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Abstract

This pap er presen ts an approac h to impro v-

ing the classi�cation p erformance of a m ul-

tiple category theory b y correcting in terme-

diate rules whic h are shared among the cate-

gories. Using this tec hnique, the p erformance

of a theory in one category can b e impro v ed

through training in an en tirely di�eren t cat-

egory . Examples of the tec hnique are pre-

sen ted and exp erimen tal results are giv en.

1 In tro duction

F requen tly , domain theories in v olv e m ultiple concepts

that share in termediate rules. F or example, in a the-

ory for a v ariet y of animal sp ecies, the concepts for

gira�es and tigers migh t share kno wledge ab out mam-

mals, and the concepts for p enguin and duc k migh t

share kno wledge ab out birds. Impro ving rules for the

shared concept \mammal" can increase classi�cation

accuracy for b oth gira�es and tigers. Ho w ev er, re�n-

ing rules for suc h shared in termediate rules m ust b e

done carefully in order to accoun t for the impact on

all of the concepts that use them.

Revising rules for shared concepts frequen tly has the

in teresting e�ect of impro ving p erformance on test

data that is dra wn from a completely di�eren t p op-

ulation than the training data. F or example, if the

system is trained on ostric hes, it ma y impro v e p erfor-

mance when tested on p enguins. W e refer to this e�ect

as cr oss-c ate gory tr ansfer . Standard empirical learn-

ing systems are incapable of exhibiting cross-category

transfer. Most theoretical w ork in learning also as-

sumes that the distribution of examples is the same

during training and test

[

V alian t, 1984

]

.

This pap er presen ts an implemen ted metho d for re-

vising domain theories with shared in termediate rules.

W e are dev eloping a system called EITHER that is ca-

pable of revising arbitrary prop ositional Horn-clause

domain theories. In

[

Ourston and Mo oney , 1990

]

w e

describ e an initial v ersion of the system that re�nes

theories for a single concept and has sev eral restric-

tions on mo difying in termediate rules. The tec hniques

describ ed in this pap er extend the previous metho ds

to m ulti-category theories and to corrections to shared

rules. The remainder of this pap er describ es our ap-

proac h and pro vides empirical results that illustrate

e�ectiv e transfer to test data that is radically di�eren t

from the training data.

2 Sample Theory

The theory b elo w is a sample domain theory for

animals that will b e used as an example throughout

the pap er. This theory is an extended v ersion of

a set of rules giv en 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 umerically-v al ued features.

(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-t yp 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) (nec k-length ?n) ( � ?n 5)

( � ?n 6) (color ta wn y)

(pattern sp ots) (pattern-color blac k)

(zebra)  (ungulate) (color white)

(pattern strip es)(pattern-color blac k)

(c heetah)  (mammal)(carniv ore)(color ta wn y)

(pattern sp ots)(pattern-color blac k)

(tiger)  (mammal) (carniv ore) (color ta wn y)

(pattern strip es)(pattern-color blac k)



(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 gra y) (b o dy-co v ering moist-skin)

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

(bat)  (mammal) (color blac k) (pattern none)

(pattern-color none) (
y)

(plat ypus)  (mammal) (birth egg)

(fo ot-t yp e w ebb ed)

(ostric h)  (bird) (not (
y)) (nec k-length ?n)

( � ?n 3)( � ?n 4) (color white)

(pattern patc h) (pattern-color blac k)

(p enguin)  (bird) (color white)

(pattern patc h) (pattern-color blac k)

(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 blac k) (pattern none)

(pattern-color none) (
y)

Observ able F eatures: feed-y oung b o dy-co v ering birth

eat-meat 
y teeth fore-app endage fo ot-t yp e nec k-length

b o dy-length color pattern pattern-color ruminate

Categories: gira�e zebra c heetah tiger dolphin whale bat

plat ypus p enguin ostric h duc k grac kle

Prop ositions that are used to describ e the examples

(for example, (fo ot-t yp e w ebb ed)) are called observ-

ables . Prop ositions that represen t the �nal concepts

in whic h examples are to b e classi�ed (for example,

p enguin) are called c ate gories . It is curren tly assumed

that the categories are disjoin t. Prop ositions in the

theory that are neither observ ables nor categories (for

example, bird, mammal) are called interme diate c on-

c epts . A failing p ositive is an example that should b e

pro v able as an example of its category , but fails to b e

pro v able. A failing ne gative is an example pro v able in

a category other than its o wn.

3 Revision Approac h

EITHER resp onds to failing negativ e examples (indi-

cating an o v erly general theory) b y p erforming rule

sp ecialization. Similarly , the resp onse to failing p os-

itiv e examples is rule generalization. EITHER deter-

mines the prop er lo cation for the rule correction based

on a syn tactic simplicit y measure, sub ject to a cor-

rectabilit y constrain t (as will b e sho wn b elo w, some

rules resp onsible for the error cannot b e c hanged to �x

the problem). EITHER also uses constructiv e induc-

tion metho ds in order to e�ectiv e utilize in termediate

concepts in the existing theory and to create new in-

termediate concepts

[

Mo oney and Ourston, 1991

]

. The

resulting approac h tends to fo cus corrections on rules

whic h are used b y m ultiple categories.

3.1 Rule Generalization

Rule generalization is p erformed in resp onse to sp e-

cialization errors in the existing theory , whic h are in-

dicated b y failing p ositiv e examples. EITHER initially

asso ciates the errors with leaf-lev el rules

1
. This is

done in a batc h fashion, and the minim um set of suc h

rules whic h accoun t for all of the failing p ositiv e ex-

amples is iden ti�ed. F or eac h rule EITHER iden ti�es

an teceden ts whic h, if retracted, w ould allo w pro ofs of

the failing p ositiv e examples asso ciated with the rule.

Ho w ev er, simply remo ving an teceden ts from the rule

ma y pro v e to b e to o m uc h of a generalization (that is,

doing so ma y cause additional failing negativ es). If this

is the case, EITHER uses the failing p ositiv e examples

for the rule, and the negativ e examples whic h b ecome

pro v able when the consequen t of the rule is assumed

true, to inductiv ely

2
form a new rule whic h correctly

classi�es the p ositiv e and negativ e examples. If the

prop osed correction results in all of the an teceden ts

for a particular rule b eing remo v ed, EITHER simply

remo v es the consequen t of the rule as an an teceden t

from all of its paren t rules.

The correction pro cess ma y ultimately result in the

correction b eing placed at a higher lev el in the theory ,

as discussed b elo w, but in eac h case, the generalization

algorithm will �rst attempt to generalize the selected

rule b y mo difying an teceden ts, and will only induc-

tiv ely learn new rules if this is unsuccessful.

3.2 Rule Sp ecialization

F or theory sp ecialization, EITHER �rst iden ti�es the

minim um set of leaf-lev el rules whic h, if remo v ed from

the theory , w ould cause all of the failing negativ e ex-

amples to no longer b e pro v en in incorrect categories.

As with generalization, this initially-sugges ted c hange

to the theory ma y b e an o v er-correction, resulting in

examples not b eing pro v able in their o wn categories.

If this is the case, then sp ecialized rules are induc-

tiv ely learned whic h discriminate b et w een the p ositiv e

examples for the category and the erroneously pro v en

negativ e examples. If the correction is to b e made to

a higher lev el rule, as discussed b elo w, a new rule will

b e inductiv ely learned.1
A \leaf-lev el" rule is a rule whic h includes observ ables

among its an teceden ts.2
EITHER uses the ID3

[

Quinlan, 1986

]

as its inductiv e

comp onen t.



3.3 The Correctabilit y Problem

In m ulti-category theories, it ma y not b e p ossible to

mak e a theory consisten t with a set of examples b y

mo difying leaf-lev el rules. F or example, consider the

follo wing theory in whic h the category rules rely on

the same leaf-lev el rule.C1  RC2  RR A ^B
This is an extremely pathological theory in whic h an y

example will either b e pro v able in b oth categories or

neither, and the same remarks apply when an y change

is made to the leaf-lev el rule. What this means is

that the \R" rule cannot b e c hanged to correct the

problem. In the animal domain, this t yp e of problem

could corresp ond to trying to �x confusions b et w een

grac kles and duc ks through mo di�cations to the

\bird" rules. In general, the problem is detecting that

suc h a condition exists (either directly or indirectly),

and then making a correction that causes examples

to b e classi�ed only in their o wn categories. F or a

particular rule, this problem can b e detected during

sp ecialization when remo ving the rule from the theory

causes a particular example to fail to b e pro v en in its

o wn category , and y et lea ving the rule in causes the

example to b e pro v able in at least one other category .

In this case, the same rule is b eing used in an

erroneous pro of of the example and also in its correct

pro of in its o wn category . Hence an y c hange to the

rule whic h causes the example not to b e erroneously

pro v able will also cause it not to b e pro v able in its

o wn category . F or generalization, the problem can b e

detected when assuming the consequen t of a rule to

b e true causes a particular example to b e pro v able in

at least one other category , y et in the original theory

the same example is not pro v able in its o wn category .

In order to asso ciate the problem with a single rule,

the generalization algorithm requires that all failing

negativ es b e remo v ed from the input, and the sp e-

cialization algorithm requires a strictly o v erly general

theory (that is, it uses the output of the generalization

algorithm).

The solution to the correctabilit y problem (the same

rule b eing resp onsible for pro ofs of examples in m ulti-

ple categories), is to mak e the corrections to rules at

higher lev els in the theory . This is done b y consider-

ing the paren ts

3
of the rule in question and determin-3

Here, paren t means a rule whic h used the giv en rule in

the pro of of an an teceden t. F or sp ecialization, this o ccurs

during the pro of of a negativ e example, whereas for gener-

ing if a correctabilit y problem exists for the paren ts

of the rule, and so on recursiv ely , un til a set of rules

are obtained for whic h no correctabilit y problem ex-

ists. Clearly , there exists suc h a set of rules, since

in the limit the corrections can b e made to the c ate-

gory rules. Since eac h suc h rule implies mem b ership in

a particular category , retracting suc h a rule can only

cause examples to b e unpro v able in the asso ciated cat-

egory , and no other, and no correctabilit y problem can

o ccur.

In the implemen ted EITHER program, for e�ciency

reasons the correctabilit y algorithm has only b een in-

corp orated in to the sp ecialization algorithm. Ho w ev er,

doing this still guaran tees that the output will b e con-

sisten t with the training set.

3.4 Finding the Simplest Correction

Once a consisten t set of rules has b een obtained, EI-

THER b egins the pro cess of selecting the syn tactically

simplest set of rule corrections. F or eac h rule in the

curren t correction set, EITHER compares the c hange

to the rule with the c hange whic h w ould b e required

b y the rule's paren ts. If the c hange to the paren t rules

is simpler than the c hange to the curren t rule, the pro-

cess is con tin ued with the curren t rule replaced b y its

paren t rules. This pro cess terminates when the c hange

to the paren t rule is more complex than the c hange to

the curren t rule.

As an example of a situation whic h w ould result in a

higher lev el rule b eing c hosen, consider the follo wing

theory:w  xx ax bx 
:
and assume that the �rst rule should correctly b e:w  x ^ d ^ e:
If EITHER w as giv en examples corresp onding to the

correct theory , and w as forced to mak e the corrections

to the theory at the leaf lev el, than EITHER w ould

obtain the corrected theory (whic h w ould b e consisten t

with the input examples):w  xx a ^ d ^ ex b ^ d ^ ex 
 ^ d ^ e:
Clearly , c hanging the theory at the higher lev el w ould

result in a m uc h simpler syn tactic c hange to the theory .

On the other hand, consider the theory:

alization, this o ccurs during the partial pro of of a p ositiv e

example.



w  xy  xz  xx a;
and assume that the correct v ersion of the last rule is:x a ^ b ^ 
:
If the correction is made at the higher lev el, then eac h

of the rules \w" \y" and \z" w ould ha v e to ha v e the

an teceden ts b and c added. In this case, b ecause of

syn tactic simplicit y , EITHER will mak e the correction

to the \x" rule.

Because of these considerations, EITHER tends to

mak e corrections at or b elo w the lev el of the �rst

shared rule encoun tered. This implies that the selected

rule will b e lik ely to participate in m ultiple concept

de�nitions, whic h will allo w the correction to enhance

the p erformance in other, related, categories. F or e�-

ciency reasons, in the implemen ted v ersion of EITHER

the syn tactic simplicit y c hec k is alw a ys terminated at

the �rst shared rule (that is, a rule ha ving m ultiple

paren ts).

4 Exp erimen tal Results

EITHER has b een tested on t w o m ulti-category do-

main theories with shared in termediate rules. This

section presen ts results sho wing that EITHER can suc-

cessfully revise shared rules and that suc h revisions

result in p ositiv e transfer to test data that is v ery dif-

feren t from the training data.

Arti�cial data w as automatically generated for the an-

imal theory and a similar theory for classifying dif-

feren t t yp es of computers based on their app earance

(categories: p c, mac, macI I, sun, hp, explorer, sym b ol-

ics; in termediate concepts: w orkstation, micro, lisp-

mac hine, unix-w orkstation, macin tosh). 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.

Next, random v alues for the remaining observ able fea-

tures w ere added to the core examples to create full

examples. Ho w ev er, adding random v alues can some-

times mak e an example pro v able in another category

as w ell. Consequen tly , eac h example w as c hec k ed to

mak e sure it w as pro v able in only one category b efore

adding it to the �nal data set. A total of 360 exam-

ples of animals and 210 examples of computers w ere

created in this manner.

Imp erfect v ersions of the animal and computer

theories w ere also constructed. In eac h case, the rules

for some of the in termediate concepts w ere corrupted

in order to allo w for cross-category transfer. The

rules corrupted in the animal theory are sho wn b elo w.

Items sho wn in b oldface w ere added to the theory

whereas items sho wn in italics w ere deleted from

the theory . The faults in tro duced include missing

rules, additional an teceden ts, and missing an teceden ts.

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

(fore-app endage leg)

(mammal)  (feed-y oung milk)

(fore-app endage leg)

(mammal)  (birth liv e) (fore-app endage leg)

(bir d)  (b o dy-c overing fe athers)

(bird)  (birth e gg) (
y)

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

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

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

In order to demonstrate cross-category transfer, the

system w as trained on examples from some of the cat-

egories and tested an examples of the remaining cate-

gories. In the animal domain, the system w as trained

on gira�es, c heetahs, dolphins, bats, plat ypuses, os-

tric hes, and duc ks and tested on zebras, tigers, whales,

p enguins, and grac kles. In the computer domain, EI-

THER w as trained on Macs, Suns, and Explorers, and

tested on MacI I's, HP's, and Sym b olics. Learning

curv es w ere generated b y p erforming batc h training

on increasingly larger fractions of a set of training ex-

amples and rep eatedly testing predictiv e accuracy on

the same disjoin t test set. The �nal results w ere a v-

eraged o v er 20 random selections of training and test

sets.

The results are sho wn in Figure 1. EITHER greatly

impro v es its p erformance despite the fact that the

training and test data are dra wn from completely dif-

feren t p opulations. This is b ecause it revises rules

for shared in termediate concepts. F or example, when

trained on ostric hes, bats, and dolphins it disco v ers

that 
ying is neither necessary nor su�cien t for bird-

ho o d and that mammals don't ha v e to p ossess legs.

It uses the data to mak e the correct revisions to these

rules whic h allo w it to accurately classify p enguins and

whales during testing. P erformance in the animal do-

main lev els out at 85% since some of the faults are

in non-shared rules and are only detected when the

training set con tains examples from all of the cate-

gories. In the computer domain, the correct theory

is fully reconstructed b y 40 training examples in most

trials. Notice that a normal inductiv e learning system

w ould remain at 0% accuracy for this sort of test. If it

nev er encoun ters an y examples of p enguins or whales

in the training set, it will nev er classify a test example

as a p enguin or a whale.

If EITHER is trained on random examples of all cate-



gories, it ev en tually reconstructs the original theories

for b oth domains. Ab out 100 examples are generally

su�cien t to �x the animal theory , while 60 examples

are su�cien t for the computer theory . When initial-

ized with the imp erfect theories, EITHER's learning

rate is signi�can tly b etter than without an initial the-

ory (in whic h case it is the same as ID3).
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Figure 1: Cross-Category T ransfer Results

5 Related W ork

As discussed in

[

Ourston and Mo oney , 1990

]

, most

systems that use imp erfect domain theories in learn-

ing can only handle certain t yp es of o v erly general or

o v erly sp eci�c theories

[

Wilkins, 1988; Flann and Di-

etteric h, 1989; P azzani, 1989

]

). Finally , none of these

systems explicitly deal with m ulti-category theories.

Ginsb erg has recen tly dev elop ed a v ersion of R TLS

that pro duces a revised m ulti-category theory

[

Gins-

b erg, 1990

]

; ho w ev er, he explicitly men tions that it

cannot revise rules for shared concepts (whic h he calls

non-eigen-terms ). Ho w ev er, as illustrated in this pa-

p er, revising shared rules is extremely imp ortan t since

it allo ws for cross-category transfer. 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, could

p oten tially demonstrate cross-category transfer b y re-

�ning the w eigh ts on shared hidden units. Ho w ev er,

KBANN pro duces a neural-net classi�er rather than a

revised theory .

6 Conclusions

The abilit y to impro v e shared rules allo ws the correc-

tions to a theory to b e fo cussed on certain k ey rules,

whic h ma y pla y a part in the de�nition of sev eral con-

cepts within the theory . Learning of this kind p ermits

cross-category transfer, where training in a one cat-

egory pro duces p erformance impro v emen ts in related

categories.

Multiple category theories also in tro duce correctabilit y

problems whic h are not presen t in single category the-

ories, caused b y a single rule b eing used in the pro ofs

of sev eral categories for the same example. EITHER

addresses these problems with m ultiple category the-

ories, while still obtaining rule corrections whic h are

syn tactically simple and whic h apply to shared rules

whenev er p ossible.
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