
Technical Report AI 91-153, Artificial Intelligence Lab, University of Texas at Austin, March, 1991

Theory Re�nemen t with Noisy Data

�

Ra ymond J. Mo oney and Dirk Ourston

Departmen t of Computer Sciences

Univ ersit y of T exas

Austin, TX 78712

email: mo oney@cs. utexas .edu [(512)471-9558],

dirk@cs.utexas.edu [(512)471-9715]

April 1, 1992

Abstract

This pap er presen ts a metho d for revising an appro ximat e domain theory based on

noisy data. The basic idea is to a v oid making c hanges to the theory that accoun t for

only a small amoun t of data. This metho d is implemented in the EITHER prop ositional

Horn-clause theory revision system. The pap er presents empirical results on arti�cially

corrupted data to sho w that this metho d successfully prev en ts o v er-�tting. In other

w ords, when the data is noisy , p erformance on no v el test data is considerably b etter

than revising the theory to completely �t the data. When the data is not noisy , noise

pro cessing causes no signi�cant degradation in p erformance. Finally , noise pro cessing

increases e�ciency and decreases the complexity of the resulting theory .

�

This researc h w as supp orted b y the NASA Ames Researc h Cen ter under gran t NCC 2-629. Equipmen t

used w as donated by the T exas Instrumen ts Corp oration.
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1 In tro duction

Theory revision, or kno wledge-base re�nemen t, is a di�cult problem that has imp ortan t

applications in the developmen t of exp ert systems. An appro ximate domain theory obtained

from an exp ert or a textb o ok can b e substan tially impro v ed b y observing the errors it

mak es on a set of empirical data and automatically mo difying the theory to correct for these

errors. Previous w ork on this problem

[

Ginsb erg, 1990; Ourston and Mo oney , 1990a

]

has

fo cussed on basic mec hanisms for re�ning theories to completel y �t a set of noise-free data.

Unfortunately , real-w orld data is frequen tl y noisy and contains incorrect categorizations and

feature v alues. In suc h cases, mo difying the theory to account for all of the data may result in

\o v er-�tting" b y unnecessarily changing and complicating the theory to accommo date noisy

examples. Although the noise problem has b een confron ted in standard inductiv e learning

systems

[

Quinlan, 1986a; Mingers, 1989

]

, the problem of re�ning an existing domain theory

using noisy data has not previously b een addressed.

This pap er presen ts a metho d for using noisy data to revise domain theories. W e are

dev eloping a system called EITHER that is capable of revising arbitrarily imp erfect prop osi-

tional Horn-clause domain theories. In

[

Ourston and Mo oney , 1990a

]

w e describ ed an initial

v ersion of the system that mo di�es a theory to completely �t a set of empiric al data. This

pap er describ es imp ortant additions to EITHER for handling noisy data. Basically , the sys-

tem is prev en te d from making complicated changes to the theory in order to account for only

a small amoun t of data. W e presen t empirical results that sho w this metho d successfully

prev en ts o v er-�tting. In other w ords, when the data is noisy , accuracy on nov el test data is

signi�cantly b etter than revising the theory to completel y �t the data. When the data is

not noisy , noise pro cessing do es not signi�can tly e�ect p erformance. By a v oiding unneces-

sary revisions, noise pro cessing also increases e�ciency and decreases the complexity of the

resulting theory .

2 Problem De�nition

Figure 1 giv es a de�nition of the problem EITHER addresses. It is di�cult to precisely

de�ne the phrases \minimally revised" and \most of the examples." 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 suc h as the total n um b er of sym b ols added or deleted are reasonable

criteria. EITHER uses v arious metho ds to help insure that its revisions are minimal in this

sense. In order to prev en t o v er-�tting, EITHER a v oids making c hanges to the theory that

accoun t for only a single piece of data.

As in

[

Mitc he ll et al. , 1986

]

, concepts are de�ned as predicates o v er some univ erse of

instances and a domain theory is de�ned as a logical theory that de�nes a set of concepts. The

curren t v ersion of EITHER is restricted to Horn-clause theories expressed in a prop ositional
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Giv en: An imp erfect domain theory for a set of categories and a set of

classi�ed examples that are describ ed b y a set of observ able features and that

ma y su�er from feature and category noise.

Find: A minimall y revised v ersion of the domain theory that correctly clas-

si�es most of these examples without o v er-�tting the theory to noise in the data.

Figure 1: Problem De�nition for Theory Re�nemen t with Noise

logic whose atomic formulae include feature-v alue pairs and n umerical thresholds as w ell as

binary prop ositions. Figure 2 sho ws a sample domain theory for animals. This theory is an

extended v ersion of a set of rules given in

[

Winston and Horn, 1989, pages 388-390

]

. Leading

question marks denote v ariables, whic h are only used to de�ne thresholds on n umericall y-

v alued features.

F or the purp ose of re�nement, a closed-world assumption is made. If the theory do es not

pro v e that an example is a memb er of a concept, then it is assumed to b e a negative example

of that concept. A domain theory is required to b e acyclic and therefore de�nes a directed

acyclic graph (D A G). Prop ositions that are used to describ e the examples (e.g. (color black))

are called observables . T o a v oid problems with negation as failure, only observ ables can

app ear as negated an teceden ts. Prop os itions that represen t the �nal concepts in whic h

examples are to b e classi�ed (e.g. p enguin) are called c ate gories . It is curren tly assumed

that the categories are disjoin t. In a t ypical domain theory , all of the sources (leav e s) of the

D A G are observ ables and all of the sinks (ro ots) are categories. Prop os itions in the theory

that are neither observ ables nor categories (e.g bird) are called interme diate c onc epts .

3 Review of EITHER's Theory Revision Algorithm

EITHER 's original theory re�nemen t algorithm is presented in

[

Ourston and Mo oney , 1990 a

]

and an extension to this algorithm for m ulti-category theories is presen ted in

[

Ourston and

Mo oney , 1990 b

]

. The EITHER algorithm is designed to correct theories that are either ov erly

general or o v erly sp eci�c or b oth. An o v erly-general theory is one that causes an example

(called a failing ne gative ) to b e classi�ed in categories other than its o wn. This is due to

additional rules or rules with missing or ov erly-general anteceden ts. EITHER sp ecializes ex-

isting an teceden ts, adds new anteceden ts, and retracts rules to �x these problems. An o v erly

sp eci�c theory causes an example (called a failing p ositive ) not to b e classi�ed in its own cat-

egory . This is due to missing rules or rules with extra or ov erly-sp eci�c anteceden ts. EITHER

retracts and generalizes existing anteceden ts and learns new rules to �x these problems.

During theory generalization, EITHER uses a greedy co v eri ng algorithm to �nd a near-

minim um set of candidate an teceden ts that con
ict with the facts p ertaining to the failing
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(mammal )  (b o dy-co v ering hair)

(mammal)  (feed-y oung milk)

(mammal )  (birth liv e)

(bird)  (b o dy-co v ering feathers)

(bird)  (birth egg) (
y)

(ungulate)  (mammal) (fo ot-typ e ho of )

(ungulate)  (mammal) (ruminate)

(carniv ore)  (eat-meat)

(carniv ore)  (teeth p oin ted) (fo ot-t yp e cla w ed)

(gira� e)  (ungulate) (neck-length ?n) ( � ?n 5) ( � ?n 6) (color ta wn y)

(pattern sp ots) (pattern-color black)

(zebra)  (ungulate) (color white) (pattern strip es) (pattern-color black)

(c heetah)  (mammal) (carnivore) (color tawn y) (pattern sp ots)(pattern-color black)

(tiger)  (mammal) (carnivore) (color tawn y) (pattern strip es)(pattern-color black)

(dolphin)  (mammal) (fore-app endage �n) (color gra y)(b o dy-co v ering moist-skin)

(b o dy-length ?b) ( � ?b 4) ( � ?b 6)

(whale)  (mammal) (fore-app endage �n) (color gray) (b o dy-co v ering moist-skin)

(b o dy-length ?b) ( � ?b 10) ( � ?b 60)

(bat)  (mammal) (color black) (pattern none) (pattern-color none) (
y)

(plat ypus)  (mammal) (birth egg) (fo ot-typ e w ebb ed)

(ostric h)  (bird) (not (
y)) (neck-length ?n) ( � ?n 3) ( � ?n 4)

(color white) (pattern patch) (pattern-color black)

(p enguin)  (bird) (color white) (pattern patch)

(pattern-color black) (fo ot-t yp e w ebb ed) (not (
y))

(duc k)  (bird) (fo ot-t yp e w ebb ed) (
y)

(grac kle)  (bird) (color black) (pattern none) (pattern-color none) (
y)

Observ able F eatures: feed-y oung b o dy-cov ering birth eat-meat 
y teeth

fore-app endage fo ot-typ e nec k-length b o dy-length color pattern pattern-color ruminate

Categories: gira�e zebra cheetah tiger dolphin whale bat platypus p enguin ostrich duc k grac kle

Figure 2: Sample Domain Theory
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p ositiv e examples. The condition on these an teceden ts is that if they are remo v e d from

the theory , then the failing p ositiv e examples will b e pro v able. EITHER disco v ers these

an teceden ts through p artial pr o ofs of the failing p ositiv e examples: pro ofs that w ould b e

complete if the candidate anteceden ts w ere remo v ed from their asso ciated rules.

A t eac h iteration of the co v eri ng algorithm, the system calculates a b ene�t-to-cost ratio

for eac h set of candidate an teceden ts that will �x a failing p ositiv e, and the set with the

most examples �xed p er an teceden t is added to the co v er. This con tin ues un til all of the

failing p ositiv es are pro v able. Ho w ev er, simply remo ving an teceden ts from some rules ma y

o v er-generalize the theory . If retracting an teceden ts causes additional failing negativ es, EI-

THER uses the failing p ositive examples for the rule, and the negative examples that b ecome

pro v able when the consequen t of the rule is assumed true, to inductiv e ly

1

form a new rule

that correctly classi�es these examples.

During theory sp ecialization, EITHER uses a greedy co v ering algorithm to iden tify a

near-minimum set of leaf-level rule retractions that �xes all of the failing negatives. A t eac h

iteration of the co v eri ng algorithm, the system determines the n um b er of fault y pro ofs in

whic h eac h rule participates and the rule retraction that remo v es the most pro ofs is added

to the co v er. This con tin ues un til all fault y pro ofs of all failing negativ es are remo v ed. As

with generalization, this initially-suggested change to the theory may b e an o v er-correcti on.

If a giv en rule retraction causes additional failing p ositives, then additional an teceden ts are

inductiv el y learned that discriminate b et w een these failing p ositiv es and the erroneously

pro v en negativ e examples.

EITHER also con tains a n um b er of extensions to this basic pro cedure which are concerned

with generalizing and sp ecializi ng existing anteceden ts; using existing rules in the theory to

construct new features; extracting new intermedi ate concepts from inductive ly learned rules;

and �nding the appropriate level in the theory to mo dify . These extensions omitted from this

discussion since they are b ey ond the scop e of this pap er. The in terested reader is referred

to

[

Ourston and Mo oney , 1990b

]

.

4 Mo di�cations to Handle Noisy Data

F or examples represented as attribute-v alue lists, there are tw o primary sources of noise. The

�rst is mis-sp eci�cation: the v alue for an attribute or category may b e incorrect, for a v ariet y

of reasons including typ ographical errors, errors in measurement, and p erception errors. The

second t yp e of noise is called residual v ariation in

[

Mingers, 1989

]

, and refers to additional

factors that a�ect the results, but that are not recorded. This is a fairly common source of

noise in real-w orld applications and can o ccur b ecause those recording the data w ere either

una w are of the a�ect of the additional factors, or simply unable to record them. With either

source of noise, the e�ect is examples that are either inconsisten t (i.e. t w o examples that

1

EITHER curren tly uses a v ersion of ID3

[

Quinlan, 1986b

]

as its inductiv e comp onen t.
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ha v e iden tical attributes, but that are lab eled in di�eren t categories), or examples that ha v e

features that should correlate with their category , but that do not b ecause of noise masking

the correlation.

One of the main problems with learning algorithms that don't accoun t for noise is that

they ma y tend to \o v er�t" the data. That is, elab orate rules or decision structures are gener-

ated that serve to accoun t for a small num b er of anomalous examples among the training set.

Generating the additional rules not only increases the pro cessing time and the complexit y of

the result, but in general will actually decrease p erformance since the learning algorithm is

learning rules that only apply to the noisy examples and ma y misclassify correct examples.

Resp onse to noisy data sho ws up at three p oin ts in EITHER : in the generation of the

minim um co v ers, in the corrections EITHER mak es to rules without calling the inductiv e

learner, and in the learning of rules and additional an teceden ts b y the inductiv e learner.

When noisy data are submitted to EITHER , the resulting theory corrections can no longer

b e guaran teed to b e consistent with the training data (as men tioned ab o v e, examples in the

training data may not b e consistent with each other). When noise pro cessing is inv ok e d, the

corrected theory ma y not ev en b e consisten t with noise-fr e e training data. The next three

subsections describ e EITHER 's resp onse to noise in more detail.

4.1 Accoun ting for Noise in the Minim um Co v ers

The principle b ehind handling noise in co v er generation is that one is more con�den t in

corrections to rules that apply to several failing examples. If the correction only applies to a

single example, then it could well b e that it was the example , rather than the rule that was

in error. Ho w ev e r, if the same (erroneous) rule is implicated b y sev eral failing examples, it

is unlik el y that all of the examples just happ en to ha v e noisy attributes that cause them to

all fo cus on the same rule.

T o b e sp eci�c, for failing p ositiv es, assume sev eral of the partial pro ofs of the examples

happ en to use the same rule, with the same set of anteceden ts in con
ict with the features of

the example. This is unlikely to happ en if the examples are sub ject to random feature noise.

F or failing negativ es, assume sev eral of the incorrect pro ofs of the examples use the same

rule. This is unlik e ly to happ en if the incorrect pro ofs of the examples are due to random

feature noise in the examples.

EITHER 's resp onse to noise in these cases is to prune the minim um co v ers pro vided to

the rule correction algorithms. F or an teceden t co v ers, failing an teceden ts are group ed in to

separate sets as necessary to accoun t for the failing p ositiv e examples asso ciated with eac h

rule. That is, a new an teceden t set is created whenev er the con
icting an teceden ts for a

particular example are di�erent from an y of the anteceden t sets already asso ciated with the

rule. When the co v er is completed, noise pro cessing remov es those an teceden t sets from the

co v er that corresp ond to only a single example. In minim um rule cov er pro cessing, terms in

the co v er that only corresp ond to a single example are also remo v ed. In this case, an y rule
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in the co v er that only corresp onds to a single failing negativ e is remo v ed.

Because EITHER is no w using a partial co v er, the corrected theory will not in general

b e consisten t with the training set. Ho w ev er, the b ene�t of the partial co v er in resp onding

to noise should actually impro v e as the n um b er of training examples increases. This is

b ecause the lik e li ho o d of a bad rule only a�ecting a single example decreases as the n um b er

of examples increases, and since EITHER is attempting to select rules whic h corresp ond to

m ultiple examples, the likel iho o d of selecti ng a spuriously correlated rule will also decrease.

4.2 Accoun ting for Noise Outside the Inductiv e Learner

EITHER m ust also pro vides a resp onse to noisy data in the cases where it mo di�es the theory

without calling the inductiv e comp onen t since inconsisten t examples ma y cause problems

with these changes. This o ccurs in the following situations:

� When a rule is generalized b y generalizing its anteceden ts.

� When a rule is generalized by retracting an an teceden t.

� When the theory is sp ecialized by remo ving a rule from the theory .

T o accoun t for noise, EITHER pre-pro cesses the input data prior to en tering the calculations

describ ed ab ov e. The pre-pro cessing remo v es inconsistent examples in the following w a y:

� EITHER c hec ks the input examples for inconsistency . Inconsistency is disco v ered when

t w o examples with di�ering category lab els are found to hav e the same attribute v alues.

� F or eac h set of inconsisten t examples, if a ma jorit y b elong to a particular category ,

EITHER deletes the examples in other categories from the input.

This approach causes EITHER to ignore examples with obvious noise problems and pro vide

corrections that are consisten t with the remaining examples.

4.3 Accoun ting for Noise in the Inductiv e Learner

Since noisy data ma y b e passed on to the inductiv e comp onen t when learning new rules

and new an teceden ts, EITHER emplo ys the c hi-squared pro cedure

[

Quinlan, 1986a

]

in its

inductive comp onen t based on ID3 . In this metho d, when an attribute is b eing considered

as a p ossible test feature in the decision tree, it is �rst c hec k e d to see if the v alues for the

attribute are indep enden t of the example categories, using a c hi-squared statistical test. If

so, this indicates that the attribute v alues ma y include noise and will not b e predictiv e of the

category . When all of the remaining attributes fail the chi-squared test, the current no de is

7



made a leaf no de (i.e. the decision tree will b e \pruned" of all p ossible subtrees that could

ha v e originated from this no de). The leaf is lab elled with the ma jorit y category among the

training examples input to the no de.

The decision trees formed using this approach are no longer guaranteed to b e consistent

with the training examples. Ho w ev er, it has b een sho wn that the pruned trees can pro vide

impro v ed accuracy on the test data

[

Mingers, 1989; Quinlan, 1986a

]

. The trees are also

simpler, in that they do not include the complex subtrees necessary to account for the noisy

training examples. Since EITHER transforms these decision trees directly in to rules, the

resulting rules should b e syntactically simpler and show impro v ed p erformance ov er the test

data.

5 Exp erimen tal Results

The c hanges to EITHER describ ed ab o v e w ere tested on revising domain theories using data

arti�cially corrupted with noise. F eature and category noise w ere added to the training

examples, and feature noise only to the test examples. F eature noise w as added b y substi-

tuting a random v alue from the feature's domain. Category noise w as added b y substituting

a random category . Category noise w as not added to the test examples in order to iden tify

ho w w ell EITHER w as able to iden tify the correct categories for the test examples. The

noise lev el iden ti�e s the frequency of noisy data: a noise lev e l of 0.1 means that 10% of the

features and categories w ere randomly corrupted.

Data w as automatically generated for the animal theory shown in Figure 2 and a similar

theory for classifying di�eren t t yp es of computers based on their app earance. Thirt y exam-

ples of eac h category w ere generated b y �rst forming \core" examples, whic h con tain just

the observ ables needed to complete a pro of. F or linear features, a v alue is c hosen randomly

from the range required for a pro of. A core example was formed for eac h p ossible pro of for

eac h category . F or example, b elow are the core examples of ducks.

1. (b o dy-co v ering feathers) (fo ot-typ e w ebb ed) (
y)

2. (birth egg) (fo ot-t yp e w ebb ed) (
y)

Next, random v alues for the remaining observ able features were added to the core examples

to create full examples. Ho w ev e r, adding random v alues can sometimes mak e an example

pro v able in another category as well. Consequen tly , eac h example w as c hec k ed to make sure

it w as pro v able in only one category b efore adding it to the �nal data set. A total of 360

examples of animals and 210 examples of computers were created in this manner.

Imp erfect v ersions of the animal and computer theories were also constructed. The errors

added to the animal theory are shown in Figure 3 (this theory has an accuracy of only 36%).

The faults intro duced include missing rules, additional anteceden ts, and missing anteceden ts.

These theories were giv en to EITHER to revise.
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Correct Rules Corrupted Rules

(mammal)  (b o dy-co v ering hair) (mammal)  (b o dy-co v ering hair)

(fore-app endage leg)

(mammal)  (feed-y oung milk) (mammal)  (feed-y oung milk)

(fore-app endage leg)

(mammal)  (birth liv e) (mammal)  (birth live)

(fore-app endage leg)

(bird)  (b o dy-co v ering feathers) *retracted*

(bird)  (birth egg) (
y) (bird)  (
y)

(duc k)  (bird) (fo ot-t yp e w ebb ed) (duc k)  (bird) (fo ot-typ e w ebb ed)

(
y)

(ostric h)  : : : (not (
y)) (ostric h)  : : :

(p enguin)  : : : (not (
y)) (p enguin)  : : :

Figure 3: Corrupted Animal Theory
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Figure 4: T est Accuracy vs. Noise Lev el for Animal and Computer Domains
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Figure 5: T rain Time vs. Noise Lev el for Animal and Computer Domains

Figure 4 sho ws the degradation in predictiv e accuracy with increasing lev e ls of noise

for EITHER with co v er truncation ( EITHER-PR UNE ), EITHER without co v er truncation

( EITHER-FULL ), and ID3 (with c hi-squared pruning). Since EITHER uses ID3 as its induc-

tiv e comp onen t, ID3 is the same as EITHER when it is not giv en an initial theory . The

animal results are av eraged o v er 8 trials of 60 training and 100 test examples. The computer

results are a v eraged o v er 23 trials of 40 training and 100 test examples. Due to its initial

theory , EITHER-PR UNE alw a ys p erforms b etter than ID3 . A statistical t-test shows that the

di�erence is signi�can t at eac h noise-level plotted except 0.2. With little or no noise (noise

lev el s of 0.0 and 0.01) b oth v ersions of EITHER p erform approximately the same. Ho w ev er,

as the noise lev e l is increased, the e�ect of pruning b ecomes more pronounced. The di�er-

ence is statistically signi�can t for lev e ls of noise greater than 0.01. A t noise lev el s of 0.1

and 0.2, pruning pro vides appro ximately a 9% adv an tage on animals and 4% adv an tage on

computers. Unlik e EITHER-PRUNE , EITHER-FULL ev en tually p erforms w orse than ID3 at

a noise-lev el of 0.2. Of course, one w ould exp ect the accuracy of all systems to con v erge to

random c hance as noise-lev el is increased to 1.0.

Unlik e EITHER-FULL , EITHER-PRUNE 's correctness on training data also decreases as

noise is increased. Therefore, the di�erence b etw een training correctness and test correctness

is m uc h smaller for EITHER-PRUNE (26% for animals at noise-lev el 0.2) than for EITHER-

FULL (66% for animals at noise-level 0.2). This con�rms that EITHER-PRUNE a v oids m uc h

of the o v er-�tting p erformed by EITHER-FULL . Ideally , a system's p erformance on training

and test data should b e the same in order to completely av oid o v er-�tting.

Since co v er truncation prunes computation as well as theory c hanges, EITHER-PRUNE is
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Figure 6: Theory Complexit y vs. Noise Lev el for Animal and Computer Domains

also more e�cie n t than EITHER-FULL . Figure 5 sho ws the training time for b oth systems as

noise is increased. EITHER-PR UNE is clearly faster than EITHER-FULL and the di�erence

increases with noise-lev el since more pruning is taking place at the higher noise level s.

Finally , co v er truncation decreases the n um b er of c hanges to the theory and therefore

decreases the ov er-all complexity of the revised theory as well. Figure 6 sho ws the n um b er of

literals (i.e. total n um b er of consequen ts and an teceden ts) in the revised theory as a function

of noise-lev el . EITHER-PRUNE clearly pro duces simpler theories than EITHER-FULL and

again the di�erence increases with noise-lev el due to increased pruning. Ho w ev er, the fact

that EITHER-PR UNE 's theory-complexit y still increases with noise-level indicates that it is

p erhaps not doing enough pruning.

EITHER w as also tested on a version of the DNA data used by

[

T o w ell et al. , 1990

]

. This

data in v olv es learning the concept of a pr omoter , a sequence of n ucleotides that initiates

the expression of a gene. An initial theory and data for this problem w as assem bled from

the biological literature. Figure 7 sho ws accuracy vs. noise curv es for this data. The

results are a v eraged o v er 19 trials of 100 training examples and 100 test examples. EITHER-

PR UNE only b ecomes signi�can tly b etter than EITHER-FULL at a a noise lev el of 0.1. The

di�erences at lo w er noise lev els are not statistically signi�can t. Both v ersions of EITHER

p erform signi�can tly b etter than ID3 . EITHER-PR UNE 's p erformance degrades with noise

at ab out the same rate as ID3 's. EITHER-PRUNE 's training time is consisten tly ab out 6%

less than EITHER-FULL 's.
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Figure 7: T est Accuracy vs. Noise Lev el for DNA Domain

6 Related W ork

Most previous system that use imp erfect domain theories to aid concept learning

[

Wilkins,

1988; Dan yluk, 1989; P azzani, 1989; Flann and Dietteric h, 1989; Cohen, 1990; Ginsb erg,

1990

]

ha v e not dealt with the issue of noisy data. KBANN

[

T o w ell et al. , 1990

]

, whic h

con v erts a theory in to a neural net and then re�nes it using bac kpropagation, has b een

sho wn to b e able to handle noisy data. Ho w ev er, KBANN pro duces a neural-net classi�er

rather than a revised theory and do es not p erform any sp ecial noise pro cessing to sp eci�cally

a v oid o v er-�tting. IVSM

[

Hirsh, 1989

]

uses an imp erfect domain theory to aid learning and

is noise tolerant; ho w ev er, it cannot mak e use of arbitrarily imp erfect theories and do es not

pro duce a revised domain theory .

The most closely related w ork within standard inductiv e learning is the co v er trunca-

tion p erformed in A Q15

[

Mic halk si et al. , 1986

]

. Ho w ev er, A Q15 's co v ers consist of disjuncts

that matc h examples while EITHER 's co v ers consist of theory c hanges that �x failing p os-

itiv e and negativ e examples. In addition, A Q15 prunes complete concept de�nitions after

they w ere formed, while EITHER prunes p oten tial theory changes b efore they are fully com-

puted. Consequen tly , pruning in EITHER impro v es e�ciency as w ell as accuracy and theory

complexit y .
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7 Conclusions

In order to prev en t o v er-�tting, a theory revision system m ust ha v e metho ds to prev en t

complicated c hanges to a theory that only accoun t for noisy instances. This pap er has

presen ted an e�ectiv e metho d for dealing with noise during theory re�nemen t. The basic

approac h is to a v oid making c hanges to a theory that accoun t for only a single data-p o in t.

This metho d has b een incorp orated in to the EITHER theory re�nemen t system and tested

on arti�cially corrupted data. Exp erimen tal data supp orts the conclusion that this metho d

is e�ectiv e at prev en ting o v er-�tting and that it increases accuracy while decreasing b oth

run-time and theory complexity .
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