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Abstract

This c hapter describ es a m ultistrategy system that emplo ys indep enden t

mo dules for deductiv e , ab ductiv e, and inductiv e reasoning to revise an ar-

bitrarily incorrect prop ositional Horn-clause domain theory to �t a set of

preclassi�ed training instances. By com bining suc h div erse metho ds, Ei-

ther is able to handle a wider range of imp erfect theories than other theory

revision systems while guaranteeing that the revised theory will b e consistent

with the training data. Either has successfully revised t w o actual exp ert

theories, one in molecular biology and one in plan t pathology . The results

con�rm the h yp othesis that using a multistrategy system to learn from b oth

theory and data giv es b etter results than using either theory or data alone.

1 INTR ODUCTIO N

The problem of revising an imp erfect domain theory to mak e it consisten t

with empirical data is a di�cult problem that has imp ortan t applications

in the dev el opmen t of exp ert systems

[

Ginsb erg et al. , 1988

]

. Kno wledge-

base construction can b e greatly facilitated b y using a set of training cases

to automatically re�ne an imp erfect, initial kno wledge base obtained from

a text b o ok or b y in tervie wing an exp ert. The adv an tage of a re�nemen t

approac h to kno wledge-acquisition as opp osed to a purely empirical learning

approac h is t w o-fold. First, b y starting with an appro ximately-correct the-

ory , a re�nemen t system should b e able to ac hiev e high-p erformance with

signi�can tly few er training examples. Therefore, in domains in whic h train-

ing examples are scarce or in whic h a rough theory is easily a v ailable, the

re�nemen t approac h has a distinct adv an tage. Second, theory re�nemen t re-

sults in a structured kno wledge-base that main tains the in termedi ate terms
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and explanatory structure of the original theory . Empirical learning, on the

other hand, results in a decision tree or disjunctiv e-normal-form (DNF) ex-

pression with no in termediate terms or explanatory structure. Therefore, a

kno wledge-base formed b y theory re�nemen t is m uc h more suitable for sup-

plying meaningful explanations for its conclusions, an imp ortan t asp ect of

the usability of an exp ert system.

W e ha v e dev elop ed a m ultistrategy approac h to revising an arbitrarily

incorrect prop ositional Horn-clause domain theory to �t a set of preclassi�ed

training instances. The system w e ha v e dev elop ed, Either (Explanation-

Based and Inductiv e THeory Extension and Revision), is mo dular and con-

tains indep endent subsystems for deduction, ab duction, and induction. Eac h

of these reasoning comp onents mak es an imp ortant con tribution to the ov erall

goal of the system. Either can also b e view ed as in tegrating kno wledge-

in tensiv e (deductiv e and ab ductiv e) and data-in tensiv e (inductiv e) learning

metho ds.

The remainder of this pap er is organized as follo ws. Section 2 presen ts an

o v ervie w of the Either system and the problem it is designed to solve. Sec-

tions 3-6 discuss eac h of Either 's reasoning strategies (deduction, ab duction,

and induction) as w ell as the minimal co v ering algorithms that co ordinate

the in teraction of these comp onents. Section 7 presen ts empirical results on

t w o real kno wledge bases that Either has re�ned. Section 8 discusses ho w

Either compares to related w ork and section 9 presen ts some conclusions

and directions for future w ork.

2 EITHER O VER VIEW

The Either system com bines deduction, ab duction, and induction to pro-

vide a fo cused correction to an incorrect theory . The deductive and ab ductive

parts of the system identify the failing parts of the theory , and constrain the

examples used for induction. The inductiv e part of the system determines

the sp eci�c corrections to failing rules that render them consistent with the

supplied examples.

2.1 Problem de�nition

Stated succinctly , the purp ose of Either is:
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Figure 1: EITHER Comp onen ts

Giv en: An imp erfect domain theory for a set of categories and a set of

classi�ed examples eac h describ ed b y a set of observ able features.

Find: A minimally revised version of the domain theory that correctly clas-

si�es all of the examples.

Figure 1 sho ws the arc hitecture for the Either system. So long as the

inference engine correctly classi�es test cases, no additional pro cessing is

required. In the ev en t that a misclassi�ed example is detected, Either is

used to correct the error.

Horn-clause logic (if-then rules) w as c hosen as the formalism for the Ei-

ther system. This pro vides a relativ ely simple and useful language for ex-

ploring the problems asso ciated with theory revision. Theories currently are

restricted to an extended prop ositional logic that allows n umeric al and m ulti-

v alued features as well as binary attributes. In addition, domain theories are

required to b e acyclic and therefore a theory de�nes a directed acyclic graph

(D A G). F or the purp ose of theory re�nement, Either mak es a closed-w orld

assumption. If the theory can not pro v e that an example is a mem b er of a

category , then it is assumed to b e a negativ e example of that category . Due

to the restrictions of prop ositional logic, Either is primarily useful for clas-

si�cation { assigning examples to one of a �nite set of prede�ned categories.
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1. cup  stable ^ liftable ^ op en-vessel

2. stable  has-b ottom ^ 
at-b ottom

3. liftable  graspable ^ light w eight

4. graspable  has-handle

5. graspable  width=small ^ st yrofoam

6. graspable  width=small ^ ceramic

7. op en-vessel  has-concavit y ^ up w a rd-p ointing-concav ity

Figure 2: The Cup Theory

Prop ositions that are used to describ e examples (e.g. colo r=black ) are

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

ables can app ear as negated anteceden ts in rules. Prop os itions that represent

the �nal concepts in whic h examples are to b e classi�ed 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 (lea v es) of the D A G are observ ables and all of

the sinks (ro ots) are categories. Prop ositions in the theory that are neither

observ ables nor categories are called interme diate c onc epts .

It is di�cult to precisely de�ne the adjectiv e \minimal" used to c har-

acterize the revision to b e pro duced. Since it is assumed that the original

theory is \approximately correct" the goal is to change it as little as p ossible.

Syn tactic measures such as the total num b er of symb ols added or deleted are

reasonable criteria. Either uses v arious metho ds to help insure that its

revisions are minimal in this sense. Ho w ev er, �nding a revision that is guar-

an teed to b e syn tactically minimal is clearly computationally in tractable.

When the initial theory is empt y , the problem reduces to that of �nding a

minimal theory for a set of examples.

A sample theory suitable for Either is a v ersion of the cup theory

[

Win-

ston et al. , 1983

]

sho wn in Figure 2. Figure 3 sho ws six examples that are

consisten t with this theory , three p ositiv e examples of cup and three neg-

ativ e examples. Eac h example is describ ed in terms of t w elv e observ able

features. There are eigh t binary features: has-concavit y , up w a rd-p ointing-

concavit y , has-b ottom , 
at-b ottom , light w eight , has-handle , st yrofoam and ce-

ramic ; three m ulti-v alued features: colo r , width , and shap e ; and a single real-

v alued feature: volume . Giv en v arious imp erfect v ersions of the cup theory

and these six examples, Either can regenerate the correct theory . F or ex-
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Figure 3: Cup Examples

ample, if rule 4 is missing from the theory , examples 2 and 3 are no longer

pro v able as cups. If the an teceden t width=small is missing from rule 5, then

negativ e example 5 b ecomes pro v able as a cup. Either can correct either

or b oth of these errors using the examples in Figure 3.

The need for Either pro cessing is signaled b y incorrectly classi�ed ex-

amples, as sho wn in the Figure 1. In making corrections, Either op erates

in batc h mo de, using as input a set of training examples. The incorrectly

classi�ed examples, or failing examples, are used to iden tify that there is an

error and to control the correction. The correctly classi�ed examples are used

to fo cus the correction and to limit the exten t of the correction. An imp or-

tan t prop ert y of the Either algorithm is that it is guaran teed to pro duce a

revised theory that is consistent with the training examples when there is no

noise presen t in the data. That is, the follo wing statemen ts will b e true for

ev ery example:

T [ E j = C

E

; (1)

8 C

i

( C

i

6= C

E

) T [ E 6j = C

i

) (2)

where T represen ts the corrected theory , E represen ts the conjunction of

facts describing an y example in the training set, C

E

is the correct category
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of the example, and C

i

is an y arbitrary category . A pro of of this consistency

prop ert y is giv en in

[

Ourston, 1991

]

.

2.2 T yp es of theory errors

Figure 4 sho ws a taxonom y for incorrect prop ositional Horn-clause theo-

ries. A t the top lev el , 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 category

OVERLY 
SPECIFIC

OVERLY 
GENERAL

MISSING
RULE

ADDITIONAL
ANTECEDENT

EXTRA
RULE

MISSING
ANTECEDENT

INCORRECT THEORY

Figure 4: Theory Error T axonom y

mem b ership for examples that are not mem b ers of the category . One w a y a

theory can b e o v erly-general is by ha ving rules that lack required an teceden ts,

pro viding pro ofs for examples that should hav e b een excluded. Another w a y

a theory can b e o v erly -general is b y ha ving completely incorrect rules. By

con trast, an o v erly-sp eci�c theory fails to en tail category mem b ership for

mem b ers of a category . This can o ccur b ecause the theory is missing a rule,

or b ecause an existing rule has additional anteceden ts that exclude category

mem b ers. Note that these de�nitions allo w a theory to b e b oth ov erly -general

and o v erly-sp eci�c.
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The follo wing terminology is used in the remainder of this c hapter. \The

example is pro v able," is used to mean \the example is pro v able as a memb er

of its o wn category ." A failing p ositive refers to an example that is not

pro v able as a mem b er of its o wn category . 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.

Notice that a single example can b e b oth a failing negativ e and a failing

p ositiv e.

2.3 EITHER comp onen ts

As sho wn in Figure 5, Either uses a com bination of metho ds to revise a

theory to mak e it consistent with the examples. It �rst attempts to �x failing

p ositiv es b y remo ving an teceden ts and to �x failing negativ es b y remo ving

rules 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 rules to �x failing p ositives and to add an teceden ts

to existing rules to �x failing negatives.

Horn-clause deduction is the basic inference engine used to classify ex-

amples. Either initiall y uses deduction to iden tify failing p ositiv es and

negativ es among the training examples. It uses the pro ofs generated b y de-

duction to �nd a near-minimal set of rule retractions that w ould correct all

of the failing negatives. During the course of the correction, deduction is also

used to assess prop osed c hanges to the theory as part of the 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 . Ab duction iden ti�es sets of assumptions that allo w a failing

p ositiv e to b ecome pro v able. These assumptions iden tify rule an teceden ts

that, if deleted, would prop erly generalize the theory and correct the failing

p ositiv e. Either uses the output of ab duction to �nd a near-minimal set of

an teceden t retractions that w ould correct all of the failing p ositives.

Induction is used to learn new rules or to determine whic h additional

an teceden ts to add to an existing rule. In b oth cases, Either uses the output

of ab duction and deduction to determine an appropriately lab elled subset of

the training 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. The decision trees returned by Id3 are translated into

equiv alen t Horn-clause rules

[

Quinlan, 1987

]

. The remaining comp onents
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Figure 5: EITHER Arc hitec ture

of the Either system constitute generalization and sp ecialization con trol

algorithms that iden tify the t yp es of corrections to b e made to the theory .

One of the main adv an tages of Either 's arc hitecture is its mo dularit y .

Because the con trol and pro cessing comp onen ts are separated from the de-

ductiv e, inductiv e , and ab ductiv e comp onents, these latter comp onen ts can

b e mo di�ed or replaced as b etter algorithms for these reasoning metho ds are

dev elop ed.

The follo wing sections describ e eac h of Either 's comp onen ts and their

in teractions in details. The discussion fo cuses on the basic m ultistrategy

approac h emplo y ed in Either . Recen t enhancements to the system are dis-

cussed in

[

Ourston and Mo oney , 1991; Mo oney and Ourston, 1991a ; Mo oney

and Ourston, 1991b

]

and a complete description is given in

[

Ourston, 1991

]

.
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3 THE DEDUCTIVE COMPONENT

The deductiv e comp onen t of Either is a standard bac kw ard-c haining, Horn-

clause theorem pro v er similar to Prolog. Our particular implem en tation is

based on the deductiv e retriev al system from

[

Charniak et al. , 1987

]

. De-

duction is the �rst step in theory revision. The system attempts to pro v e

that eac h example is a mem b er of eac h of the known categories. F ailing p os-

itiv es (examples that cannot b e pro v en as mem b ers of the correct category)

indicate o v erly-sp eci�c asp ects of the theory and are passed on to the ab-

ductiv e comp onen t. F ailing negatives (examples that are prov en as mem b ers

of incorrect categories) indicate ov erly-general asp ects of the theory and are

passed on to the sp ecialization pro cedure. In order to satisfy the require-

men ts of sp ecialization, the deductive comp onen t �nds all p ossible pro ofs of

eac h incorrect category and returns all of the resulting pro of trees.

The deductive comp onen t also forms the basic p erformance system and is

used during testing to classify nov el examples. If during testing an example

is pro v able as a memb er of m ultiple categories, the system picks the pro v able

category that is most common in the training set. If an example fails to b e

pro v able as a mem b er of an y category , it is assigned to the most common

category o v erall. This assures that the system alwa ys assigns a test example

to a unique category .

The deductiv e comp onen t is also used to c hec k for o v er generalization

and o v er sp ecialization when certain c hanges to the theory are prop osed.

F or example, when an anteceden t retraction is prop osed, all of the examples

are repro v en with the resulting theory to determine whether an y additional

failing negatives are created. Analogously , when a rule retraction is prop osed,

all of the examples are reprov en to determine whether any additional failing

p ositiv es are created. If so, then the prop osed revision is not made and the

system resorts to learning new rules or adding an teceden ts. Better b o ok-

k eeping metho ds, suc h as truth-main tenance tec hniques, could p oten tially

b e used to a v oid unnecessary repro ving of examples. F or example, existing

pro ofs of all examples could b e used to more directly determine the e�ect of

a rule deletion and partial pro ofs of negative examples could b e used to more

directly determine the e�ect of anteceden t deletions. Ho w ev er suc h metho ds

w ould b e fairly complicated and incur a p oten tially large o v erhead.
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4 THE ABDUCTIVE COMPONENT

If an example cannot b e pro v en as a mem b er of its category , then ab duction

is used to �nd minimal sets of assumptions that w ould allo w the example to

b ecome pro v able. The normal logical de�nition of ab duction is:

Giv en: A domain theory , T , and an observ ed fact O .

Find: All minimal sets of atoms, A , called assumptions , suc h that A [ T is

logically consistent and A [ T j = O .

The assumptions A are said to explain the observ ation. Legal assumptions

are frequen tly restricted, such as allo wing only instances of certain predicates

( pr e dic ate sp e ci�c ab duction ) or requiring that assumptions not b e pro v able

from more basic assumptions ( most-sp e ci�c ab duction )

[

Stic k el , 1988

]

.

In Either , an observ ation states that an example is a mem b er of a cat-

egory (in the notation in tro duced earlier, E ! C

E

). In addition, Either 's

ab ductiv e comp onen t bac k c hains as far as p ossible b efore making an assump-

tion (most-sp eci�c ab duction), and the consistency constraint is remo v ed. As

a result, for eac h failing p ositiv e, ab duction �nds all minimal sets of most-

sp eci�c atoms, A , suc h that:

A [ E [ T j = C

E

(3)

where minimal means that no assumption set is a subset of another. The

pro of supp orted b y eac h suc h set is called a p artial pr o of . Either curren tly

uses an ab ductive comp onen t that employs exhaustiv e searc h to �nd all par-

tial pro ofs of eac h failing p ositiv e example

[

Ng and Mo oney , 1989

]

. P artial

pro ofs are used to indicate an teceden ts that, if retracted, w ould allo w the

example to b ecome pro v able. The ab o v e de�nition guaran tees that if all of

the assumptions in a set are remo v ed from the an teceden ts of the rules in

their corresp onding partial pro of, the example will b ecome prov able. This is

b ecause not requiring a fact for a pro of has the same generalizing e�ect as

assuming it.

As a concrete example, assume that rule 4 ab out handles is missing from

the cup theory . This will cause example 2 from Figure 3 to b ecome a failing

p ositiv e. Ab duction �nds t w o minimal sets of assumptions: f width=small

6

g

and f width=small

5

, st yrofoam

5

g . The subscripts indicate the n um b er of the

rule to whic h the an teceden t b elongs, since each an teceden t of eac h rule m ust
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b e treated distinctly . Notice that remo ving the consistency constrain t is crit-

ical to the in terpretation of assumptions as an teceden t retractions. Assuming

width=small is inconsistent when width=medium is kno wn; ho w ev er, retract-

ing width=small as an an teceden t from one of the graspable rules is still a

legitimate w a y to help make this example pro v able.

5 THE MINIMUM CO VER COMPONENTS

In Either , a co v er is a complete set of rules requiring correction. There are

t w o t yp es of co v ers: the ante c e dent c over and the rule c over . The an teceden t

co v er is used by the generalization pro cedure to �x all failing p ositiv es. The

rule co v er is used b y the sp ecialization pro cedure to �x all failing negatives.

There is an essential prop ert y that holds for b oth typ es of co v er: If all of the

elemen ts of the co v er are remo v ed from the theory , the examples asso ciated

with the co v er will b e correctly classi�ed. Sp eci�cally , if all of the anteceden ts

in the an teceden t co v er are remo v ed, the theory is generalized so that all

of the failing p ositiv es are �xed and if all of the rules in the rule co v er are

remo v ed, the theory is sp ecialized so that all of the failing negatives are �xed.

In eac h case, Either attempts to �nd a minimum co v er in order to minimize

c hange to the initial theory . The details of the minim um co v er algorithms

are giv en in the next t w o subsections. Either initially constructs co v ers

con taining only rules at the \b otto m" or \lea v es" of the theory; ho w ev er, if

higher-lev el c hanges are necessary or syntactically simpler, non-leaf rules can

also b e included

[

Ourston and Mo oney , 1991; Ourston, 1991

]

.

5.1 The minim um an teceden t co v er

The partial pro ofs of failing p ositives generated by the ab ductive comp onen t

are used to determine the minim um an teceden t co v er. In a complex prob-

lem, there will b e man y partial pro ofs for eac h failing p ositiv e. In order to

minimi ze c hange to the initial theory , Either attempts to �nd the minimum

n um b er of an teceden t retractions required to �x al l of the failing p ositiv es.

In other w ords, w e w an t to mak e the follo wing expression true:

E

1

^ E

2

^ ::: ^ E

n

(4)
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where E

i

represen ts the statemen t that the ith failing p ositiv e has at least

one completed partial pro of, that is,

E

i

� P

i 1

_ P

i 2

_ ::: _ P

im

(5)

where P

ij

represen t the statement that the j th partial pro of of the ith failing

p ositiv e is completed, that is,

P

ij

� A

ij 1

^ A

ij 2

::: ^ A

ij p

(6)

where the A

ij k

means that the an teceden t represen ted b y the k th assump-

tion used in the j th partial pro of of the i th example is remo v ed from the

theory . In order to determine a minim um c hange to the theory , w e need to

�nd the minim um set of an teceden t retractions ( A 's) that satisfy this ex-

pression. Pursuing the example of the cup theory that is missing the rule

for handles, b oth failing p ositives (examples 2 and 3) ha v e the same partial

pro ofs, resulting in the expressions:

E

2

� width = small

6

_ ( width = small

5

^ st yrofoam

5

)

E

3

� width = small

6

_ ( width = small

5

^ st yrofoam

5

)

In this case, the minimum an teceden t co v er is trivial and consists of retracting

the single an teceden t width=small

6

.

Since the general minim um set co v eri ng problem is NP-Hard

[

Garey and

Johnson, 1979

]

, Either uses a v ersion of the gr e e dy c overing algorithm to

�nd the an teceden t co v er. The greedy algorithm do es not guaran tee to �nd

the minim um co v er, but will come within a logarithmic factor of it and runs

in p olynomial time

[

Johnson, 1974

]

. The algorithm iterativ e ly up dates a

partial co v er, as follo ws. A t eac h iteration, the algorithm c ho oses a partial

pro of and adds the an teceden t retractions asso ciated with the pro of to the

ev olving co v er. The c hosen partial pro of is the one that maximiz es b ene�t-

to-c ost , de�ned as the ratio of the additional examples co v ered when its

an teceden ts are included, divided by the n um b er of an teceden ts added. The

set of examples that ha v e the selected partial pro of as one of their partial

pro ofs are remov ed from the examples remaining to b e cov ered. The pro cess

terminates when all examples are cov ered. The result is a near-minimum set

of an teceden t retractions that �x all of the failing p ositives.

Once the an teceden t co v er is formed, Either attempts to retract the

indicated anteceden ts of eac h rule in the cov er. If a giv en retraction is not an

12



o v er generalization (i.e. it do es not result in an y additional failing negativ es

as determined b y the deductiv e comp onen t), then it is c hosen as part of the

desired revision. If a particular retraction do es result in additional failing

negativ es, then the inductiv e comp onen t is instead used to learn a new rule

(see section 6.1).

5.2 The minim um rule co v er

The pro ofs of failing negativ es generated b y the deductiv e comp onent are

used to determine the minim um rule co v er. In order to minimi ze c hange to

the initial theory , Either attempts to �nd the minim um n um b er of leaf-rule

retractions required to �x al l of the failing negativ es. In analogy with the

previous section, we w ould lik e to mak e the following expression true:

: E

1

^ : E

2

^ ::: ^ : E

n

(7)

where E

i

represen ts the statement that the i th failing negative has a complete

pro of, that is,

: E

i

� : P

i 1

^ : P

i 2

^ ::: ^ : P

im

(8)

where P

ij

represen t the statement that the j th pro of of the i th failing negative

is complete, that is,

: P

ij

� : R

ij 1

_ : R

ij 2

::: _ : R

ij p

(9)

where : R

ij k

represen ts the statemen t that the k th leaf rule used in the j th

pro of of the i th failing negative is remo v ed, i.e. a pro of is no longer complete

if at least one of the rules used in the pro of is remo v ed.

As with assumptions, Either attempts to �nd a minim um co v er of rule

retractions using greedy cov ering. If this case, the goal is to remov e all pro ofs

of all of the failing negativ es. Note that in computing retractions, Either

remo v es from consideration those rules that do not hav e an y disjuncts in their

pro of path to the goal since these rules are needed to prov e any example. A t

eac h step in the cov ering algorithm, the eligible rule that participates in the

most fault y pro ofs is added to the ev olving co v er un til all the fault y pro ofs

are co v ered.

As an example, consider the cup theory in whic h the width=small an-

teceden t is missing from rule 5. In this case, example 5 b ecomes a failing

13



negativ e. The minim um rule co v er is the o v erly-general v ersion of rule 5:

graspable  st yrofoam

since it is the only rule used in the fault y pro of with alternativ e disjuncts

(rules 4 and 6).

Once the rule co v er is formed, Either attempts to retract eac h rule in

the co v er. If a giv en retraction is not an o v er sp ecialization (i.e. it do es

not result in any additional failing p ositives as determined b y the deductive

comp onen t), then it is c hosen as part of the desired revision. If a particular

retraction do es result in additional failing negatives, then the inductive com-

p onen t is instead used to sp ecialize the rule by adding additional anteceden ts

(see section 6.2).

6 THE INDUCTIVE COMPONENT

If retracting an elemen t of the an teceden t co v er causes new failing negatives

or if retracting an elemen t of the rule co v er causes new failing p ositiv es,

then the inductive comp onen t is used to learn new rules or new anteceden ts,

resp ectiv el y . The only assumption Either mak es ab out the inductive com-

p onen t is that it solves the following problem:

Giv en: A set of p ositiv e and negative examples of a concept C describ ed b y

a set of observ able features.

Find: A Horn-clause theory , T that is consistent with the examples, i.e. for

eac h p ositiv e example description, P , P [ T j = C and for each negativ e

example description, N , N [ T 6j = C .

As men tioned previously , Either curren tly uses Id3 as an inductiv e com-

p onen t b y translating its decision trees in to a set of rules; ho w ev er, an y

inductiv e rule-learning system could b e used. An inductiv e system that di-

rectly pro duces a m ulti-la y er Horn-clause theory w ould b e preferable but

curren t robust inductive algorithms pro duce decision trees or DNF form ulas.

In Either , inverse r esolution op erators

[

Muggleton, 1987 ; Muggleton and

Bun tine, 1988

]

are used to intro duce new intermedi ate concepts and pro duce

a m ulti-la y e r theory from a translated decision tree

[

Mo oney and Ourston,

1991a

]

.
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6.1 Rule addition

If an teceden t retraction ev er o v er-generalizes, then induction is used to learn

a new set of rules for the consequen t ( C ) of the corresp onding rule. The

rules are learned so they co v er the failing p ositiv es asso ciated with the an-

teceden t retraction without in tro ducing an y new failing negatives. The p os-

itiv e examples of C are those that ha v e a partial pro of completed b y the

giv en an teceden t retraction (i.e. the failing p ositiv es co v ere d b y the giv en

assumptions). The negativ e examples of C are examples that b ecome failing

negativ es when C is assumed to b e true (i.e. this is a pro of b y con tradiction

that they are : C since a con tradiction is deriv e d when C is assumed).

Again consider the example of missing rule 4 from the cup theory . Based

on the an teceden t co v er, Either �rst attempts to remo v e width=small from

rule 6; ho w ev er, this results in example 6 b ecoming a failing negative. There-

fore, induction is used to form a new rule for graspable . The p ositiv e examples

are the original failing p ositiv es, examples 2 and 3. The negativ e examples

are examples 4, 5 and 6, whic h b ecome pro v able when graspable is assumed to

b e true. Since has-handle is the only single feature that distinguishes exam-

ples 2 and 3 from examples 4, 5 and 6, the inductive system ( Id3 ) generates

the required rule:

graspable  has-handle

If an elemen t of the an teceden t co v er is not an observ able, then a rule is

learned directly for it instead for the consequen t of the rule in whic h it

app ears. F or example, if b oth rules for graspable are missing from the

cup theory , then most-sp eci�c ab duction returns the single assumption set:

f graspable g for all of the failing p ositives (examples 1, 2 and 3). Since remov-

ing the graspable an teceden t results in all of the negative examples b ecoming

failing negativ es, Either decides to learn rules for graspable . All of the

p ositiv e examples are used as p ositiv e examples of graspable and all of the

negativ es are used as negativ e examples of graspable and the system learns

the appro ximately correct rules:

graspable  has-handle

graspable  width=small ^ st yrofoam

15



6.2 An tecede n t addition

If rule retraction ev er o v er-sp ecialize s, then induction is used to learn addi-

tional an teceden ts to add to the rule instead of retracting it. An tece den ts are

learned so they �x the failing negatives asso ciated with the rule retraction

without in tro ducing an y new failing p ositiv es. The p ositiv e examples of C

are those examples that b ecome unpro v able (failing p ositiv es) when the rule

is retracted. The negative examples of C are the failing negatives co v ere d b y

the rule.

F or example, again consider the case of missing the anteceden t width=small

from rule 5. Based on the rule co v er, Either �rst remo v es the o v erly -general

rule 5:

graspable  st yrofoam

and tests for additional failing p ositiv es. Since example 1 b ecomes unpro v-

able in this case, Either decides to add additional anteceden ts. Example 1

(the failing p ositive created b y retraction) is used as a p ositiv e example and

example 5 (the original failing negative) is used as a negative example. Since

width is the only feature that distinguishes these t w o examples, Id3 learns

the rule:

p ositive  width=small.

This is com bined with the original rule to obtain the correct replacemen t

rule:

graspable  width=small ^ st yrofoam.

7 EMPIRICAL RESUL TS

Either has revised t w o real exp ert-provided rule bases, one in molecular

biology and one in plan t pathology . This section presen ts details on our

results in these domains. F urther information on these tests, including the

actual initial and revised theories, is given in

[

Ourston, 1991

]

.

7.1 Single category: DNA results

Either w as �rst tested on a theory for recognizing biological concepts in

DNA sequences. The original theory is describ ed in

[

T o w ell et al. , 1990

]

, it

con tains 11 rules with a total of 76 prop ositional sym b ols. The purp ose of
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the theory is to recognize pr omoters in strings of n ucleotides (one of A, G,

T, or C). A promoter is a genetic region that initiates the �rst step in the

expression of an adjacen t gene ( tr anscription ), b y RNA p olymerase. The

input features are 57 sequen tial DNA n ucleotides. The examples used in

the tests consisted of 53 p ositiv e and 53 negativ e examples assem bled from

the biological literature. The initial theory classi�ed none of the p ositiv e

examples and all of the negative examples correctly , th us indicating that the

initial theory w as en tirel y o v erly sp eci�c.

Figure 6 presen ts learning curv es for this domain. In eac h test, classi�-
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Figure 6: Results for the DNA Theory

cation accuracy w as measured on 26 disjoin t test examples. The n um b er of

training examples w as v aried from one to eigh t y , with the training and test

examples selected at random. The results w ere a v eraged o v er 21 training/test

divisions. Id3 's p erformance is also sho wn in order to contrast theory re�ne-

men t with pure induction.

The accuracy of the initial promoter theory is sho wn in the graph as

Either 's p erformance with 0 training examples { it is no b etter than ran-

dom c hance (50%). With no examples, Id3 pic ks a category at random and
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exhibits the same accuracy . Ho w ev er, as the n um b er of training examples

increases, Either use of the existing theory results in a signi�can t p erfor-

mance adv an tage compared to pure induction. A one-tailed Studen t t-test

on paired di�erences sho w ed that the Either 's sup erior accuracy compared

to Id3 is statistically signi�cant (p < .05) for ev ery non-zero p oin t plotted on

the learning curves. Ov erall, Either impro v es the accuracy of the theory by

35 p ercen tage p oin ts. An additional reason for including Id3 in the p erfor-

mance graphs is that it represen ts Either 's p erformance without an initial

theory , since in this case every example is a failing p ositive and induction is

used to learn a set of rules from scratc h. Therefore including Id3 's learning

curv e, pro vides a clear illustration of the adv an tage pro vided b y theory-based

learning. In fact, if a di�eren t inductiv e system w ere substituted for Id3 , the

absolute p erformance of b oth learning systems migh t c hange, but the rela-

tiv e adv an tage of Either compared to the purely inductiv e system should

remain approximately the same.

Another w a y of lo oking at the p erformance adv an tage pro vided b y an

initial theory is to consider the additional examples required b y Id3 in order

to ac hiev e equal p erformance with Either . F or example, at 75% accuracy ,

Id3 requires o v er sixt y additional training examples to achiev e equal p erfor-

mance with Either . Therefore, in some sense, the information contained in

the theory is equiv alen t to 60 examples.

The initial theory is primarily revised by deleting anteceden ts in v arious

w a ys. In general, Either 's c hanges made sense to the exp ert. In particular,

the sub concept c onformation w as remo v e d from the pr omoter concept in

its en tiret y . This correction was v alidated b y the biologist who enco ded the

theory (No ordewier), who indicated that conformation w as a w eakly-justi�ed

constrain t when it w as originally intro duced.

This domain theory was also used to test the Kbann system

[

T o w ell et al. ,

1990

]

, whic h translates the initial theory in to an equiv alen t neural net, and

then applies the backpropagation algorithm

[

Rumelhart et al. , 1986

]

to revise

the net w ork. Kbann 's accuracy is somewhat b etter than Either 's in this

domain (a test set accuracy of 92% with 105 training examples). The lik ely

explanation for the p erformance adv an tage is that the DNA task in v olv es

learning a concept of the form N out of these M fe atur es must b e pr esent.

Exp erimen ts comparing bac kpropagation and Id3 rep ort that bac kpropaga-

tion is b etter at learning N out of M functions

[

Fisher and McKusic k, 1989

]

.

Some asp ects of the promoter concept �t the N out of M format where, for
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example, there are sev eral p oten tial sites where h ydrogen b onds can form

b et w een the DNA and the protein; if enough of these b onds form, promoter

activit y can o ccur. Either attempts to learn this concept by learning a sep-

arate rule for each p oten tial con�guration b y deleting di�eren t com binations

of an teceden ts from the initial rules, whic h mak es this a comparativ ely dif-

�cult learning task for a rule-based system. Finally , it should b e noted that

when Kbann translated its results in to Horn clauses, the resulting theory

w as signi�cantly more complicated than Either 's

[

T o w ell and Sha vlik, 1991

]

.

This is b ecause Either 's goal is to pro duce a minimally revised Horn-clause

theory and Kbann has no suc h bias.

7.2 Multiple categories: So yb ean results

In order to demonstrate Either 's abilit y to revise multipl e category theories,

Either w as used to re�ne the exp ert rules given in

[

Mic halski and Chilausky ,

1980

]

. This is a theory for diagnosing so yb ean diseases that distinguishes

b et w een nineteen p ossible soyb ean diseases using examples that are describ ed

with thirt y �v e features. The original exp eriments compared exp ert rules to

induction from examples. By revising the exp ert rules to �t the examples,

w e hop ed to sho w that one could pro duce b etter results than using just the

examples or just the rules.

The original exp ert rules asso ciated probabilistic weigh ts with certain dis-

ease symptoms. In addition, some groups of disease symptoms were regarded

as signi�c ant while other groups w ere regarded as c on�rmatory . The rules

w ere translated to prop ositional Horn-clause format b y only including the

signi�can t symptoms and b y deleting an y symptom from the theory that

had a w eigh t less than 0.8. After translation, the theory con tained 73 rules

with 325 prop os itional sym b ols.

Unfortunately , the classi�cation p erformance of the Horn-clause v ersion

w as seriously de�cien t compared to the original probabilistic rules. F or ex-

ample, the Horn-clause theory obtained a 12.3% classi�cation p erformance

compared to the accuracy of 73% rep orted in the original pap er. T o circum-

v en t the problem, a \
exible" matc her w as used to classify the test examples,

based on the up dated theory pro vided b y Either . The 
exible matcher ac-

coun ts for t w o p ossible classi�cation problems with a m ulti-c ategory theory .

The �rst problem o ccurs when a test example is pro v able as a mem b er of

more than one category . The second problem o ccurs when a test example is
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Figure 7: Results for the So yb ean Theory

not pro v able as a mem b er of an y category . With the standard Either tester,

suc h examples are assigned to the most common category . In con trast, the

original so yb ean tests assigned a matc h score to eac h p ossible category and

c hose the category with the highest score. The 
exible matc her used b y Ei-

ther is a simple appro ximation to the original tec hnique . If an example is

assigned to multipl e categories, the tester selects the category that mak es the

most use of the example's features. This is done b y c ho osing the category

whose pro of of category mem b ership con tains the greatest n um b er of fea-

tures. If an example is assigned to no category , the 
exible matcher c ho oses

the category that comes closest to b eing pro v able. This is done b y c ho osing

the category with a partial pro of of category mem b ership that has the least

n um b er of assumptions.

Learning curv es for the so yb ean exp erimen ts are sho wn in Figure 7. In

eac h test, accuracy w as measured against 75 disjoin t test examples. The

n um b er of training examples w as v aried from one to one h undred, with the

training and test examples dra wn at random from the en tire example p op-

ulation. The results w ere a v eraged o v er 22 train/test divisions. Note that

ev en with the 
exible matc her, the accuracy of the original rules w as only

20



51%, as compared to 73% for the original results presen ted in

[

Mic halski and

Chilausky , 1980

]

. Ov erall, the accuracy of the initial rules is increased b y 26

p ercen tage p oin ts and Either main tains its initial p erformance adv an tage

compared to pure induction o v er the en tire training in terv al. A one-tailed

Studen t t-test on paired di�erences sho w ed that the sup erior p erformance

of Either is statistically signi�can t (p < .05) for ev ery p oin t plotted on the

learning curves. Therefore, emplo ying b oth rules and examples is b etter than

using either one alone.

Since comparing a system with 
exible matc hing ( Flex-Either ) to one

without it ( Id3 ) is somewhat inequitable, w e also tested a v ersion of Id3

that uses the same 
exible matc her as Flex-Either . Ho w ev e r, there w as

no signi�can t di�erence b et w een the p erformance of Id3 and Flex-Id3 in

this domain. Since Id3 has a bias for v ery simple, general descriptions, the

case in whic h an example is not initially categorized in to an y category (and

therefore requires partial matching) rarely o ccurred.

8 RELA TED W ORK

As discussed in

[

Langley , 1989

]

, an y incremen tal inductiv e learning system

can b e view ed as con tin ually re�ning a kno wledge base formed from previ-

ous examples. Ho w ev er, existing incremental inductive systems

[

Reink e and

Mic halski, 1988; Utgo�, 1989

]

emplo y \
at" represen tations such as decision

trees and DNF expressions, as opp os ed to m ulti-la y er theories with interme-

diate concepts. In addition, attempts to initializ e an increme n tal inductiv e

system with a user-supplied domain theory hav e met with mixed results

[

Ma-

honey and Mo oney , 1991; Thompson et al. , 1991

]

.

Most systems for integrating explanation-based and similarity-based meth-

o ds cannot re�ne arbitrarily imp erfect theories. Some systems are only ca-

pable of generalizing an o v erly-sp eci �c (incomplete) theory

[

Wilkins, 1988;

Dan yluk, 1989 ; Whitehall, 1990

]

while others are only capable of sp ecializing

an o v erly-general theory

[

Flann and Dietteric h, 1989; Mo oney and Ourston,

1989; Cohen, 1990

]

. Man y systems do not revise the theory itself but instead

revise the op er ational de�nition of a concept

[

Bergadano and Giordana, 1988;

Hirsh, 1990; P azzani et al. , 1991

]

. Still other systems rely on activ e exp er-

imen tation rather than a pro vided training set to detect and correct errors

[

Ra jamoney , 1990

]

.

Recen t exp eriments with Anapr o n

[

Golding and Rosen blo om, 1991

]

, a
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system that in tegrates case-based and rule-based reasoning, also demonstrate

that com bining initial rules and data p erforms b etter than either individually .

Ho w ev er, this system stores sp eci�c cases as exceptions to rules rather than

mo difying the rules themselv es.

Kbann

[

T o w ell et al. , 1990

]

and R tls

[

Ginsb erg, 1990

]

are theory revi-

sion systems that come the closest to handling as many t yp es of imp erfections

as Either . Ho w ev er, neither integrates indep endent comp onen ts for deduc-

tion, ab duction, and induction. Mo dularit y allo ws Either to easily tak e

adv an tage of impro v em en ts in eac h of these areas of automated reasoning.

Also, neither Kbann nor R tls guaran tee consistency with all of the training

data when giv en an arbitrary initial theory .

The Ductor

[

Cain, 1991

]

is a recen t Either -inspired system that in te-

grates deduction, ab duction, and induction. Ho w ev er, it do es not generate

all pro ofs and partial pro ofs nor attempt to �nd a minim um co v er of theory

c hanges. Consequen tly , it is less fo cused on �nding a minimal revision to the

initial theory .

9 FUTURE RESEAR CH

Either su�ers from a n um b er of shortcomings that w e hop e to address

in future researc h. First, although it has b een e�cien t enough to apply to

sev eral real theories, the current implemen tati on can b e quite slow at revising

large rule bases (its tak es 90 min utes on a T exas Instrumen ts Explorer I I to

�t the so yb ean theory to 100 examples). Computation of all the partial

pro ofs of failing p ositiv es is the primary b ottlenec k in the curren t system.

By incorp orating impro v ed deductiv e and ab ductiv e comp onents, w e hop e

to dramatically improv e system e�ciency . Sp eci�cally , w e plan to employ an

ab duction system that uses heuristic search to compute only a subset of the

partial pro ofs with the fewest assumptions

[

Ng and Mo oney , 1991

]

. Another

approac h to impro ving e�ciency is to only partially �t the theory to the

training data. Existing exp eriments with a v ersion of Either that computes

only partial cov ers of the failing p ositive and failing negative examples ha v e

demonstrated that this technique can signi�cantly increase e�ciency without

signi�cantly a�ecting accuracy

[

Mo oney and Ourston, 1991b

]

. This metho d

w as originally develop ed to deal with noisy data.

Second, the current system cannot handle theories that emplo y ne gation

as failur e . An tece den ts of the form not(P) complicate the revision pro cess
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since generalizing or learning a rule that concludes P actually sp ecialize s the

o v erall theory b y prev en ti ng this an teceden t from b eing satis�ed. Con v ersely ,

sp ecializing or elimi nating a rule for P ma y actually generalize the o v erall

theory . Therefore, the system will ha v e to consider standard generalization

op erators as sp ecialize rs in certain contexts and vice v ersa.

Third, the curren t system assumes all examples are instances of exactly

one of the top-lev el categories. It cannot directly accept examples of in terme-

diate concepts nor deal with o v erlapping categories. A truly robust theory

revision system should b e able to accept examples of an y of its concepts

and use them to revise the rules for that concept directly or to revise other

concepts indirectly .

F ourth, Either is basically restricted to revising prop ositional theories.

W e ha v e already dev elop ed a protot yp e of a successor system called F or te

whic h is capable of revising �rst-order Horn-clause theories

[

Ric hards and

Mo oney , 1991

]

. This system is undergoing contin ued dev elopmen t to impro v e

its e�cienc y and capabilities.

Finally , Either is restricted to revising purely logical theories and many

rule bases employ some form of probabilistic reasoning. Some previous w ork

has addressed the problem of re�ning the probabilities or certain t y factors

attac hed to rules

[

Ling and V altorta, 1991; Ginsb erg et al. , 1988

]

; ho w ev er,

suc h n umerical adjustmen ts ha v e not b een in tegrated with more sym b olic

revisions suc h as learning new rules. W e are curren tly dev eloping a system

that �rst \t w eaks" certain t y factors un til no more impro v emen t is p ossible

and then resorts to learning new rules. The system cycles b etw een \t w eaking"

and rule learning until it con v erges to 100% accuracy on the training data.

10 CONCLUSIONS

The dev elopme n t and testing of Either has demonstrated ho w deduction,

ab duction, and induction can b e successfully in tegrated to revise imp erfect

domain theories. By com bining suc h div erse metho ds, Either is able to

handle a wider range of imp erfect theories than other systems while guar-

an teeing that the revised theory will b e consisten t with the training data.

Results on revising t w o actual exp ert theories has demonstrated Either 's

abilities and generality and con�rmed the conjecture that learning from b oth

theory and data giv es b etter results than using either one alone.
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