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Abstract

Most existing theory re�nemen t systems are not

incremen tal. Ho w ev er, an y theory re�nement sys-

tem whose input and output theories are compat-

ible can b e used to incrementally assimilate data

in to an ev olving theory . This is done b y con tin-

ually feeding its revised theory bac k in as its in-

put theory . An incremen tal batc h approac h, in

whic h the system assimilates a batch of examples

at eac h step, seems most appropriate for existing

theory revision systems. Exp erimen tal results with

the Either theory re�nement system demonstrate

that this approac h frequen tly increases e�ciency

without signi�cantly decreasing the accuracy or the

simplicit y of the resulting theory . Ho w ev er, if the

system pro duces bad initial c hanges to the theory

based on only small amount of data, these bad re-

visions can \sno wball" and result in an o v erall de-

crease in p erformance.

In tro duction

Recen tly , a n um b er of mac hine learning systems ha v e

b een dev elop ed that use examples to revise an ap-

pro ximate (incomplete and/or incorrect) domain theory

[

Ginsb erg, 1990; Ourston and Mo oney , 1990; T o w ell and

Sha vlik, 1991; Dan yluk, 1991; Whitehall et al. , 1991;

Mat win and Plan te, 1991

]

. Ho w ev er, these systems

are \batc h" learners, whic h pro cess all of the train-

ing instances at once. Kno wledge assimilati on re-

quires the abili t y to incremen tally revise a domain

theory as new data is encoun tered. Incremen tal pro-

cessing allo ws for con tin ual resp onsiv enes s to the en-

vironmen t and the p oten tial for impro v ed e�ciency

and the abilit y to deal with c onc ept drift

[

Sc hlimmer

and Granger, 1986

]

. Consequen tly , there has b een a

gro wing b o dy of w ork on incremental empirical learn-

�

This researc h w as supp orted b y the NASA Ames Re-

searc h Cen ter under gran t NCC 2-629 and b y the National
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ing systems

[

Sc hlimmer and Fisher, 1986; Utgo�, 1989;

Reink e and Mic halski, 1988

]

.

Unlik e a purely empirical system, a theory revision

system tak es an initial domain theory as w ell a set of

training examples and pro duces a revised theory rep-

resen ted in the same language. Consequen tly , a gen-

eral theory revision system is \input-output compat-

ible," so it is a trivial matter to mak e it incremen-

tal b y con tin ually feeding its output from pro cess ing

one or more examples back in to the input for pro cess-

ing additional examples. It is imp ortant to notice that

theory revision systems that assume a strictly o v erly-

sp eci�c (incomplete) initial theory

[

Wilkins, 1988;

Dan yluk, 1991; Whitehall et al. , 1991

]

or a strictly

o v erly-general (promiscuous) initial theory

[

Flann and

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

1990

]

are not \input-output compatible" since the out-

put theory ma y not meet the required restrictions on

the input theory . Ho w ev er, systems that can han-

dle arbitrarily incorrect initial theories

[

Ginsb erg, 1990;

Ourston and Mo oney , 1990; T o w ell and Sha vlik, 1991

]

can easily b e made incremental.

This pap er presents empirical results on an incr e-

mental b atch

[

Clearw ater et al. , 1989

]

v ersion of Ei-

ther , a revision system for re�ning arbitrarily incor-

rect prop ositional Horn-clause theories

[

Ourston and

Mo oney , 1990; Mo oney and Ourston, 1991b

]

. After pro-

cessing a small batch of training examples, the resulting

revised theory is fed back as the input theory for pro-

cessing the next batch. In the limi t, the system can b e

made completely incremental b y setting the batch size

to one. Using a theory revision system in incremen-

tal batc h mo de can b e done in several w a ys dep ending

on the exten t to whic h previous training examples are

retained. In particular, one can take a ful l-memory ap-

proac h in whic h the examples from all previous batches

are input to the pro cessing of a giv en batc h, or a no-

memory approac h in whic h only the curren t batc h of

examples is given to the system. This pap er presents re-

sults on three v ersions of Either : Ba tch , Full-Mem ,

and No-Mem . Generally , as the system is made more

incremen tal (i.e. mo ving from Ba tch to Full-Mem



to No-Mem ), training time is decrease d at the cost of

sligh tly decreasing accuracy and increasing theory com-

plexit y . Ho w ev er, the exact trade-o�s in v olv ed dep end

on the details of the domain and the initial theory .

Ov erview of Either

Problem De�nition

Either solv es the follo wi ng theory re�nemen t problem

for classi�cation tasks:

Giv en : An imp erfect domain theory for a set

of categories and a set of classi�ed examples each

describ ed b y a set of observ able features.

Find : A minima lly revised v ersion of the do-

main theory that correctly classi�es all of the ex-

amples.

Either is restricted to Horn-clause theories expresse d

in an extended prop ositional logic that allows n umerical

and m ulti-v alued features as w ell 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 do es

not pro v e that an example is a memb er of a category ,

then it is assumed to b e a negative example of that cat-

egory . Prop ositions that are used to describ e the exam-

ples (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 an teceden ts in rules. Prop ositions

that repres en t the �nal concepts in which examples are

to b e classi�ed are called c ate gories . Either assumes

the categories are mutually disjoin t. 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 \mini-

mal" used to c haracterize the revision to b e pro duced.

Since it is assumed that the original theory is \appro x-

imately correct" the goal is to c hange it as little as

p ossible. Syn tactic measures such as the total num b er

of literals added or deleted are reasonable criteria. Ei-

ther uses v arious heuristic metho ds to help insure that

its revisions are minimal in this sense . Ho w ev er, �nding

a revision that is guaranteed to b e syn tactically mini-

mal is clearly computationall y in tractable. When the

initial theory is empty , the problem reduce s to that of

�nding a minimal theory for a set of examples.

Figure 1 sho ws a sample domain theory for animals.

This theory is an extended version 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 numerically-v alued features. Giv en

a set of randomly generated training examples, and a

buggy v ersion of this theory , Either can regenerate

the correct theory . The initial theory usually used to

test Either in this domain includes the bugs sho wn

in Figure 2. Items sho wn in small-caps were added to

the theory whereas items shown in italics w ere deleted.

(mamm al)  (b o dy-covering hair)

(mamm al)  (feed-y oung milk)

(mamm al)  (birth live)

(bird)  (b o dy-covering feathers)

(bird)  (birth egg) (
y)

(ungulate)  (mamma l) (fo ot-typ e ho of )

(ungulate)  (mamma l) (ruminate)

(ca rnivo re)  (eat-meat)

(ca rnivo re)  (teeth p ointed) (fo ot-typ e cla w ed)

(gira�e)  (ungulate) (neck-length ?n) ( � ?n 5)

( � ?n 6) (colo r ta wny)

(pattern sp ots) (pattern-color black)

(zeb ra)  (ungulate) (color white)

(pattern strip es)(pattern-color black)

(cheetah)  (mamma l)(carnivo re)(color ta wny)

(pattern sp ots)(pattern-color black)

(tiger)  (mamma l) (ca rnivo re) (colo r ta wny)

(pattern strip es)(pattern-color black)

(dolphin)  (mamma l) (fo re-app endage �n)

(colo r gra y)(b o dy-covering moist-skin)

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

(whale)  (mamma l) (fo re-app endage �n)

(colo r gra y) (b o dy-covering moist-skin)

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

(bat)  (mamma l) (colo r black) (pattern none)

(pattern-colo r none) (
y)

(plat ypus)  (mamma l) (birth egg)

(fo ot-t yp e w ebb ed)

(ostrich)  (bird) (neck-length ?n) ( � ?n 3)

( � ?n 4) (colo r white) (pattern patch)

(pattern-colo r black) (not (
y))

(p enguin)  (bird) (colo r white)

(pattern patch) (pattern-color black)

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

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

(grackle)  (bird) (colo r black) (pattern none)

(pattern-colo r none) (
y)

Observ able F eatures: feed-y oung, b o dy-covering, birth,

eat-meat, 
y , teeth, fo re-app endage, fo ot-t yp e, neck-length,

b o dy-length, color, pattern, pattern-color, ruminate.

In termediate Concepts: mamm al, bird, ungulate, ca rni-

vo re.

Categories : gira�e, zeb ra, cheetah, tiger, dolphin, whale,

bat, plat ypus, p enguin, ostrich, duck, grackle.

Figure 1: Animal Theory



(mamma l)  (b o dy-covering hair)

(f ore-append a ge leg)

(mamma l)  (feed-y oung milk)

(f ore-append a ge leg)

(mamma l)  (birth live) (f ore-append a ge leg)

(bir d)  (b o dy-c ove ring fe ath ers)

(bird)  (birth e gg) (
y)

(ostrich)  : : : (not (
y))

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

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

Figure 2: Standard Animal Theory Bugs

The faults in tro duced include missing rules, additional

an teceden ts, and missing an teceden ts . In most trials,

one h undred random training examples are su�cien t to

pro duce a fully corrected animal theory .

Re�nemen t Algori thm

Either 's theory re�nemen t algorithm is presen ted in

v arious lev els of detail in

[

Ourston and Mo oney , 1990;

Mo oney and Ourston, 1991b; Ourston, 1991

]

. It w as de-

signed 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 own. Either

sp ecializes existing an tecedents, adds new anteceden ts,

and retracts rules to �x these problems. An o v erly sp e-

ci�c theory causes an example (called a failing p ositive )

not to b e classi�ed in its o wn category . Either re-

tracts and generalizes existing an teceden ts and learns

new rules to �x these problems. Unlik e other theory

revision systems that p erform hill-clim bing (and there-

fore sub ject to lo cal maxima), Either is guaran teed to

�x an y arbitrarily incorrect prop ositional Horn-clause

theory

[

Ourston, 1991

]

.

During theory generalization, Either uses a greedy

co v ering algorithm to �nd a near-minimum set of leaf-

rule

1

an teceden t retractions that correct all of the fail-

ing p ositiv e examples. A t eac h iteration of the cov ering

algorithm , the system calculates a b ene�t-to-cost ratio

for eac h set of an teceden t retractions that would com-

plete a pro of for a faili ng p ositiv e, and the set with

the most examples co v ered p er an teceden t retracte d

is added to the co v er. This con tin ues un til all of the

faili ng p ositiv es ha v e b een co v ered. If retracting an-

teceden ts from a giv en rule o v er-generalizes b y creat-

ing additional failing negatives, Either uses the failing

p ositiv e examples for the rule, and the negative exam-

ples that b ecome prov able when the consequen t of the

rule is assumed true, to inductiv ely

2

form a new rule

1

A leaf rule is a rule whose an teceden ts include an observ-

able or an in termediate concept that is not the consequen t

of an y existing rule.

2

Either curren tly uses a v ersion of Id3

[

Quinlan, 1986

]

as its inductiv e comp onent.

that correctly classi�es these examples.

During theory sp ecialization, Either uses a greedy

co v ering algorithm to iden tify a near-minim um set of

leaf-rule retractions that �xes all of the faili ng nega-

tiv es. A t eac h iteration of the cov ering algorithm, the

system determines the num b er of fault y pro ofs in which

eac h rule participates and the rule retraction that re-

mo v es the most pro ofs is added to the co v er. This

con tin ues un til all fault y pro ofs for all failing negativ es

are remo v ed. If a giv en rule retraction ov er-sp ecializes

b y causing additional failing p ositiv es, additional an-

teceden ts are inductiv ely learned that discriminate b e-

t w een the p ositiv e examples for the category and the

erroneously prov en negativ e examples.

Although the curren t v ersion of Either is e�cien t

enough to run on sev eral real-w orld problems, com-

puting all p ossible ab ductive pro ofs of failing p ositives

and all deductive pro ofs of failing negatives mak es the

w orst-case time and space complexities exp onen tial.

Consequen tly , w e are con tin uing to dev elop tec hniques

for impro ving the e�ciency of the algorithm.

The most recent v ersion of Either also includes v ar-

ious additional tec hniques for mo difying higher-lev el

rules and dealing with multiple categories

[

Ourston and

Mo oney , 1991

]

, using constructive induction to learn in-

termediate rules and create new intermediate concepts

[

Mo oney and Ourston, 1991a

]

, and handling noisy data

[

Mo oney and Ourston, 1991c

]

.

Incremen tal Batc h Theory Revisi on

Either w as originall y in tended to op erate in batc h

mo de, pro cess ing all of the training examples at once.

Ho w ev er, as previously discussed, it is trivial to run

a comprehensive theory revision system incrementally .

Assume the function either(theor y, examples) runs

the original batc h algorithm and returns the revised

theory . Belo w is a description of a batc h and t w o in-

cremen tal batc h v ersions of Either , where batch(i)

refers to the i th batc h of training examples and

batches(1 ..i) refers to the union of the �rst i batc hes.

batch(the ory, examples)

for i = 1 to n

let current-the ory =

either(theo ry, batches(1.. .i))

full-mem( theor y, examples)

let current-th eory = theory

for i = 1 to n

let current-the ory =

either(curr ent-t heory , batches(1... i))

no-mem(th eory, examples )

let current-th eory = theory

for i = 1 to n

let current-the ory =

either(curr ent-t heory , batch(i))



What migh t one predict ab out the relativ e p erfor-

mance of Ba tch , Full-Mem , and No-Mem ? First,

it is imp ortan t to realize that the few er errors there

are in the input theory , the faster Either runs b e-

cause it encoun ters few er failing examples, meaning it

needs to generate a smaller cov er of �xes. Since Full-

Mem and No-Mem start pro cessing later batches with

a (hop efully) impro v ed theory generated from previous

batc hes, one migh t exp ect them to run faster. Since,

after the �rst batch, No-Mem giv es Either a smaller

set of training examples, one would ob viously exp ect it

to run faster than Full-Mem .

Since Either attempts to minimall y re�ne its input

theory , one migh t exp ect that if earlier batc hes result

in incorrect c hanges to the theory , that these c hanges

w ould tend to p ersist in Full-Mem 's and No-Mems 's

revised theories. In other w ords, the incremen tal sys-

tems ma y exhibit a form of \inertia" whic h ma y prev en t

them from �nding the minima l c hange to the original

theory . Consequen tly , they ma y pro duce more compli-

cated theories that do not generalize as w ell to no v el

test examples. Since No-Mem do es not ev en guaran-

tee consistency with the whole training set, w e w ould

exp ect it to b e even less accurate than Full-Mem . In

general, one might exp ect that making the system more

incremen tal is trading o� accuracy and minimal it y of

c hange for an increase in sp eed .

Exp erime n tal Results

This section presen ts an empirical comparison of the

e�ciency , accuracy , and theory complexit y of Ba tch ,

Full-Mem , and No-Mem in three separate domains.

The �rst t w o domains are arti�cially created ones in-

v olvi ng the classi�cation of animal s and computers.

The third domain in v olv es a real theory and data set

for the DNA promoter problem intro duced b y

[

T o w ell

et al. , 1990

]

.

Arti�cial data w as automatically generated for the

animal theory in Figure 1 and a similar theory for classi-

fying computers based on their app earance (categories:

p c, mac, macI I, sun, hp, explo rer, symb olics ; in terme-

diate concepts : w o rkstation, micro, lisp-machine, unix-

w o rkstation, macintosh ). Thirt y examples of each cate-

gory 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 n umerically-v a lued features, a v alue is c ho-

sen randomly from the range required for a pro of. Next,

random v alues for the remaining observ able features

w ere added to the core examples to create full exam-

ples. Ho w ev er, adding random v alues can sometimes

mak e an example prov 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 an-

imal s and 210 examples of computers w ere created in

this manner. The initial animal theory included the

faults sho wn in Figure 2 and a similar set of faults was

used for the initial computer theory .

Learning curv es w ere generated b y giving eac h v er-

sion of the system the same training examples and, after

eac h batc h of training examples, recording the training

time, the complexity of the revised theory (in terms of

the total n um b er of literals), and classi�cation accu-

racy on the same disjoint test set (all of the remaining

examples not used for training). Figure 3 sho ws the re-

sults for the animal domain. These results are av eraged

o v er 15 separate trials with di�eren t randomly selected

training and test sets. Eac h p oin t plotted on the curves

sho ws the results for pro cessing a single batch of exam-

ples including all of the examples since the last plotted

p oin t. The plotted p oints w ere tak en from original tests

in this domain and do not alwa ys represe n t equal size

batc hes.

3

T esting with v arious �xed batc h sizes is an

ob vious area for future exp erimentation; ho w ev er, run-

ning Ba tch with a small batch size is computationally

exp ensiv e since it m ust repro ce ss all of the examples for

eac h batc h.

The results in the animal domain are basically as ex-

p ected. Accuracy decreases slightly going from Ba tch ,

to Full-Mem , to No-Mem ; ho w ev er, training time

is substan tially reduce d. No-Mem pro cesse s the last

batc h 2.5 times faster than Ba tch . Ho w ev er, the-

ory complexit y increases somewhat with sp eed b ecause

some early incorrect mo di�cations are retained or com-

plicate later revisions. Therefore, the h yp othesis that

incremen tal pro cessing trades o� accuracy and mini-

malit y of c hange for an increase in sp eed is supp orted

in this domain.

Figure 4 sho ws the results for the computer domain

a v eraged o v er 25 trials. In this domain, the incremen-

tal systems do not p erform as w ell. With only a few

examples, Either mak es some bad initial revisions to

the theory which, in Full-Mem and No-Mem , get car-

ried in to subsequen t batc hes and greatly complicate re-

vision. Initial bad revisions hav e a tendency to \snow-

ball" in the incremental systems and lead to highly non-

optimal �nal solutions. As a result, No-Mem 's theory

after the �nal batch is almost twice as complicated as

Ba tch 's. Notice that Ba tch increases the complexity

of the theory after the �rst batc h due to some badly

c hosen revisions; ho w ev er, since these initial revisions

to not get carried into subsequen t batc hes, it ev en tually

reco v ers and pro duces the correct theory . The resulting

theory complexity for the incremental systems not only

decreases accuracy but actually increases their run-time

sligh tly ab o v e Ba tch 's.

As an example of \snowballing" , consider an abstract

v ersion of a typical scenario in this domain. Assume a

rule A  B ^ C is missing the an teceden t C . Based

on only a few examples in the �rst batc h, an incor-

rect inductiv e sp ecialization is made in whic h the an-

3

Originally , the distance b et w een data p oin ts w as in-

creased as the num b er of examples increased since further

out on the learning curv e, accuracy c hanges more gradually .



teceden t D is added to the o v erly-general rule: A  

B . When pro cess ing the second batc h, A  B ^ D is

found to b e o v erly-sp eci�c; ho w ev er, remo ving D is an

o v er-generalization since then the negatives that D suc-

cessfully remo v ed from the �rst batch b ecome prov able

again. Consequen tly , the system decides it needs to

learn a new rule for A . Since this rule is totally un-

necessary , it is unlik ely to b e correct and will need to

b e complicated in subsequent batc hes. Although eac h

batc h results in only a small c hange, the theory can

b ecome quite complicated after sev eral suc h batc hes.

Ba tch , on the other hand, alwa ys starts with the initial

rule A  B , and once the training set is large enough,

it adds the correct anteceden t, C , directly to this rule.

Figure 5 sho ws the results for the DNA domain a v-

eraged o v er 25 trials. The original theory is describ e d

in

[

T o w ell et al. , 1990

]

, it con tains 11 rules with a total

of 76 literals. The purp ose of 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 which initiates the

�rst step in the expression of an adjacen t gene b y RNA

p olymerase. The data consists of 53 p ositiv e and 53

negativ e examples descr ib ed by 57 sequen tial DNA n u-

cleotides and assem bled from the biological literature.

The initial theory classi�es none of the p ositive exam-

ples and all of the negative examples correctly , th us the

initial theory is entirely o v erly sp eci�c.

The incremen tal systems p erform v ery w ell in this

domain. Full-Mem and No-Mem 's accuracies are

comparable to Ba tch 's while their training time is sig-

ni�can tly less. No-Mem 's accuracy is actually b etter

than Ba tch 's after 40 examples and it pro cesse s the

last batc h in less than 1/10th the time. Finally , the

revised theories pro duced b y the incremen tal systems

are actually less complex than Ba tch 's. The reason

for these results seems to b e that the promoter the-

ory needs to b e substantially generalized, primarily by

deleting an teceden ts in v arious w a ys. An teceden t dele-

tions p erformed during the initial batches are lik ely to

b e correct and, since the deletions are minimal and the

theory needs signi�can t generalization, Either rarely

o v er-generalizes, ev en when giv en relativ ely few nega-

tiv e examples. Consequen tly , due to more deletions, the

incremen tal systems pro duce simpler theories that are

quite accurate and therefore pro cess subsequent batc hes

signi�can tly faster. Ba tch 's stricter adherence to min-

imal c hange ma y actually b e hurting it in this domain.

Ov erall, the results indicate that using a theory re-

vision system in incremen tal batc h mo de can greatly

increase e�ciency without pro ducing a signi�can t loss

in accuracy or simplicity . Ho w ev er, if revisions based on

small amoun ts of data can b e misleading, then the \in-

ertia" of incremen tal theory re�nement can prev en t the

system from recov ering and actually decre ase accuracy ,

simplicit y , and e�ciency .

F uture Researc h

As previously mentioned, the e�ect of batc h size on the

p erformance of incremental batc h theory revision needs

to b e explored. If the batc h size is to o small, changes

will b e based on very little evidence and will not b e very

accurate. With the Full-Mem v ersion of Either , set-

ting the batc h size to one w ould mean that induction

w ould alw a ys b e called with only one p ositive example

during rule learning and one negativ e example during

an teceden t addition. With a no-memory approach, the

system ma y ev en mak e c hanges that render it incon-

sisten t with a large n um b er of previously encountere d

training examples. With the No-Mem v ersion of Ei-

ther , setting the batch size to one would alw a ys allo w

the system to delete rules or anteceden ts to �x the ex-

ample if it is incorrectly classi�ed and induction would

nev er ev en b e in v ok ed. On the other hand, if the batch

size is to o big, the e�ciency and resp onsiv ene ss of in-

cremen tal learning will b e completely lost.

Finding an appropriate compromise b et w een full-

memory and no-memory is also an imp ortant problem.

One approac h is to retain only a subset of the previ-

ously seen examples, such as those that were incorrectly

classi�ed or those from the last few batc hes. Another

approac h is to retain statistics ab out previously seen

examples rather than the examples themselves

[

Sc hlim-

mer and Fisher, 1986

]

.

P erhaps the most imp ortan t problem is prev en ting

bad initial c hanges from \snowballing, " as in the com-

puter domain. Either treats all parts of the initial

theory equally when determining a minima l c hange.

Changes made to the theory during previous batc hes

(p erhaps based on very little evidence) are no more sus-

p ect than rules from the initial theory . An incremen tal

theory revision system needs w a ys of repres en ting its

con�dence in v arious p ortions of the theory and then

w eigh ting c hanges accordingly

[

F eldman et al. , 1991

]

.

Either 's results need to b e compared to other the-

ory revision systems

[

T o w ell and Sha vlik, 1991; Gins-

b erg, 1990

]

used in incremental batc h mo de. The abil-

it y of incremental batc h theory re�nement to trac k con-

cept drift also needs to b e explored. Of course, since

a full-memory system maintains consistency with all of

the data, it is incapable of tracking concepts that actu-

ally c hange o v er time. Therefore, some form of partial-

memory is required for this task.

Finally , incremental theory revision needs to b e inte-

grated with know le dge inte gr ation

[

Murra y and P orter,

1989

]

, whic h is concerne d with incremen tally incorp o-

rating new pieces of abstract knowledge (rules) rather

than data. Man y of the same issues, such as resolving

con tradictions, arise in the con text of in tegrating new

rules in to a theory . A complete kno wledge assimilation

system should b e able to incrementally incorp orate an

arbitrary mix of b oth rules and data.



Conclusions

An y comprehensiv e theory re�nemen t system whose in-

put and output theories are repres en te d in the same

language can b e used to incremen tally assimilate data

in to an ev olving theory . This is done b y con tin ually

feeding its revised theory bac k in as its initial theory .

An incremental batc h approac h, in whic h a system in-

corp orates a small batc h of examples at eac h step, is

the probably the most e�ec tiv e for existing re�nement

systems.

Exp erimen tal results with the Either theory re�ne-

men t system demonstrate that this approach frequen tly

increases e�ciency without signi�cantly decreasing the

accuracy or the simplicity of the resulting theory . Ho w-

ev er, if the system pro duces bad initial changes to the

theory based on only small amount of data, these bad

revisions can \sno wball" and result in an o v erall de-

crease in p erformance.

Ac kno wledgemen ts

I w ould lik e to thank Dirk Ourston as the primary de-

v elop er of Either and Mic hiel No ordewier and Jude

Sha vlik for pro viding the DNA theory and data.

References

[

Clearw ater et al. , 1989

]

S. H. Clearw ater, T. P . Cheng,

H. Hirsh, and B. G. Buc hanan. Incremen tal batc h

learning. In Pr o c e e dings of the Sixth International

Workshop on Machine L e arning , pages 366{370,

Ithaca, NY, June 1989.

[

Cohen, 1990

]

Willi am W. Cohen. Learning from text-

b o ok kno wledge: A case study . In Pr o c e e dings of the

Eighth National Confer enc e on A rti�cial Intel ligenc e ,

pages 743{748 , Boston, MA, July 1990.

[

Dan yluk, 1991

]

A. D. Dan yluk. Gemini: An in tegra-

tion of analytical and empirical learning. In Pr o c e e d-

ings of the International Workshop on Multistr at-

e gy L e arning , pages 191{206, Harp er's F erry , W.V a. ,

No v. 1991.

[

F eldman et al. , 1991

]

R. F eldman, A. Segre, and

M. Kopp el. Incremen tal re�nemen t of appro ximate

domain theories. In Pr o c e e dings of the Eighth In-

ternational Workshop on Machine L e arning , pages

500{504, Ev anston, IL, June 1991.

[

Flann and Dietterich, 1989

]

N. S. Flann and T. G. Di-

etteric h. A study of explanation-based metho ds for

inductiv e learning. Machine L e arning , 4(2):187{22 6,

1989.

[

Ginsb erg, 1990

]

A. Ginsb erg. Theory reduction, the-

ory revision, and retranslation. In Pr o c e e dings of the

Eighth National Confer enc e on A rti�cial Intel ligenc e ,

pages 777{782 , Detroit, MI, July 1990.

[

Mat win and Plan te, 1991

]

S. Mat win and B. Plan te.

A deductiv e-inductiv e metho d for theory revision. In

Pr o c e e dings of the International Workshop on Mul-

tistr ate gy L e arning , pages 160{174, Harp er's F erry ,

W.V a. , No v. 1991.

[

Mo oney and Ourston, 1989

]

R. J. Mo oney

and D. Ourston. Induction ov er the unexplained: In-

tegrated learning of concepts with b oth explainable

and con v en tional asp ects. In Pr o c e e dings of the Sixth

International Workshop on Machine L e arning , pages

5{7, Ithaca, NY, June 1989.

[

Mo oney and Ourston, 1991a

]

R. Mo oney and D. Ourston. Constructiv e induction

in theory re�nemen t. In Pr o c e e dings of the Eighth

International Workshop on Machine L e arning , pages

178{182 , Ev anston, IL, June 1991.

[

Mo oney and Ourston, 1991b

]

R. J. Mo oney

and D. Ourston. A m ultistrategy approac h to the-

ory re�nemen t. In Pr o c e e dings of the International

Workshop on Multistr ate gy L e arning , pages 115{130 ,

Harp er's F erry , W.V a. , No v. 1991.

[

Mo oney and Ourston, 1991c

]

R. J.

Mo oney and D. Ourston. Theory re�nemen t with

noisy data. T ec hnical Rep ort AI91-153, Arti�cial In-

telligence Lab oratory , Univ ersit y of T exas, Austin,

TX, Marc h 1991.

[

Murra y and P orter, 1989

]

K. S. Murra y and B. W.

P orter. Con trolling searc h for the consequenc es of

new informatio n during kno wledge in tegration. In

Pr o c e e dings of the Sixth International Workshop on

Machine L e arning , pages 290{295, Ithaca, NY, June

1989.

[

Ourston and Mo oney , 1990

]

D. Ourston and

R. Mo oney . Changing the rules: a comprehensive

approac h to theory re�nement. In Pr o c e e dings of the

Eighth National Confer enc e on A rti�cial Intel ligenc e ,

pages 815{820, Detroit, MI, July 1990.

[

Ourston and Mo oney , 1991

]

D. Ourston and

R. Mo oney . Impro ving shared rules in m ultiple cat-

egory domain theories. In Pr o c e e dings of the Eighth

International Workshop on Machine L e arning , pages

534{538 , Ev anston, IL, June 1991.

[

Ourston, 1991

]

D. Ourston. Using Explanation-Base d

and Empiric al Metho ds in The ory R evision . PhD the-

sis, Univ ersit y of T exas, Austin, TX, August 1991.

[

Quinlan, 1986

]

J. R. Quinlan. Induction of decision

trees. Machine L e arning , 1(1):81{106, 1986.

[

Reink e and Mic halski, 1988

]

R. E. Reink e and R. S.

Mic halski. Incremen tal learning of concept descr ip-

tions. In J. E. Ha y es, D. Mic hie, and J. Ric hards,

editors, Machine Intel ligenc e (V ol. 11) . Oxford Uni-

v ersit y Press, Oxford, England, 1988.

[

Sc hlimmer and Fisher, 1986

]

J. C. Sc hlimmer and

D. Fisher. A case study of incremental concept induc-

tion. In Pr o c e e dings of the Fifth National Confer enc e



on A rti�cial Intel ligenc e , pages 496{501, Philadel-

phia, P A, Aug 1986.

[

Sc hlimmer and Granger, 1986

]

J. C. Sc hlimmer and

R. H. Granger. Incremen tal learning from noisy data.

Machine L e arning , 1(3):317{ 334, 1986.

[

T o w ell and Sha vlik, 1991

]

G. T o w ell and J. Sha vlik.

Re�ning sym b olic kno wledge using neural netw orks.

In Pr o c e e dings of the International Workshop on

Multistr ate gy L e arning , pages 257{272, Harp er's

F erry , W.V a. , No v. 1991.

[

T o w ell et al. , 1990

]

G. G. T o w ell, J. W. Sha vlik, and

Mic hiel O. No ordewier. Re�nemen t of appro ximate

domain theories b y kno wledge-based arti�cial neu-

ral net w orks. In Pr o c e e dings of the Eighth National

Confer enc e on A rti�cial Intel ligenc e , pages 861{866,

Boston, MA, July 1990.

[

Utgo�, 1989

]

P . E. Utgo�. Incremen tal induction of

decision trees. Machine L e arning , 4(2):161{18 6,

1989.

[

Whitehall et al. , 1991

]

B. L. Whitehall, S. C. Lu, and

R. E. Stepp. Theory completion using kno wledge-

based learning. In Pr o c e e dings of the International

Workshop on Multistr ate gy L e arning , pages 144{159,

Harp er's F erry , W.V a. , No v. 1991.

[

Wilkins, 1988

]

D. C. Wilkins. Kno wlege base re�ne-

men t using appren ticeship learning tec hniques. In

Pr o c e e dings of the Seventh National Confer enc e on

A rti�cial Intel ligenc e , pages 646{651, St. Paul, MN,

August 1988.

[

Winston and Horn, 1989

]

P . H. Winston and B. K. P .

Horn. Lisp . Addison-W esley , Reading, MA, 1989.



Animal Test Accuracy

BATCH

FULL-MEM

NO-MEM

% Correct

Train Exs

35.00

40.00

45.00

50.00

55.00

60.00

65.00

70.00

75.00

80.00

85.00

90.00

95.00

100.00

0.00 50.00 100.00 150.00 200.00 250.00



Animal Train Time

BATCH

FULL-MEM

NO-MEM

Seconds

Train Exs-20.00

0.00

20.00

40.00

60.00

80.00

100.00

120.00

140.00

160.00

180.00

200.00

220.00

240.00

260.00

280.00

300.00

320.00

340.00

360.00

380.00

400.00

420.00

440.00

0.00 50.00 100.00 150.00 200.00 250.00



Animal Theory Complexity

BATCH

FULL-MEM

NO-MEM

Literals

Train Exs
95.00

100.00

105.00

110.00

115.00

120.00

125.00

130.00

135.00

140.00

0.00 50.00 100.00 150.00 200.00 250.00



Computer Test Accuracy

BATCH

FULL-MEM

NO-MEM

% Correct

Train Exs
70.00

72.00

74.00

76.00

78.00

80.00

82.00

84.00

86.00

88.00

90.00

92.00

94.00

96.00

98.00

100.00

0.00 50.00 100.00 150.00



Computer Train Time

BATCH

FULL-MEM

NO-MEM

Seconds

Train Exs

0.00

10.00

20.00

30.00

40.00

50.00

60.00

70.00

80.00

90.00

100.00

110.00

120.00

0.00 50.00 100.00 150.00



Computer Theory Complexity

BATCH

FULL-MEM

NO-MEM

Literals

Train Exs

50.00

55.00

60.00

65.00

70.00

75.00

80.00

85.00

90.00

95.00

0.00 50.00 100.00 150.00



DNA Test Accuracy

BATCH

FULL-MEM

NO-MEM

% Correct

Train Exs
48.00

50.00

52.00

54.00

56.00

58.00

60.00

62.00

64.00

66.00

68.00

70.00

72.00

74.00

76.00

78.00

80.00

82.00

84.00

86.00

88.00

0.00 20.00 40.00 60.00 80.00



DNA Train Time

BATCH

FULL-MEM

NO-MEM

Seconds

Train Exs

0.00

20.00

40.00

60.00

80.00

100.00

120.00

140.00

160.00

180.00

200.00

220.00

240.00

260.00

280.00

300.00

320.00

340.00

360.00

0.00 20.00 40.00 60.00 80.00



DNA Theory Complexity

BATCH

FULL-MEM

NO-MEM

Literals

Train Exs

74.00

76.00

78.00

80.00

82.00

84.00

86.00

88.00

90.00

92.00

94.00

96.00

98.00

100.00

102.00

104.00

106.00

108.00

110.00

112.00

0.00 20.00 40.00 60.00 80.00


