e revised. Third, theories

can alter the represen tation of data through feature formatio n. This c hapter reviews

t w o mac hine learning systems that attempt to in tegrate theory and data in one or

more of these wa ys. IOU uses a domain theory to acquire part of a concept de�nition

and to fo cus induction on the unexplained asp ects of the data. Either uses data

to revise an imp erfect theory and uses theory to add abstract features to the data.

Recen t psyc hological exp eriments rev eal that these mac hine learning systems exhibit

sev eral imp ortan t asp ects of h uman category learning. Sp eci�cally , IOU has b een

used to successfully mo del some recent exp erimen tal results on the e�ect of functional

kno wledge on category learning.
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1 In tro duction

Un til recen tl y , researc h in categorization in cognitiv e psyc hology and mac hine learning fo-

cused almost exclusiv el y on empiric al, data-driv en mo dels. The most frequen tly studied

task w as learning categories from simple examples represen ted as lists of features (Bruner,

Go o dnow, & Austin, 1956; Smith & Medin, 1981; Quinlan, 1979; Mic halski & Chilausky ,

1980). The role of bac kground kno wledge or domain theories on category learning was largely

ignored. The fo cus w as on understanding the basic pro cess of induction from ra w data.

In the past decade, researc hers in b oth areas b egan to in v estigate kno wledge-in tensiv e

concept learning. Sev eral researc hers in mac hine learning b egan dev eloping systems that

p erformed a detailed analysis of an individual example. Man y of these systems could learn a

new concept from a single example. These metho ds even t ually b ecame known as explanation-

b ase d le arning (Mitc hell , Keller, & Kedar-Cab elli, 1986; DeJong & Mo oney , 1986). Mean-

while, cognitiv e psyc hologists w ere also turning their atten tion to the role of theories in

categorization (Murph y & Medin, 1985; Nak am ura, 1985; Barsalou, 1983). One imp ortan t

�nding w as that sub jects, lik e explanation-based learning systems, could acquire a concept

or sc hema from only a single example (Ahn, Mo oney , Brew er, & DeJong, 1987).

Ho w ev er, purely empirical (data-driv en) and purely analytical (theory-driven) views of

categorization are clearly end-p oin ts on a con tin uum. Most real category learning tasks

in v olv e an in tegration of bac kground theory and empirical data. Recen t researc h in b oth
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cognitiv e psyc hology and mac hine learning has b egun to fo cus on the issue of in tegrating

theory and data in concept learning (Wisniewski & Medin, 1991; Ahn, Brew er, & Mo oney ,

in press; Segre, 1989; Birn baum & Collins, 1991). This researc h is attempting to unrav el the

complex in teracting e�ects of theory and data on concept learning.

This c hapter describ es t w o recen tly dev elop ed mac hine learning systems that in tegrate

theory and data, and discusses the exten t to whic h these systems can mo del recen t exp er-

imen tal results on h uman concept learning. The remainder of the c hapter is organized as

follo ws. Section 2 brie
y reviews standard empirical and explanation-based mo dels of learn-

ing. Section 3 discusses v arious w a ys in which theory and data can interact in categorization.

Section 4 describ es IOU, a computer program that uses a domain theory to bias category

learning. Sim ulation results are also presented in Section 4, in which IOU is sho wn to mo del

e�ects found when sub jects in a standard learning-from-examples exp erimen t are told the

function of the underlying categories. Section 5 describ es another mac hine learning system,

Either , whic h mo di�es an existing domain theory based on empirical data. Section 5 also

discusses how the metho ds used in Either could p oten tially mo del recent results on how h u-

man sub jects use data to mo dify theories and theories to mo dify data. Section 6 summarizes

our results and presen ts some problems and ultimate goals for future research.
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2 Review of Empirical and Explanation-Based Learn-

ing

The ma jorit y of researc h in categorization within psyc hology and mac hine learning has con-

cerned empiric al or similarity-b ase d metho ds. In these metho ds, categories are learned b y

examining similaritie s and di�erences b et w een relativ e ly large n um b ers of examples. In cog-

nitiv e psyc hology , similarit y -based metho ds are normally divided into classic al , pr ob ablistic ,

and exemplar mo dels (Smith & Medin, 1981). Classical or rule-b ase d metho ds form abstract

logical de�nitions of categories (Bruner et al.,1956; Medin, W attenmak er, & Mic halski, 1987;

Quinlan, 1986).

1

Probabilistic metho ds extract feature w eigh ts or conditional probabilities

that are subsequen tly used to compute category memb ership (P osner & Keele, 1968; Rosen-

blatt, 1962; Fisher, 1987). Exemplar mo dels do not form abstractions but rather categorize

examples based on similarit y to sp eci�c stored instances (Medin & Shae�er, 1978; Aha,

1991). V ery little emphasis is giv en to the role of bac kground kno wledge in an y of these

mo dels. Psyc hological exp erimen ts in this area generally use simple, arti�cial data so that

sub jects cannot emplo y their existing knowledge.

Explanation-based learning, on the other hand, acquires a concept de�nition from a single

example by using existing bac kground kno wledge to explain the example and thereb y fo cus

on its imp ortan t features (DeJong, 1988). In the standard formalization (Mitc hell et al.,

1986; DeJong & Mo oney , 1986), the domain the ory is represen ted b y a set of rules that

1

The term \classical" normally refers to purely conjunctiv e descriptions, i.e. neces sary and su�cien t

conditions.

3



allo ws the system to logically deduce that a concrete example satis�es an abstract de�nition

of a giv en go al c onc ept . Explanation-based generalization then consists of the follo wing t w o

steps:

1. Explain: Construct an explanation using the domain theory that pro v es that the train-

ing example satis�es the de�nition of the goal concept.

2. Generalize: Determine a set of su�cien t conditions under which the explanation holds,

stated in purely observ able terms.

Mac hine learning systems ha v e learned a n um b er of concepts using this approac h. F or

example, consider learning a structural de�nition of a cup from a functional de�nition and a

single example (Winston, Binford, Katz, & Lo wry , 1983). Assume the example is describ ed

b y the follo wing observ able features:

o wner=F re d, colo r=red, lo cation=tabl e, width=medium, has-b ottom, 
at-b ottom,

has-handle, light w eight, has-concavit y , up w a rd-p ointing-concavity .

Assume one has the follo wing functional de�nition of a cup:

stable & liftable & op en-vessel ! cup ,

whic h states that anything that is stable, liftable, and an op en-vessel is a cup. If the domain

theory contains the following rules:
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Figure 1: Explanation of a Cup.

has-b ottom & 
at-b ottom ! stable

light w eight & graspable ! liftable

has-handle ! graspable

width=small & insulating ! graspable

has-concavit y & up w a rd-p ointing-concavi ty ! op en-vessel,

one can deduce that the example is a cup using the \explanation" or pro of sho wn in Figure 1.

A de�nition of cup in purely observ able terms can b e obtained by compiling the explanation

in to a new rule. The ro ot of the explanation forms the consequen t of the new rule and the

lea v es form the an teceden ts. Belo w is the compiled rule for the cup example:

has-b ottom & 
at-b ottom & has-handle & light w eight & has-concavit y &

up w a rd-p ointing-concavi ty ! cup

Notice that the generalization omits information ab out the colo r , o wner , lo cation , and width
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Figure 2: Sk etc h of a Bo ot-Jac k.

of the example, since these features are not used in the explanation. Once the rule has

b een compiled, instead of p erforming complicated inferencing, direct pattern matc hing can

b e used to classify examples as cups.

F or a more psyc hologically motiv ated example of explanation-based learning, consider

the follo wing anecdote. Not long after mo ving to T exas, I encoun tered an example of an

in teresting device called a b o ot-jac k. A rough sk etc h of a t ypical b o ot-ja c k is sho wn in

Figure 2. This device allows an urban cowb o y to remov e his b o ots easily and indep endently

after a long, hard day at the o�ce. A b o ot- jac k is used by stepping on the rear of the device

with one fo ot, sn uggly inserting the heel of the other fo ot in to the notc h, and pulling one's

leg up w ard to remov e the b o ot. The �rst example of a b o ot-ja c k I encoun tered w as made of

brass and shap ed lik e the head of a long-horn bull whose U-shap ed horns formed the notch.

After seeing this particular device used to remo v e a pair of b o ots, I immedi ately formed
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an accurate concept of a b o ot- jac k. I knew that certain prop erties suc h as shap e, size, and

rigidit y w ere imp ortan t but that the long-horn image w as sup er
uous and ornamen tal. I

also immediately iden ti�ed m y acquisition of this concept as a t yp e of explanation-based

learning. Although the next example I encoun tered w as v ery di�eren t, a simple piece of

w o o d with the shap e sho wn in Figure 2, I w as able to quic kl y and accurately classify it as

an example of the same concept.

3 Com bining Theory and Data

Empirical learning mo dels ha v e b een criticized for ignoring the imp ortance of existing knowl-

edge, failing to accoun t for the \coherence" of concepts, b eing susceptible to spurious

correlations, and requiring to o man y training examples and in tractable computational re-

sources (Murph y & Medin, 1985; Sc hank, Collins, & Hun ter, 1986; Mitc hel l, et al., 1986).

Explanation-based mo dels ha v e b een criticize d for requiring a complete, correct, consistent,

and tractable domain theory , only learning deductiv e consequences of existing kno wledge,

and only increasing sp eed of pro cessing rather than capability (Dietteric h, 1986; Mitc hel l at

al., 1986).

Addressing these problems usually entails in tegrating empirical and analytical metho ds.

Consequen tly , there has b een a gro wing in terest in this sub ject in b oth mac hine learning

and cognitiv e psyc hology . Dozens of mac hine learning systems that in tegrate theory and

data ha v e b een dev elop ed o v er the last sev eral y ears (Segre, 1989; Birn baum & Collins,
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1991; Mic halski & T eccuci, 1991). There has also b een a gro wing n um b er of psyc hological

exp erimen ts on the topic (Ahn & Brew er, 1988; Ahn, Brewer, & Mo oney , in press; P azzani,

1991; Wisniewski, 1989; Wisniewski & Medin, 1991).

Existing metho ds for in tegrating theory and data in learning can b e divided in to three

broad, o v erlapping categories.

� Theory as bias: The fundamen tal \problem of induction" is that there are m ultiple

h yp otheses consistent with an y set of empirical data. Domain theories can b e used to

prefer certain hyp otheses.

� Theory revision: Empirical data can b e used to revise domain theories that dra w

incorrect conclusions.

� Theory for data in terpretation: Theories can c hange or enhance the represen tation of

data. F or example, theories can derive abstract features from raw p erceptual data.

A gro wing n um b er of mac hine learning systems are attempting to integrate theory and data

in one or more of these w a ys. Researc hers ha v e explored v arious w a ys of using domain

theories to bias empirical learning (Flann & Dietteric h, 1989; Hirsh, 1990; Cohen, 1990;

P azzani, 1991). Man y of these systems emplo y an o v erly -general theory that admits to o

man y examples as memb ers of a category , but is sp eci�c enough to constrain the h yp otheses

considered b y induction. A n um b er of other recen t systems attempt to revise a domain

theory to �t empirical data (Ginsb erg, 1990; Ra jamoney , 1990; Dan yluk, 1991; T o w ell &
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Sha vlik, 1991). Ho w ev e r, all of these systems ha v e imp ortan t restrictions on the t yp e of

theories they can revise and the kinds of errors they can correct. Finally , sev eral systems

ha v e b een dev elop ed that use theories to in terpret data (Mic halski, 1983; Drastal, Czak o,

& Raatz, 1989). These system generally use rules that deriv e additional features from the

initial description of an example.

This pap er describ es tw o recen t systems and discusses their psychological relev ance. Sec-

tion 4 discusses IOU, a system that uses a domain theory to bias induction. Section 5

discusses Either , a system that p erforms theory revision and uses theory for data interpre-

tation.

4 Induction Ov er the Unexplained

This section describ es a machine learning system that uses empirical and explanation-based

metho ds to learn di�eren t parts of a concept de�nition. Man y concepts hav e b oth explana-

tory and nonexplanatory asp ects. F or example, scripts for ev en ts suc h as a birthda y part y

or a w edding ha v e goal-directed as w ell as ritualistic actions. Concepts for artifacts suc h as

a cup or a building hav e functionally imp ortant features as well as aesthetic or conv en tional

ones. Animals ha v e some attributes with clear surviv al v alue as w ell as more obscure fea-

tures. Diseases ha v e some symptoms that can b e causally explained b y curren t biological

theory as w ell as others that are simply known to b e correlated with the condition.

In IOU (Induction Over the Unexplained), explanation-based metho ds are used to learn
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the part of the concept de�nition that can b e explained b y an underlying domain theory .

Empirical metho ds are used to learn the part of the concept de�nition consisting of unex-

plained regularities in the examples. First, IOU uses an existing domain theory to explain

eac h example. It then extracts their explainable features as part of the concept de�nition.

Explainable features are then remo v ed from the examples and the reduced example de-

scriptions are passed to a standard empirical learning system. This system �nds additional

commonalities whic h are added to the �nal concept de�nition. A test example m ust meet

the requiremen ts of the domain theory as w ell as the empirically learned de�nition in order

to b e considered a memb er of the concept.

IOU uses its domain theory as a bias to prefer certain consisten t concept de�nitions

o v er others. In particular, the system prefers to include features that can b e explained as

relev an t to the function or purp ose of the concept. IOU can also b e view ed as using theory

to in terpret and mo dify data, since it remo v es explained features and p erforms induction

using only the unexplainable features of the examples.

4.1 IOU Problem and Algorithm

The general problem IOU addresses is the ory-b ase d c onc ept sp e cialization as de�ned b y Flann

& Dietteric h (1989). The system is assumed to hav e a domain theory for a generalization of

the concept to b e learned. A de�nition of the sp eci�c problem addressed by IOU is given in

T able 1. The curren t implemen tation of IOU emplo ys a feature-based description language
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T able 1: The IOU Problem.

Giv en:

� A set of p ositiv e and negativ e examples of an in tended concept, C

i

� A prop ositional Horn-clause domain theory for an explainable concept, C

e

that is a gener-

alization of the in tended concept, i.e. C

i

! C

e

.

Determine :

A de�nition for the in tended concept in terms of observ able features that is consistent with

the examples and a sp ecialization of the explainable concept.

that includes binary , discrete, and real-v alued attributes. A domain theory is restricted to a

set of prop ositional Horn clauses

2

that can include feature v alue pairs ( colo r=red ), n umerical

thresholds ( length < 3 ), and binary prop ositions ( has-handle ).

As an example of a problem suitable for IOU, consider a sligh t v ariation of the cup

example in tro duced earlier. The standard functional de�nition is more accurately considered

a de�nition of a drinking v essel rather than a cup since it cannot actually distinguish b etw een

cups, glasses, m ugs, shot glasses, etc.. Therefore, assume the o v erly-general explainable

concept is drinking-vessel , de�ned as:

stable & liftable & op en-vessel ! drinking-vessel .

Assume that the examples av ailable are those sho wn in T able 2. The problem is to use the

domain theory to learn the explainable features of a cup ( 
at-b ottom , has-concavity etc.) and

to use empirical tec hnique s to learn the nonexplanatory features ( volume=small ) that rule

2

A prop ositional Horn clause a rule of the form A

1

& A

2

& :::A

n

! C where all A

i

and C are simple

prop ositions such as graspable or colo r=black .
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T able 2: Examples for Learning Cup.

cup-1 (+) cup-2 (+) shot-glass-1 (-) mug-1 (-) can-1 (-)

has-b ottom true true true true true


at-b ottom true true true true true

has-concavit y true true true true true

up w a rd-p ointing true true true true true

light w eight true true true true true

has-handle true false false true false

width small small small medium small

insulating false true true false false

colo r white red white copp er silver

volume small small tiny la rge small

shap e cylinder cylinder cylinder cylinder cylinder

out shot glasses and m ugs.

T able 3 sho ws the basic IOU algorithm. Step one uses standard explanation-based tec h-

niques to generalize eac h of the p ositiv e examples. The explanation of cup-1 is the same as

that sho wn in Figure 1, except the goal concept is drinking-vessel instead of cup . The explana-

tion of cup-2 di�ers only on ho w it is sho wn to b e graspable . The resulting explanation-based

generalizations are:

cup-1: has-b ottom & 
at-b ottom & has-handle & light w eight & has-concavit y &

up w a rd-p ointing-concavi ty

cup-2: has-b ottom & 
at-b ottom & width=small & insulating & light w eight & has-

concavit y & up w a rd-p ointing-concavi ty

Step t w o simply com bines the explanation-based generalizations disjunctiv el y and factors
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T able 3: The Basic IOU Algorithm.

1. Using the domain theory , sho w that eac h of the p ositiv e examples is a mem b er of the

explainable concept and generalize them using explanation-based learning.

2. Disjunctiv el y com bine the resulting generalizations to form the explanatory part of the

the de�nition, D

e

.

3. Discard an y negativ e examples that do not satisfy this explanatory comp onent.

4. Remo v e the explainable features in D

e

from the descriptions of the remaining examples.

5. Giv e the \reduced" set of examples to a standard empirical learning system to compute

the unexplainable comp onent of the de�nition, D

u

.

6. Output: D

e

& D

u

as the �nal concept description.

out common expressions. F or the sample problem, this pro duces the follo wing explanatory

comp onen t:

D

e

: has-b ottom & 
at-b ottom & light w eight & has-concavit y & up w a rd-p ointing-

concavit y & (width=small & insulating OR has-handle)

Step three discards negativ e examples that do not ev en satisfy the explanatory comp onent.

These negative examples are already eliminated as p otential mem b ers of the in tended concept

and require no further consideration. In the sample problem, the negativ e example can-1

can b e discarded. Although it is a stable op en-v essel, it is not graspable, b ecause it is not

insulating nor do es it ha v e a handle. Therefore it cannot function as a drinking v essel for

hot and cold liqui ds.

13



T able 4: Reduced Examples for Learning Cup.

cup-1 (+) cup-2 (+) shot-glass-1 (-) mug-1 (-)

colo r white red white copp er

volume small small tiny la rge

shap e cylinder cylinder cylinder cylinder

Step four remo v es the explainable features of the remaining examples to allo w the em-

pirical comp onent to fo cus on their unexplainable asp ects. The resulting reduced set of data

for the sample problem is sho wn in T able 4. In step �v e, the unexplained data is giv en to

a standard empiric al system for learning from examples. W e normally use a v ersion of ID3

(Quinlan, 1986) as the empirical comp onen t. ID3 builds decision trees whic h IOU trans-

lates in to a set of rules so that the �nal concept de�nition is in a uniform language. F or

the sample problem, ID3 generates the description volume=small for discriminating the cups

from the shot glass and the m ug. Lik e man y rule-based induction systems, ID3 is biased

to w ards simple, more-general descriptions, and this is the simplest description of the cups

that excludes the non-cups.

Ho w ev er, ID3 is not a particularly go o d algorithm for mo deling human empirical learning.

Because it tries to construct a minimal discrimi nan t description, it can fail to capture all of

the similarities among the p ositive examples. Therefore, a standard most-sp e ci�c-c onjunct ive

(MSC) learning algorithm (Haussler, 1988) can also b e used as the empiric al comp onent of

IOU. Early exp erime n ts b y Bruner, Go o dn o w, and Austin (1956) indicated that h uman

sub jects frequen tly use the MSC strategy (whic h they call wholist ) when learning concepts
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from examples. This algorithm simply forms the conjunction of all feature-v alue pairs present

in all of the p ositiv e examples. F or the examples in T able 4, this metho d pro duces the

description: volume=small & shap e=cylinder .

The �nal step of IOU simply com bines the explanatory and nonexplanatory comp onents

in to a �nal concept de�nition. This pro duces the follo wing de�nition for cup :

has-b ottom & 
at-b ottom & light w eight & has-concavity & up w a rd-p ointing-concavi ty

& (width=small & insulating OR has-handle) & volume=small & shap e=cylinder !

cup .

IOU actually maintains the explanatory and nonexplanatory comp onents separately in order

to allo w them to b e treated di�eren tly during classi�cation (see Section 4.2.2).

It is informativ e to compare IOU's results on this simple problem to those of purely

empirical learning systems. When ID3 is run b y itself on the data in T able 2, the extra

example can-1 causes colo r to b e the most informativ e feature and the system pro duces the

follo wing rule:

colo r=red OR (color=white & has-handle) ! cup

ID3 w ould clearly need man y more examples to learn the correct concept. Applying the

MSC algorithm to the examples in T able 2 generates the description:

has-b ottom & 
at-b ottom & lightw eight & has-concavity & up w a rd-p ointing-concavi ty

& width=small & volume=small & shap e=cylinder ! cup .
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This description is inconsisten t with the training data since it still co v ers the negativ e ex-

ample can-1 . This is b ecause the correct de�nition of the concept requires disjunction (i.e.

there are no necessary and su�cien t conditions). IOU uses the domain theory to learn the

disjunctiv e p ortion of the concept, sp eci�cally , the t w o alternative w a ys to ac hiev e graspabil-

it y . Mo oney (in press) presen ts additional theoretical and exp erimen tal evidence that IOU

learns more accurate concepts from fewer examples than pure empirical learning metho ds.

In its curren t implemen tation, IOU is a \batc h" learning system and pro cesses all of

the training examples at once. Ho w ev er, the basic algorithm is easily made incremen tal

if the empirical learner is itself incremen tal. The explanatory part of the de�nition can

b e assem bled increme n tally b y disjunctiv e ly adding the explanation-based generalization

of eac h new p ositiv e example. Also, eac h time a new example is encoun tered it is either

discarded as an unprov able negative example or its explainable features are remov e d and the

remaining features are passed along to the empirical comp onen t, whic h incremen tally forms

the nonexplanatory part of the de�nition. F or example, one could use an incremen tal v ersion

of ID3 (e.g. Utgo� 's (1989) ID5) or the MSC algorithm (whic h is naturally incremen tal).

4.2 Psyc hological Relev ance of IOU

Although some of the ideas underlying IOU were deriv ed from psyc hological results, it w as

not sp eci�cally designed as a mo del of human category learning. Nev erthe less, there are tw o

recen t psyc hological studies that are relev an t to viewing IOU as a cognitiv e mo del. First,
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there is an exp erimen t b y Ahn and Brew er (1988) that motiv ated the dev el opmen t of IOU

b y demonstrating that sub jects learn explanatory and nonexplanatory asp ects of a concept

separately . Second, there is an exp erimen t b y Wisniewski (1989) demonstrating that sub jects

learn di�eren t concepts from the same examples dep ending on whether or not they are told

the function of the categories.

4.2.1 Learning Explanatory and Nonexplanatory Information

Some recen t exp erimen ts b y Ahn and Brew er (1988) w ere one of the original motiv ations

b ehind the developmen t of IOU. These exp erimen ts w ere designed to follow up previous ex-

p erimen ts b y Ahn, Mo oney , Brew er, and DeJong (1988) that in v estigated sub jects' abilit y to

use explanation-based learning to acquire a plan sc hema from a single instance. The original

exp erimen ts rev ealed that, like an explanation-based system, h uman sub jects could acquire

a general plan schema from a single sp eci�c instance describ ed in a narrativ e. The follow-up

exp erimen ts explored sub jects' ability to learn ev en t sc hemata that contain b oth explainable

and unexplainable (con v en ti onal) asp ects after receivi ng only a single example, and after

receivi ng m ultipl e examples. F or example, one of the sc hemata used in the exp erimen ts is

the p otlatc h ceremon y conducted b y American Indian trib es of the North w est. If one has

the appropriate kno wledge regarding the goals and customs of these Indians, man y asp ects

of the p otlatc h ceremon y can b e explained in terms of a plan to increase the so cial status

of the host. Ho w ev e r, there are also a n um b er of ritualistic features of the ceremon y that
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cannot b e explained in this manner.

The results of this exp erimen t indicated that the explainable asp ects of the p otlatc h

ceremon y w ere acquired after exp osure to only a single instance, while the nonexplanatory

asp ects of the ceremon y w ere only acquired after m ultiple instances w ere presen ted. This

supp orts the view that p eople use di�eren t learning mechanisms to acquire these di�erent as-

p ects of a concept, as in the IOU metho d. Sub jects w ere also ask ed to rate their con�dence in

their assertions that a comp onent is a part of the general ceremony . The sub jects' con�dence

ratings for explanatory comp onen ts w ere signi�can tly higher than for nonexplanatory ones

after b oth one and tw o instances. Also, m ultiple examples increased sub jects' con�dence and

accuracy with resp ect to nonexplanatory comp onents but not with resp ect to explanatory

ones. This suggests that, lik e IOU, p eople treat explanatory and nonexplanatory asp ects of

a concept di�erently .

4.2.2 Sim ulating the E�ects of F unctional Kno wledge

This section demonstrates IOU's abilit y to mo del the sp eci�c results of some additional

psyc hological exp eriments exploring the e�ect of background kno wledge on concept learning

(Wisniewski, 1989). It is imp ortant to note that IOU was not sp eci�cally designed to simulate

these results, but rather the basic metho d was already dev elop ed when the author learned of

the results of this exp erimen t. In Wisniewski's exp eriment, t w o groups of sub jects p erformed

a standard learning-from-examples task. Both groups receiv ed the same examples, but one
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group, the function gr oup , w as told the functions of the t w o categories to b e discriminated and

the other, the discrimination gr oup , w as not. F or example, the function group w as told that

one category w as used for kill ing bugs and the contrast category was used for wallpap ering.

Examples w ere describ ed b y a n um b er of features. A particular feature v alue could b e

either pr e dictive or nonpr e dictive of a particular category . In the training set con taining 15

examples of eac h category , all examples con taining a predictiv e feature v alue of a category

w ere mem b ers of that category and 80% of the category mem b ers had the predictiv e feature

v alue (the other 20% w ere missing a v alue for this feature). Nonpredictiv e feature v alues

o ccurred equally often in b oth categories. A feature v alue w as also c or e or sup er�cial . A

core feature v alue w as relev an t to a category's function, while a sup er�cial one w as not.

F or example \con tains p oison" w as a core feature v alue of the category whose function w as

\for killing bugs," while \manufactured in Florida" was sup er�cial. Eac h category contained

three sup er�cial feature v alues (t w o predictiv e and one nonpredictiv e ) and t w o core feature

v alues (one predictiv e the other nonpredictive). The sup er�cial-nonpredictiv e feature v alue

of a category was the core-nonpredictive feature v alue of its contrast category . T able 5 sho ws

the di�eren t t yp es of features for t w o con trasting categories used in the exp erimen t. Eac h

training example of a category con tained 4 of the 5 c haracteristic features from this table.

Eac h training example also had tw o additional features with random v alues. An example of

a training example in the category \mornek" is:
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T able 5: Di�eren t F eature T yp es for Exp erimen tal Categories.

Mornek Plap el

F unction: for killing bugs F unction: for w allpap ering

spra y ed on plan ts C-P spra y ed on w alls C-P

con tains p oison C-NP con tains p oison S-NP

con tains a stic ky substance S-NP con tains a stic ky substance C-NP

stored in a garage S-P stored in a basement S-P

man ufactured in Florida S-P man ufactured in Ohio S-P

C-P : core predictiv e C-NP : core non-predictiv e

S-P : sup er�cial predictiv e S-NP : sup er�cial non-predictive

spra y ed on plan ts, con tains p oison, contains a stic ky substance, stored in a garage,

man ufactured in Florida, b est if used in 1 y ear, comes in 16 oz con tainer.

where the example is missing only one of the c haracteristic features of \morneks" (spra y ed

on plan ts) and the last t w o features hav e random v alues.

After learning the training data, sub jects w ere giv en 10 test examples of eac h category .

Eac h of the ten examples of a category con tained more predictiv e features of that category

than the con trast category . Sup er�cial-c or e* test examples con tained the t w o sup er�cial-

predictiv e feature v alues of the category and the t w o core feature v alues of the con trast

category . Cor e examples con tained just the core feature v alues of the category , while su-

p er�cial examples con tained just the sup er�cial-predictiv e feature v alues. Cor e-sup er�cial

examples contained all of the core and sup er�cial feature v alues. Eac h test example also had

t w o extra random feature v alues. Sample test examples for the Mornek category are sho wn

in T able 6
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T able 6: Sample T est Items for Mornek.

sup er�cial-core* core

stored in a garage S-P con tains p oison C-NP

man ufactured in Florida S-P spra y ed on plan ts C-P

con tains a stic ky substance C-NP* b est if used within 5 y ears R

spra y ed on w alls C-P* came in a 32-ounce con tainer R

b est if used within 1 y ear R

sup er�cial sup er�cial-core

stored in a garage S-P stored in a garage S-P

man ufactured in Florida S-P man ufactured in Florida S-P

b est if used within 1 y ear R con tains a stic ky substance S-NP

came in a 16-ounce con tainer R con tains p oison C-NP

spra y ed on plan ts C-P

b est if used within 1 y ear R

S-P : sup er�cial predictiv e S-NP : sup er�cial non-predictive

C-P : core predictiv e C-NP : core nonpredictive

C-P* : core predictive (of other class) C-NP* : core nonpredictive (of other class)

R : random

Sub jects in b oth groups w ere ask ed to rate their con�dence in the category of eac h test

example on a scale of 1 to 7, where 1 w as most con�dent for the \wrong" category and 7 most

con�den t for the \right" category . In general, the results demonstrated that sub jects in the

function group attributed more relev ance to the core feature v alues while the discrimination

group relied more hea vily on sup er�cial predictiv e features (see T able 7). Ho w ev er, the

function group also made some use of sup er�cial-predictiv e features v alues, indicating they

w ere using a com bination of empirical and explanation-based tec hniques.
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In the sim ulation, IOU w as used to mo del the p erformance of the function group and a

standard most-sp eci�c-conjunctiv e empirical metho d (MSC) w as used to mo del the discrim-

ination group. In b oth cases, the systems w ere giv en the same training and test examples

giv en to the sub jects. Simple in tuitiv e domain theories were constructed for connecting core

feature v alues to category memb ership. F or example, IOU's o v erly-general theory for Mornek

is giv en b elo w:

contact-bugs & deadly ! kills-bugs

contains-p oison ! deadly

electric-sho ck ! deadly

sp ra y ed-on=plants ! contact-bugs

emits-light & lo cation=outdo ors ! contact-bugs

The MSC metho d w as also used as the empirical comp onen t of IOU. In order to accommo date

missing feature v alues, only features that app ear with di�eren t v alues in di�eren t p ositiv e

examples are actually deleted from the most-sp eci�c conjunctiv e description. This has the

same e�ect as replacing missing features with their most probable v alue giv en the class

(Quinlan, 1986 ) b efore forming the MSC description.

Since all of the core and sup er�cial features of a category sho wn in T able 5 are either

presen t or missing a v alue in all of its examples, the most-sp eci�c conjunctiv e description

of a category con tains all of these c haracteristic features. Since the t w o remaining features

(\b est if used in" and \con tainer size") ha v e di�eren t random v alues, they are dropp ed
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from the MSC description. Since the t w o core features of eac h category are explained b y

the domain theory , they comprise the explanatory comp onen t of IOU's concept description.

Since the sup er�cial features of a category are either presen t or missing a v alue in all of

its examples, they are all included in the MSC description of the unexplained features;

ho w ev er, the random features are dropp ed. Therefore, IOU's category descriptions also

include all of the core and sup er�cial features of the category . Ho w ev er, IOU separates them

in to explanatory and nonexplanatory comp onents. F or example, the concept description for

\morneks" pro duced b y b oth IOU and MSC is (explanatory features are in small caps):

spra yed-o n=pl an ts & cont ains-po ison & contains-sticky & sto red-in=ga rage

& manufactured-in=
o rida

The follo wing equation w as used to pro duce a con�dence rating (1 � C � 7) for the test

examples:

C = 4 + 1 : 5( M

1

� M

2

)

M

1

and M

2

are matc h scores ( � 1 � M

i

� 1) for the tw o categories computed by examining

eac h feature-v alue pair in the most-sp eci�c-conjunctiv e description for the category and

scoring as follo ws: +1 if the example had the same v alue, 0 if the feature w as missing, and

-1 if it had a con
icting v alue. The result w as scaled b y dividing b y the maxim um p ossible

score. F or IOU, explanatory (core) features w ere w eigh ted more hea vily b y ha ving them

coun t t wice as m uc h (i.e. the matc h score w as incremen ted or decremen te d b y 2 instead of
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T able 7: Av erage Con�dence Ratings for T est Examples

Sub jects Sim ulati on

Item T yp e F unction Discrimination IOU MSC

sup er�cial-core* 4.00 5.02 3.79 4.60

core 6.16 5.93 5.07 4.60

sup er�cial 6.04 6.36 4.86 5.20

sup er�cial-core 6.43 6.54 5.71 5.80

1). This scoring tec hnique is a simple metho d for obtaining a con�dence rating b et w een 0

and 7 based on the degree to which an example matches the MSC description of each of the

t w o categories. Sev eral other similar scoring mec hanisms were tried without an y signi�cant

e�ect on the qualitativ e results. The imp ortan t factor is that the score is high when an

example matc hes the description of the �rst category more than the second and that it is

lo w when an example matc hes the description of the second category more than the �rst.

The qualitative results are also insensitiv e to the exact additional weigh ting assigned to the

explanatory features (a w eigh ting factor of 1.5 or 3 w orks as w ell as 2).

T able 7 sho ws b oth the original exp erimental results and the results of the sim ulation.

Although the exact con�dence v alues of the sim ulation do not matc h the sub jects, all of

the imp ortan t di�erences men tioned b y Wisniewski (1989) are presen t. F or the sup er�cial-

core* items, the IOU (function) scores are lo w er than the MSC (discrimination) scores.

Although these items ha v e the sup er�cial features of the \correct" category , they ha v e the

core features of the con trast category causing the function group (and IOU) to rate them

lo w er. IOU (function group) scores the core items higher than the sup er�cial items, while
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MSC (discrimination group) scores the sup er�cial items higher than the core items. Finally ,

the IOU (function) scores are lo w er than the MSC (discrimination) scores for the sup er�cial

items but higher for the core items.

All of these correctly mo deled e�ects stem from IOU's separation of concepts in to explana-

tory and nonexplanatory comp onents and its scoring pro cedure that weigh ts the explanatory

features more hea vily . Since IOU is unique among curren t in tegrated mac hine learning sys-

tems in separating its concepts in to explanatory and nonexplanatory comp onen ts, it seems

clear that other existing systems would b e unable to mo del these results. Ho w ev er, the e�ects

are not particularly dep enden t on the sp eci�c details of the IOU algorithm; and therefore

other metho ds that include b oth explanatory and nonexplanatory features in their concepts

and w eigh t the former more heavily ma y also b e able to mo del these results.

5 Theory Revision in Either

IOU uses a theory to bias induction but it cannot mo dify a theory to account for anomalous

empirical data. Either (Explanation-Based and Inductiv e Theory Extension and Revision),

is a more recent system that can actually revise an existing domain theory to �t a set of data.

As rev ealed b y explanation-based learning, category kno wledge is frequently b est viewed as

a complex set of in teracting rules (a domain theory) rather than a simple set of features,

conditional probabilities, or exemplars. Some of these rules ma y ha v e b een learned from

direct instruction, and others ma y ha v e b een induced from examples of previously learned
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concepts. In an y case, learning a new concept can in v olv e using empirical data to revise an

existing domain theory b y mo difying, adding, or deleting rules.

Either is a complicated system that has ev olv e d o v er sev eral y ears of researc h. In this

pap er, w e only ha v e space to present an o v ervi ew of the basic system. Ho w ev er, it should b e

noted that Either has already successfully revised tw o real-w orld rule-bases. One of these

iden ti�es biologically imp ortan t DNA sequences called \promoters" and the other diagnoses

diseased soyb ean plan ts. In terested readers are referred to Ourston and Mo oney (1990) and

Mo oney and Ourston (1991b) for more details.

5.1 The Theory Revision Problem

Either com bines explanation-based and empirical metho ds to provide a fo cused correction

to an imp erfect domain theory . The explanation-based part of the system iden ti�es the

failing parts of the theory , and constrains the examples used for induction. The empirical

part of the system determines sp eci�c corrections to failing rules that renders them consistent

with the empirical data. T able 8 more precisely de�nes the problem addressed b y Either .

It is di�cult to precisely de�ne the term \minimal" used to c haracterize the revision to b e

pro duced. Since it is assumed that the original theory is \appro ximately correct" the goal

is to c hange it as little as p ossible. Syn tactic measures such as the total n um b er of sym b ols

added or deleted are reasonable criteria. Either uses v arious heuristic metho ds to help

insure that its revisions are minimal in this sense.
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T able 8: The Either Problem.

Giv en:

� A set of p ositiv e and negativ e examples of a concept eac h describ ed by a set of observ able

features.

� An imp erfect prop ositional Horn-clause domain theory for the concept.

Determine :

A minimally revised v ersion of the domain theory that is consistent with the examples.

OVERLY 
SPECIFIC

OVERLY 
GENERAL

MISSING
RULE

ADDITIONAL
ANTECEDENT

EXTRA
RULE

MISSING
ANTECEDENT

INCORRECT THEORY

Figure 3: T axonom y of Incorrect Theories

A domain theory can b e incorrect in v arious w a ys. Figure 3 sho ws a taxonomy of incorrect

theories. A t the top lev e l, theories can b e incorrect b ecause they are either o v erly -general

or o v erly-sp eci�c. An o v erly-general theory en tails mem b ership for some examples that

are not mem b ers of a category . One w a y a theory can b e o v erly general is when rules

lac k required an teceden ts, pro viding pro ofs for examples that should ha v e b een excluded.

Another w a y a theory can b e o v erly-general is when a completely incorrect rule is presen t.
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T able 9: Examples for Theory Revision.

cup-1 (+) cup-2 (+) cup-3 (+) can-1 (-) b o wl-1 (-) b o wl-2 (-)

has-b ottom true true true true true true


at-b ottom true true true true true true

has-concavit y true true true true true true

up w a rd-p ointing true true true true true true

light w eight true true true true true true

has-handle false true true false false false

width small medium medium small medium medium

insulating true true true false true true

colo r red blue tan gra y red blue

volume small small small small small la rge

shap e round round cylinder cylinder round round

By con trast, an o v erly-sp eci�c theory fails to en tail mem b ership for some examples of a

category . This can o ccur b ecause the theory is missing a rule whic h is required in the pro of

of concept mem b ership, or b ecause existing rules ha v e additional an teceden ts that exclude

concept mem b ers. Consequen tly , incorrectly classi�ed examples can b e of t w o t yp es. A

failing p ositive refers to an example that is not pro v able as a mem b er of its o wn category .

This indicates a need for generalizing the theory b y adding rules or deleting anteceden ts. A

failing ne gative refers to an example that is pro v able as a mem b er of a category other than

its o wn. This indicates a need to sp ecialize a theory by adding an teceden ts or deleting rules.

As a concrete example, consider v arious errors that migh t o ccur in the theory for cup

( drinking-vessel ) in tro duced in Section 2. Assume the set of training examples is sho wn in

T able 9. These examples di�er only in graspabilit y . If the theory is missing the rule: has-

handle ! graspable , then cup-2 and cup-3 can no longer b e shown to b e cups and are therefore
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failing p ositiv es, indicating that the theory needs to b e generalized. If the theory is missing

the an teceden t width=small from the rule: width=small & insulating ! graspable , then b o wl-1

and b o wl-2 can b e incorrectly shown to b e cups and are therefore failing negativ es, indicating

that the theory needs to b e sp ecialized. If the theory has b oth of these faults, then cup-2 is

a failing p ositive and b o wl-1 and b o wl-2 are failing negatives. Giv en the examples in T able 9,

Either can revise the theory to correct for either or b oth of these faults.

5.2 Ov erview of the Theory Revision Algorithm

This section reviews Either 's basic revision metho d, whic h in tegrates deductive, ab ductive

3

,

and inductive reasoning. The system's top-lev el arc hitecture is sho wn in Figure 4. Either

�rst attempts to �x failing p ositiv es b y remo ving or generalizing an teceden ts and to �x

failing negativ es b y remo ving rules or sp ecializi ng an teceden ts since these are simpler and

less p o w erful op erations. Only if these op erations fail do es the system resort to the more

p o w erful tec hnique of using induction to learn new rules to �x failing p ositiv es, and to learn

new an teceden ts to add to existing rules to �x failing negatives.

Either initially uses deduction to iden tify failing p ositiv es and negativ es among the

training examples. It uses the pro ofs generated b y deduction to �nd a near-minimal set

of rule retractions that w ould correct all of the failing negativ es. During the course of the

correction, deduction is also used to assess prop osed c hanges to the theory as part of the

3

Ab duction is the pro cess of �nding sets of assumptions that allo w an observ ation to b e explained (P eirce,

1931-1958 ; Charniak & McDermott, 1985)
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Figure 4: Either Arc hite cture

generalization and sp ecialization pro cesses.

Either uses ab duction to initially �nd the incorrect part of an o v erly -sp eci�c theory .

In Either , ab duction iden ti�es sets of assumptions that allo w a failing p ositive to b ecome

pro v able. These assumptions iden tify rule an teceden ts (called c on
icting ante c e dents ) that,

if deleted, w ould prop erly generalize the theory and correct the failing p ositiv e. Either

uses the output of ab duction to �nd a near-minim um set of con
icting an teceden ts whose

remo v al w ould correct all of the failing p ositives.

If rule and an teceden t retraction are insu�cien t, induction is used to learn new rules

or to determine additional an teceden ts to add to existing rules. Either uses the output

of ab duction and deduction to determine an appropriately lab eled subset of the training
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examples to pass to induction in order to form a consisten t correction. Either curren tly

uses a v ersion of ID3 (Quinlan, 1986) as its inductiv e comp onen t. As in IOU, the decision

trees returned b y ID3 are translated in to equiv alen t rules. The remaining comp onen ts of

the Either system constitute generalization and sp ecialization con trol algorithms, whic h

iden tify and sp ecify the typ es of corrections to b e made to the theory .

As an example of the generalization pro cess, consider missing the has-handle rule from the

theory for cups. This results in cup-2 and cup-3 b ecoming failing p ositives. These examples

are almost prov able as cups except they cannot b e shown to b e graspable . Consequen tly , Ei-

ther �rst fo cuses on the remaining rule for graspable and attempts to retract the anteceden t

width=small in order to mak e the failing p ositiv es pro v able. Ho w ev er, this o v er-generalize s

and results in b o wl-1 and b o wl-2 b ecoming failing negatives. Consequently , the system uses

cup-2 and cup-3 as p ositiv e examples and b o wl-1 and b o wl-2 as negative examples to induce

a new rule for graspable. Since the single feature has-handle distinguishes these examples,

ID3 induces the correct rule: has-handle ! graspable .

As an example of the sp ecialization pro cess, consider missing the anteceden t width=small

from the rule width=small & insulating ! graspable . Either �rst attempts to retract the

resulting o v erly-general rule: insulating ! graspable , in order to remo v e the fault y pro ofs

of the failing negativ es, b o wl-1 and b o wl-2 . The system fo cuses on this rule b ecause its

remo v al eliminates the fault y pro ofs of the failing negativ es while minimizi ng the n um b er

of failing p ositiv es created in the pro cess. Since retracting this rule do es create one failing
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p ositiv e ( cup-1 ) the system decides it needs to sp ecialize the rule b y adding an teceden ts.

Consequen tly , the system uses cup-1 as a p ositive example and b o wl-1 and b o wl-2 as negative

examples and passes them to ID3. Since the v alue of the single feature width distinguishes

these examples, ID3 �nds the correct missing an teceden t width=small and adds it to the

o v erly-general rule for graspable .

5.3 Theory for Data In terpretation

Either also uses its theory to augment the represen tation of examples prior to passing them

to induction. Using a pro cess frequen tly referred to as c onstructive induction (Mic halski,

1983; Drastal et al., 1989; Mo oney and Ourston, 1991a), the domain theory is used to deduce

higher-lev el features from the observ able features describing the examples. Sp eci�cally , when

using induction to learn a new rule or to determine which an teceden ts to add to an existing

rule, forw ard deduction is used to iden tify the truth v alues of all in termedi ate concepts

4

for eac h of the failing examples. In terme diate concepts that can b e deduced are then fed to

the inductiv e learner as additional features. If the truth v alue of an in termedi ate concept is

highly correlated with the class of the failing examples, then it is lik e ly to b e used b y the

inductiv e learner.

F or example, assume that the cup theory is missing the rule for liftable , but is otherwise

correct. P erforming forw ard deduction on the failing p ositiv es (all of the cup examples in

4

An interme diate c onc ept is an y term in a domain theory that is neither an observ able feature used to

describ e examples nor a category in to whic h examples are to b e even tually classi�ed.
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this case) will alw a ys add the feature graspable , since all cups are graspab le. Therefore,

the description of the p ositiv e examples is augmen ted with the higher-lev e l feature graspable

prior to b eing used for induction. In other w ords, the existing theory is used to interpret and

redescrib e the examples. Since the added graspable feature helps to discriminate b etw een the

p ositiv e and negativ e examples of liftable , it is v ery lik ely to b e used by the empirical learner.

Consequen tly , when the rule for liftable is remo v ed from the theory , Either usually relearns

the correct rule ( graspable & light w eight ! liftable ) after 20 random training examples.

As another example of this pro cess, assume the cup theory is missing the top-level rule:

stable & liftable & op en-vessel ! cup , but is otherwise correct. In this case, forward deduction

adds the features stable , liftable , and op en-vessel to eac h of the p ositive examples. These high-

lev el features can then b e used by the inductive subsystem to help discriminate the p ositive

and negativ e examples. Consequen tly , when the cup rule is remo v ed from the theory , Either

usually relearns the correct rule after ab out 30 random training examples. If the theory is

not used to in terpret the data, then 80 examples are usually required to learn the correct

de�nition of cup directly in terms of observ able features.

5.4 Psyc hological Relev ance of Either

Lik e IOU, Either w as not sp eci�cally designed to mo del h uman category learning; ho w-

ev er, man y of its basic goals and metho ds ha v e some psychological relev ance. In particular,

Wisniewski and Medin (1991) rep ort some relev an t psyc hological results on theory revision
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Figure 5: Sample Dra wings from Wisniewski & Medin (1991)

and data in terpretation. Their exp erimen ts studied sub jects learning to categorize c hildren' s

dra wings of a p erson. Some of the dra wings used in the exp erimen ts are sho wn in Figure 5.

The metho dology is a basic learning from examples paradigm except one group of sub jects,

the standar d gr oup , w ere giv en meaningless category names while sub jects in the the ory gr oup

w ere giv en meaningful names suc h as \dra wings b y high IQ c hildren" vs. \dra wings b y lo w

IQ c hildre n" or \dra wings b y farm c hildren" vs. \dra wings b y cit y c hildren." Sub jects in

b oth groups w ere ask ed to write do wn a rule for eac h category that someone else could use

to accurately categorize the drawings.

One asp ect of the sub jects' rules that Wisniewski and Medin analyzed w as the degree of

abstraction. They divided rules into the follo wing three typ es:
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T able 10: F requency of Rule T yp es

Standard Group Theory Group

Concrete Rules 81% 35%

Abstract Rules 16% 37%

Link ed Rules 3% 28%

� Concr ete: Consisting of simple features that are easily observ able, e.g. \buttons or

strip es on their shirts and dark, thic k hair."

� A bstr act: Consisting of features that are more complex, higher lev e l, or less p erceptual,

e.g. \lo ok more normal."

� Linke d: Consisting of connected abstract and concrete features, e.g. \added more

detail such as teeth."

They found that sub jects in the theory group pro duced more abstract and link ed rules

compared to the standard group. The sp eci�c results are sho wn in T able 10. These results

are nicely explained b y the h yp othesis that sub jects in the theory group are using their

bac kground theories to in terpret the data. Lik e Either adding graspable to its description

of a cup, they are inferring abstract features and adding them to the data b efore inducing

a rule. Link ed rules o ccur b ecause the sub jects are also writing do wn the concrete features

from whic h their abstract features w ere deriv ed.

Wisniewski and Medin also note that sub jects giv en di�eren t meaningful lab els for cat-

egories extract di�eren t high-lev el features from the dra wings. A sub ject told that the
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dra wings in Category 1 of Figure 5 w ere dra wn b y creativ e c hildre n in terpreted the part

of dra wing 5 indicated b y the arro w as \buttons." The sub ject men tioned this feature as

evidence for detail, whic h implied creativit y . On the other hand, a sub ject told that this

�gure w as dra wn b y a cit y c hild in terprete d it as a \tie." This sub ject mentioned the feature

as evidence that the p erson w as a business-p erson, implying it w as dra wn b y a cit y p er-

son. This phenomenon is nicely explained b y the h yp othesis that di�eren t category lab els

\activ ate" di�erent domain theories and therefore result in di�erent abstract features b eing

deriv ed from the p erceptual data.

Wisniewski and Medin also found evidence for theory revision in their results. Based on

the data, sub jects w ould sometimes c hange their de�nition of an abstract feature. In one

particular case, a sub ject mentioned that a drawing depicted detailed clothing and therefore

m ust ha v e b een dra wn b y a creativ e c hild. When told that the dra wing w as done b y a

noncreative c hild, they c hanged their de�nition for what counted as \detail." This is similar

to Either altering its de�nition of graspable after misclassifying some examples or counter-

examples of cups. In another case, a sub ject initiall y stated that a dra wing w as done b y

a cit y c hild b ecause \it lo oks v ery detailed, has colored-in places." When told that it w as

actually dra wn b y a farm c hild, the sub ject sp ecialized his/her rule: detail ! cit y-child b y

adding a constrain t induced from the data. Sp eci�cally , the p erson stated that \dra wings

with detail in sp eci�c clothing is more of a rule for city kids { not detail in b o dy mo v emen t

as this one had."
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6 Conclusions

Recen t results in b oth mac hine learning and cognitiv e psyc hology demonstrate that e�ectiv e

category learning inv olv es an in tegration of theory and data. Theories can bias induction and

alter the representation of data, and con
icting data can result in theory revision. This pap er

has review ed t w o recen t mac hine learning systems that attempt to integrate theory and data.

IOU uses a domain theory to acquire part of a concept de�nition and to fo cus induction on

the unexplained asp ects of the data. Either uses data to revise an imp erfect theory and

uses theory to add abstract features to the data. Recen t psyc hological exp erimen ts rev eal

that sub jects p erform man y of the same op erations as these machine learning systems. Lik e

IOU, p eople separate category de�nitions into explanatory and nonexplanatory comp onents,

acquire explanatory comp onen ts earlier, and ha v e more con�dence in explanatory asp ects.

Lik e Either , p eople use background theories to derive abstract features from the data, and

revise p ortions of their theories to accoun t for con
icting data.

Nev erthel ess, in man y w a ys, curren t mac hine learning systems are not nearly as adept

as p eople at in tegrating theory and data in learning. P articular areas requiring further re-

searc h concern revising probabilistic and relational theories. Most curren t in tegrated learning

systems are restricted to theories expressed in prop ositional logic. Consequen tly , they are

incapable of reasoning ab out their con�dence in their theories and conclusions, and cannot

handle complex, relational descriptions that require the expressive p o w er of �rst-order pred-
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icate logic. These areas of mac hine learning are just b eginning to b e explored (Ric hards &

Mo oney , 1991; P azzani, Brunk & Silv erstei n, 1991; F u, 1989). In general, the in teraction

b et w een theory and data in learning has just b egun to b e in v e stigated.

F rom a mac hine-le arning p ersp ective, metho ds for integrating theory and data in learning

can greatly improv e the dev elopmen t of in tell igen t systems. Standard metho ds for building

kno wledge bases b y in tervi ewing exp erts are lab orious and error-prone. Standard mac hine

learning metho ds for learning from examples are also inadequate since one rarely has enough

data to induce a complete and correct kno wledge base from scratc h. In addition, mac hine-

induced kno wledge fails to make use of existing h uman concepts and is therefore frequently

unable to pro vide comprehensible explanations for the conclusions it w arran ts. Theory re-

vision, on the other hand, allows a system to accept an incomplete, approximate knowledge

base and re�ne it through exp erience. P eople acquire exp ertise through a com bination of

abstract instruction and exp erience with sp eci�c cases, and mac hine learning systems that

in tegrate theory and data are trying to successfully emulate this approach.

F rom a psychological p ersp ective, metho ds for integrating theory and data can hop efully

impro v e our understanding of h uman category learning. Arti�cial learning problems that

minimiz e the role of prior kno wledge are not represen tativ e of the categorization problems

that p eople confront ev ery da y . Mac hine learning algorithms that can simulate psyc hological

data on the e�ect of prior kno wledge on learning can provide v aluable insight in to ho w p eople

learn in more natural settings. In turn, understanding the sp eci�c wa ys in whic h theory and
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data in teract in h uman learning can hop efully lead to the dev el opmen t of more e�ectiv e

educational metho ds for com bining the presen tation of abstract rules and principles with

concrete examples.
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