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A b s t r a c t 

People can learn simply from observation, without ex-
plici t  feedback .  Natura l  languag e acquisitio n i s  per -
hap s th e mos t  spectacula r  example ,  bu t  unsupervise d 
learnin g occur s i n man y domains .  W e presen t  1 )  a 
tas k analysi s o f  a  broa d clas s o f  unsupervise d learn -
in g problem s an d 2 )  a n initic d simulatio n base d o n 
th e tas k analysi s whic h successfull y learn s al l  th e rul e 
type s identifie d i n th e analysis .  Ou r  tas k anjilysi s 
characterize s system s o f  interpredictiv e correlationa l 
rule s whic h coul d b e th e basi s fo r  categor y formatio n 
i n unsupervise d learning .  Fo r  example ,  observatio n 
of  variou s animal s coul d lea d t o abstractin g covaria -
tio n rule s amon g wings ,  feathers ,  an d flight,  an d als o 
among fins,  scales ,  an d swimming .  Thes e rule s i n tur n 
coul d for m th e basi s fo r  th e categorie s bir d an d fish . 
Our  analysi s identifie s thre e type s o f  predictiv e fea -
ture s an d thre e type s o f  rule s whic h ma y b e avsiilabl e 
i n input :  universal ,  contrastive ,  an d exception-base d 
rules .  Thi s analysi s guide d desig n o f  ou r  learnin g pro -
cedures .  Ou r  simulatio n succeed s i n learnin g Jil l  thre e 
rul e types .  Thi s i s difficul t  becaus e procedure s whic h 
facilitat e learnin g on e rul e typ e ma y inhibi t  learn -
in g another .  Further ,  ou r  simulatio n i s  restricte d i n 
psychologicall y motivate d way s an d succeed s despit e 
thes e requirements .  W e kno w o f  n o othe r  simulatio n 
or  modelin g projec t  whic h addresse s exactl y thi s clcis s 
of  learnin g problems .  Ou r  result s demonstrat e th e ex -
istenc e o f  successfu l  procedures .  However ,  w e believ e 
our  mos t  valuabl e contribution s ar e ou r  tas k analy -
si s an d framewor k fo r  testin g th e powe r  an d limit s o f 
domain-genera l  learnin g procedure s applie d t o unsu -
pervise d learnin g problems . 

In t roduc t io n 

What procedures allow learners to discover cate-

gorie s fro m observatio n o f  instances ? W h e n con -

trastiv e feedbac k i s provide d peopl e (an d comput -

ers )  ca n us e thi s t o guid e learning .  W h e n discrimi -
nativ e feedbac k abou t  categor y membershi p i s no t 

*  W e than k Richar d Billingto n an d Lyl e Ungso -  fo r  valu -
abl e inpu t  an d discussio n abou t  thi s research . 

provided ,  a  greate r  burde n i s place d o n th e learne r 

t o discove r  structur e i n inpu t  an d se t  u p sensibl e 

categories .  O u r  projec t  investigate s wha t  learn -

in g procedure s ar e sufficien t  fo r  successfu l  learnin g 

unde r  thes e conditions .  O n e goa l  o f  th e projec t 

i s t o develo p a  successfu l  learnin g program ;  th e 

mor e fundamenta l  goa l  i s  t o develo p a  mode l  o f 

th e learnin g tas k whic h wil l  allo w u s t o investi -

gat e th e effect s o f  componen t  learnin g procedure s 
on differen t  aspect s o f  th e learnin g problem . 

O ur  cor e principl e fo r  explainin g observationa l 

learnin g i s  internall y generate d feedback :  learn -

er s compar e predicte d an d observe d propertie s 

an d us e th e matc h o r  mismatc h t o guid e learn -

ing .  W h e n inpu t  provide s interpredictiv e relation s 

a m o ng featur e values ,  thi s structur e ca n b e dis -
covere d usin g interna l  feedback .  Prio r  wor k be -

ga n exploratio n o f  learnin g unde r  thes e constraint s 

[Billm87b] .  Thi s pape r  present s a  mor e sophisti -

cate d model . 

System s o f  correlation s ar e centra l  t o learnin g 

categorie s fro m observation .  Furthermore ,  repre -

sentatio n o f  correlationa l  structur e i s  intimatel y 

linke d t o categor y use :  T h e primar y purpos e o f 

categorie s i s t o organiz e knowledg e t o allo w sensi -

bl e inferences .  Give n enoug h informatio n t o clas -

sif y somethin g a s a  bird ,  thi s license s additiona l  in -
ferences :  fo r  example ,  i t  hatche d fro m a n eg g an d 

wil l  la y egg s i f  female .  I f  w e observ e a  ne w prop -

ert y fo r  som e particula r  bird ,  say ,  eatin g worms , 

we m a y generaliz e tha t  propert y t o othe r  member s 

of  th e sam e category .  Whil e thes e inference s ar e 

certainl y no t  correc t  al l  th e time ,  the y provid e u s 

wit h a  valuabl e wa y o f  extendin g ou r  knowledge . 

Rosc h [Rosch78 ]  ha s pointe d t o th e importanc e o f 

correlation s i n definin g categor y structure .  Sh e 

argued ,  however ,  tha t  correlation s ar e importan t 

i n leadin g a  cultura l  grou p t o discove r  o r  rel y o n 

a category ,  bu t  no t  tha t  individual s us e thi s cor -

relationa l  structur e i n categor y learning .  W e ar e 

intereste d i n h o w a n individua l  migh t  us e discov -

510 



er y o f  correlation s a s th e basi s fo r  categor y learn -

ing .  Prio r  wor k ha s foun d tha t  individual s d o 

use correlationa l  structur e i n learnin g categorie s 

[Garne74 ,  Billm87b ,  Billm87c] . 

I n unsupervise d learning ,  correlationa l  struc -

tur e i s eve n mor e importan t  tha n whe n categorie s 

ar e designate d fo r  th e learne r  an d explici t  feed -

bac k abou t  membershi p i s provided .  I n learnin g t o 

distinguis h categorie s A  an d B  wit h explici t  feed -

back ,  finding  an y attribut e whic h predict s cate -

gor y membershi p i s  sufficient .  Th e learne r  ha s 

no nee d t o notic e whethe r  variou s predicto r  fea -
ture s covar y wit h on e another .  W h e n n o feed -

bac k i s specifie d externally ,  concep t  learnin g wil l 

be largel y drive n b y discover y o f  interpredictiv e 

relation s amon g featur e values .  Tha t  is ,  subject' s 

m ay discove r  coheren t  pattern s i n th e observe d ex -

ample s an d us e thi s t o se t  u p categories . 

We ca n understan d th e learnin g proble m bet -

te r  b y analyzin g th e structur e whic h i s potentiall y 

availabl e i n input .  Specifically ,  w e ca n identif y 

thre e type s o f  predictiv e rule s an d thre e classe s o f 
features .  T h e thre e type s o f  predictiv e rule s ar e 

universal ,  contrastive ,  an d exception-based .  Uni -
versa l  Tu\e s appl y t o al l  instance s i n th e domain ;  i f 

th e domai n o f  learnin g i s animals ,  the n th e syste m 

shoul d discove r  tha t  al l  animal s ea t  an d breathe . 

Contrastiv e rule s coul d b e use d t o divid e th e do -
mai n int o major ,  contrastin g classes .  I n learnin g 
abou t  a  wid e rang e o f  animals ,  w e wan t  th e sys -

te m t o discove r  tha t  fins,  scales ,  an d swimmin g al l 
go together ,  a s d o wings ,  feathers ,  an d flying.  Dis -

cover y o f  thes e rule s wa s th e initia l  goa l  i n design -

in g th e system .  Cluster s o f  suc h rule s ca n the n 
for m th e basi s fo r  contrastin g categorie s suc h a s 

fish  an d birds .  W e woul d lik e th e syste m t o lear n 

thes e regularitie s eve n whe n exception s occur .  Fi -
nally ,  exception-base d rule s represen t  informatio n 

abou t  th e exception s themselves ;  i f  a n anima l  ha s 

wings ,  bu t  look s lik e i t  i s  dresse d i n a  tuxedo ,  i t 
wil l  no t  fly.  T h e syste m shoul d b e abl e t o lear n 

abou t  bats ,  whales ,  an d penguins . 

Procedure s whic h facilitat e discover y o f  on e 

clas s o f  thes e rule s m a y ofte n inhibi t  learnin g rule s 

of  anothe r  class .  Learnin g universa l  rule s require s 
goo d sensitivit y t o ver y genera l  patterns .  Learn -
in g rule s abou t  exception s require s goo d sensitiv -
it y t o quit e specifi c  patterns .  Learnin g rule s whic h 

woul d for m th e basi s o f  maximall y coheren t  cate -

gorie s require s goo d sensitivit y t o feature s whic h 

ar e relate d t o m a n y othe r  features .  Thu s designin g 
a syste m capabl e o f  learnin g al l  thre e classe s re -

quire s accommodatin g conflictin g demands .  Thi s 

proble m ha s no t  bee n highlighte d i n prio r  work , 

becaus e th e issu e i s m u c h les s importan t  i n learn -

in g wit h feedback .  Specifically ,  ther e i s n o pressur e 

t o lear n universa l  propertie s whe n learnin g cate -

gorie s fro m contrastiv e feedback .  However ,  whe n 

a syste m i s  designe d t o see k goo d predictions ,  i t 

must  b e prevente d fro m focusin g to o m u c h o n vac -

uou s prediction s o f  universa l  properties . 

Paralle l  t o th e thre e type s o f  rule s ar e thre e 

type s o f  features .  Universa l  feature s d o no t  var y 

acros s th e entir e se t  o f  object s i n th e proble m do -

main .  Contrastin g feature s ar e thos e whic h bot h 
var y acros s th e domai n an d covar y wit h othe r  fea -

tures .  Thes e ar e th e feature s whic h w e intuitivel y 

thin k o f  a  definin g separat e classes .  Feature s suc h 

as m o d e o f  locomotion ,  typ e o f  bod y covering ,  typ e 

of  h m b ,  an d distinctiv e locatio n o r  habita t  divid e 

up majo r  classe s o f  animals .  Idiosyncrati c feature s 

ar e highl y variabl e acros s th e domain ,  bu t  d o no t 

generall y covar y wit h othe r  features .  Thei r  predic -

tiv e valu e i s primaril y i n conjunctio n wit h severa l 

othe r  features ,  t o identif y a n individua l  o r  excep -

tion .  Learnin g abou t  penguin s m a y requir e at -
tentio n t o distinctiv e coloring ,  eve n thoug h colo r 

m ay no t  b e widel y predictive .  Ou r  learnin g mode l 

use s thi s analysi s o f  universal ,  contrasting ,  an d id -

iosyncrati c feature s i n th e procedure s whic h con -

tro l  learning . 

P r o b l e m De f i n i t i o n 

Our modeling begins with three fundamental as-
sumption s abou t  learnin g correlationa l  patterns . 
First ,  peopl e an d othe r  cognitiv e system s d o lear n 
abou t  pattern s o f  featur e correlations ,  eve n i n un -

supervise d learning .  Second ,  thi s informatio n i s 

represente d directl y an d locally ,  a s i n classifie r 

[HollaTS ,  Holla86 ]  an d productio n [AKB79 ]  sys -

tems ,  no t  indirectl y i n a  se t  o f  weight s distribute d 

acros s a  syste m [Rumel86] .  Direc t  representa -
tio n o f  rule s allo w othe r  menta l  procedures ,  a s 

i n inferenc e an d transfer ,  t o selectivel y operat e 

on representation s o f  differen t  regularities .  Third , 
al l  thre e type s o f  rules ,  universal ,  contrasting , 
and exception-base d ar e importan t  component s o f 

learnin g abou t  th e correlationa l  structur e i n in -
put .  I n addition ,  w e plac e severa l  constraint s o n 

th e availabl e informatio n an d resources . 

1. The information available to the learner is 

limited .  N o feedbac k i s provide d an d learnin g 
take s plac e fro m unsupervise d observatio n o f 

examples .  M u c h natura l  learnin g i s informa l 

and untutored .  Feedbac k i s  ofte n sporadic . 
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unreliable ,  o r  unavailable .  B y modelin g learn -

in g wit h n o designate d feedbac k w e investi -

gat e th e mos t  difficul t  case ;  model s fo r  learn -

in g wit h feedbac k ca n b e se t  u p a s a n easier , 

specia l  cas e [Billm87c] .  Mos t  researcher s hav e 

addresse d leanin g wit h feedback .  Whethe r 
th e learnin g criteri a i s  predictin g categor y 

membershi p [AKB79 ]  o r  earnin g a s muc h o f 

a targe t  resourc e a s possibl e [Holla86] ,  i t  i s 

directl y specifie d fo r  th e learner .  I n ou r  task , 

th e learne r  mus t  discove r  whic h feature s ar e 

predictabl e a s wel l  ei s whic h feature s ar e pre -

dictive . 

2. Memory, either storage or retrieval, is limited. 

S o me specifi c  informatio n m a y b e preserved . 

However ,  w e d o no t  allo w learnin g procedure s 
whic h operat e ove r  th e se t  o f  previousl y see n 

objects .  Rather ,  a n observatio n affect s th e 

learner' s stat e o f  knowledg e bu t  n o represen -

tatio n o f  th e objec t  a s a n individua l  nee d b e 

retained . 

3. The learner's initial knowledge is limited. 

Learnin g shoul d no t  depen d heavil y o n th e 

initia l  stat e o f  th e learner .  First ,  th e learn -

in g procedur e shoul d b e sufficientl y robus t 
so tha t  th e orde r  o f  presentatio n o f  exam -

ple s doe s no t  profoundl y chang e th e cours e o f 

learning .  Second ,  learnin g shoul d no t  depen d 

on extensiv e prio r  knowledg e o f  th e domain . 

We ar e intereste d i n specifyin g genera l  learn -

in g procedure s whic h ca n appl y eve n wher e 
th e learne r  lack s muc h knowledg e initially . 

4. In general, we want our learning procedures 

t o appl y homogeneousl y acros s rule s withou t 

referenc e t o rul e content .  Thi s approac h con -

trast s wit h thos e wher e th e strengt h o f  th e 

learnin g procedure s depend s o n th e conten t 

of  ol d knowledge . 

There are undoubtedly many circumstances 

wher e th e condition s o f  learnin g ar e no t  s o aus -

tere .  W e ar e intereste d i n investigatin g thi s diffi -
cul t  clas s o f  learnin g problem s becaus e w e believ e 

tha t  thes e circumstance s wil l  tel l  u s mos t  abou t 

th e strength s an d limit s o f  general ,  data-drive n 

learnin g procedures .  W e investigat e learnin g o f 

system s o f  structure d representations ,  give n mini -

mal  initia l  knowledg e an d minima l  informatio n i n 

input .  Ou r  simulatio n operate s unde r  thes e con -

straints . 

Represen ta t i o n 

The representation format is described here. This, 

togethe r  wit h th e procedur e descriptio n t o follow , 

specifie s al l  th e aprior i  informatio n buil t  int o th e 

system .  Th e learnin g mode l  i s independen t  o f  th e 

particula r  domain .  However ,  fo r  a  learne r  t o suc -

ceed ,  inpu t  mus t  provid e a t  leas t  som e contrastiv e 

or  universa l  feature s an d th e learne r  mus t  repre -

sen t  these .  Fo r  thi s implementation ,  th e domai n 
consist s o f  birds ,  fish,  manunaJs ,  whales ,  penguin s 

and bats .  Inpu t  object s ar e represente d a s vector s 

of  featur e values ,  wher e al l  feature s mus t  b e spec -

ified .  Thu s a  typica l  objec t  migh t  b e a  red ,  furr y 

lan d anima l  wit h leg s whic h weigh s 20 0 lbs. ,  an d 

eat s an d breathes . 

Representation of Features 

Both observed objects and internal rules are rep-

resente d i n term s o f  th e sam e se t  o f  features .  Thi s 

featur e se t  i s  no t  currentl y altere d b y learning . 

Th e simulatio n run s reporte d her e use d seve n fea -

tures :  breathe s ( t  o r  f) ,  eat s ( t  o r  f) ,  colo r  (blue , 

yellow ,  red ,  white ,  black ,  green ,  tuxedo ,  brown , 

pink) ,  weigh t  (code d int o 7  distinc t  ranges),  lo -

comotio n mechanis m (legs ,  wings ,  fins),  habita t 

(land ,  air ,  water) ,  an d bod y coverin g (hair ,  feath -
ers ,  scales) .  Eac h featur e ha s tw o associate d pa -
rameters ,  salienc e an d variability .  Featur e salienc e 

i s a  functio n o f  predictiv e succes s acros s al l  th e 

rule s i n whic h th e featur e participate s a s a  pre -

dictor .  Th e featur e variabilit y i s  estimate d fro m 

storin g th e se t  o f  recentl y observe d value s o f  tha t 
feature .  Thi s require s maintainin g minima l  in -

formatio n abou t  th e distribution s o f  featur e val -

ues .  Contrastiv e feature s ar e variabl e an d salient . 

Universa l  feature s ar e homogeneous .  Idiosyncrati c 

feature s ar e variabl e an d hav e lo w salience .  Thi s 

informatio n abou t  feature s i s use d i n th e learnin g 

procedure . 

Representation of Rules 

Knowledge of regularities is represented in con-

ditiona l  rules .  Eac h conditiona l  rul e consist s o f 

a conditio n an d a n impHcation .  Th e conditio n 

specifie s th e value s o f  a  prope r  subse t  o f  th e ob -

servabl e features .  Th e implicatio n specifie s th e 

valu e o f  on e predicte d feature .  A  conditiona l  rul e 

migh t  specif y that ,  i f  somethin g ha s scale s an d 

fins,  the n i t  travel s aroun d i n th e water .  Eac h 

conditiona l  rul e ha s a n associate d strengt h esti -

mate .  Rul e strengt h i s a  functio n o f  th e rule' s 
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predictiv e validity ,  th e salienc e o f  th e feature s i n 

it s condition ,  an d th e variablit y o f  it s predicte d 

feature .  Th e presen t  wor k differ s fro m a n earlie r 

projec t  [Billm87 ]  i n tha t  w e no w allo w multipl e 

feature s i n th e condition .  Thi s i s  a  fundamenta l 

change .  First ,  whe n onl y singl e featur e condition s 

ar e specified ,  i t  i s  feasibl e t o enumerat e al l  th e 

representabl e rules .  The n th e learnin g procedur e 

need onl y selec t  goo d rule s fro m amon g a n ini -

tiall y  instantiate d set .  W h e n multipl e feature s ar e 

allowed ,  th e combinatoria l  explosio n mean s tha t 

th e learne r  mus t  no t  onl y decid e whic h o f  a  num -

ber  o f  rule s i s th e best ,  bu t  i t  mus t  als o gener -

at e thes e rules .  Second ,  i t  change s th e representa -

tiona l  powe r  o f  th e system .  Learnin g highe r  orde r 

regularities ,  subpatterns ,  an d exception s require s 
use o f  multipl e features . 

Procedure 

The learning procedure consists of major and mi-

nor  cycles .  I n th e mino r  cycle ,  object s ar e pre -
sente d t o th e learne r  an d tested .  Th e majo r  cycl e 

remove s wea k rule s an d replace s the m wit h new , 

potentiall y  stronge r  rules .  T h e rule s compet e wit h 

one another ,  wit h thei r  leve l  o f  succes s base d o n 
thei r  abilit y t o explai n th e domain .  Th e rule s 
whic h provid e th e bes t  mode l  wil l  surviv e whil e 
th e other s wil l  b e removed . 

The Minor Cycle 

The learner first picks a random object to exam-

ine ,  sample s a  se t  o f  feature s fro m th e object ,  an d 

the n pick s a  rul e t o tes t  give n th e sample d featur e 
set .  Focuse d samplin g alter s selectio n probabilit y 

of  th e feature s sample d i n observin g a n object . 
I t  direct s attentio n t o feature s whic h hav e prove d 
predictiv e i n th e past .  W h e n a  featur e i s sampled , 

it s variabilit y  i s  updated . 
Wit h multipl e feature s i n th e condition ,  i t  i s 

unlikel y tha t  a  particula r  se t  o f  featur e value s wil l 

find  a n exac t  matc h i n th e conditio n o f  som e rule . 

Thus ,  w e nee d a  partia l  matc h value .  Th e valu e 

i s a  functio n o f  1 )  th e numbe r  o f  conflict s betwee n 
th e rul e an d th e se t  o f  sample d features ,  2 )  th e 

number  o f  matches ,  an d 3 )  th e variabilit y o f  th e 
actio n featur e o f  th e rul e (thi s help s avoi d mak -

in g vacuou s predictions) .  A  rul e i s  the n picke d 

probabilisticall y a s a  functio n o f  it s  matc h score . 

Afte r  a  singl e rul e i s  picke d i t  ca n eithe r  b e 
teste d o r  generalized .  A  rul e i s generalize d i f  som e 
par t  o f  th e rule' s conditio n conflict s wit h som e fea -

tur e value s o f  th e object .  T o generalize ,  w e remov e 

th e conflict s an d ad d th e generalize d rul e bac k int o 

th e rul e base .  Th e generalize d rul e i s no w fre e t o 

compet e wit h th e paren t  rule .  Onl y a  limite d ex -

pansio n o f  th e rul e bas e i s allowe d i n on e majo r  cy -

cle .  I f  a  generalize d rul e i s formed ,  it s predictio n i s 

tested ;  i f  not ,  th e orgina l  rul e i s tested .  I f  th e pre -

dictio n i s correct ,  th e rule' s predictiv e vahdit y an d 

th e salienc e o f  th e feature s i n th e conditio n ar e in -

creased .  I f  unsuccessful ,  the y ar e decreased .  T h e 

modificatio n i s  don e i n accor d wit h a  delt a rule . 

Th e delt a rul e revise s a  paramete r  b y movin g it s 

curren t  valu e a  certai n percentag e close r  t o min -

i m u m o r  m a x i m u m value ,  dependin g o n whethe r 

th e rul e o r  featur e i s bein g increase d o r  decreased . 

The Major Cycle 

A major cycle follows a block of many minor cy-

cles .  Weak rule s ar e droppe d fro m th e rul e bas e 
an d ne w one s inserte d fo r  testing .  N e w rule s ar e 

generate d b y samplin g rando m object s an d creat -

in g rule s wit h condition s containin g value s fo r  al l 

but  on e o f  th e feature s wit h th e remainin g featur e 

i n th e implicatio n par t  o f  th e rule .  Thu s th e ne w 
rule s ar e maximall y specific .  Th e siz e o f  th e rul e 

bas e i s  expande d b y th e numbe r  o f  stron g rule s 
foun d i n th e prio r  bloc k o f  learnin g cycles .  Thi s 
expansio n allow s ne w rule s t o compet e mor e suc -

cessfully .  Finally ,  eac h rule' s predictiv e validit y i s 
decremente d a  fixed  percentage .  Thi s ta x help s 

weake n an d eliminat e irrelevan t  rules . 

Simulation Evaluation 

The primary goal for the initial development phase 
of  th e syste m wa s a  sufficienc y demonstratio n fo r 

a tes t  problem .  W e wante d t o find  a  se t  o f  pro -
cedure s an d paramete r  value s withi n ou r  specifie d 
constraint s whic h succeede d i n learnin g a  substan -

tia l  amoun t  o f  th e structur e availabl e i n th e in -
put .  Give n thi s referenc e point ,  w e coul d the n us e 
th e syste m t o explor e th e effect s o f  varyin g th e 

learnin g parameters .  Thi s repor t  summarize s ou r 
succes s i n constructin g a  syste m whic h meet s thi s 
initia l  desig n goal .  Ou r  primar y succes s criteri a i s 

th e numbe r  o f  targe t  rule s th e syste m ha s learne d 
ove r  a  give n tim e period .  I n addition ,  w e ar e in -

tereste d i n attentiona l  learning ,  tha t  is ,  discover y 

of  th e predictiv e features . 

Descriptive Analysis 

The first method of evaluating rule learning is ex-

aminatio n o f  th e se t  o f  rule s discovere d afte r  a  sig -
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nifican t  learnin g exposure .  W e ca n as k ho w man y 

universal ,  contrastive ,  an d exception-base d rule s 

wer e discovere d an d wha t  th e numbe r  an d natur e 

of  other ,  non-targe t  rule s were .  Below ,  w e describ e 

result s fro m on e simulatio n run .  I t  ha d 4 0 % ex -

ceptiona l  object s i n th e objec t  bas e an d a  mino r 

cycl e o f  40 0 iterations .  W e repor t  th e stron g rule s 

foun d b y th e syste m during  learning ,  fro m amon g 

th e 2 0 rule s stored . 

Afte r  2 0 cycles ,  th e syste m ha d alread y learne d 

rule s abou t  birds ,  fish  an d whales .  I t  ha d als o 

learne d tha t  al l  thing s breathe .  O f  th e nin e rule s 

then ,  on e i s universal ,  five  ar e contrastive ,  an d 

thre e ar e exceptional .  Ther e ar e n o overl y specifi c 

rule s i n th e to p set . 

(Wing s Air )  = > Feather s 
(Fins )  = > Wate r 

Good mastery of exceptions and contrasting 

classe s wa s widesprea d acros s run s wit h differ -

ent  level s o f  exception s an d variou s parameters . 

Withi n th e presen t  syste m configuration ,  univer -

sal  rule s wer e onl y learne d wit h 4 0 % exception s 

i n input .  Exception s ar e importan t  fo r  success -

fu l  generalizatio n sinc e ou r  conservativ e general -

izatio n mechanis m i s drive n b y droppin g conflict -

in g features ,  an d conflict s ar e onl y foun d i n excep -

tions .  Thi s conservatis m als o mean s tha t  incorrec t 

generalization s ar e neve r  found . 

(Feathers )  = > Wing s 

(Water )  = > Fin s 
(Scale s Water )  = > Fin s 

Fins )  = > Wate r 
(Fu r  Fin s Wate r  1000 )  = > Whit e 

(Whit e Fu r  Wate r  1000 )  ̂  Fin s 

(Feather s Wings )  = > Ai r 
(Whit e Fu r  Fin s Water )  = > 100 0 

Ni l  = > Breathe s 

After 40 major cycles, the system learned 

abou t  penguins .  Whil e th e syste m ha d previousl y 

learne d tha t  feather s an d wing s impl y air ,  i t  no w 

know s tha t  i f  th e anima l  i s dresse d i n wha t  ap -

pear s t o b e a  tuxedo ,  w e ca n expec t  t o find  i t  o n 

land .  Als o notic e tha t  ther e i s no w a n extraneou s 
piec e o f  informatio n — (blu e color )  — i n th e sec -

on d ne w rule .  T h e frequenc y o f  blu e fish  hasn' t 

changed ,  bu t  th e salienc e o f  colo r  hci s increased , 

givin g strengt h t o overl y specifi c  rule s suc h a s thi s 

one . 

(Tuxedo Feathers Wings) => Land 

(Scale s Wate r  Blue )  = > Fin s 

By 50 cycles, the system had learned about re-

lation s amon g al l  th e contrastiv e features ,  ha d pre -

dictiv e rule s fo r  eac h typ e o f  exception ,  an d kne w 

th e universa l  propert y o f  breathing .  Thoug h th e 
syste m ha d no t  learne d al l  possibl e predicitivel y 

vali d rules ,  i t  ha d learne d universal ,  contrastive , 

and exception-base d rules . 

(Legs Land) => Fur 

(Brow n Wing s Land )  = > Fu r 

Two new rules were added at 100 cycles. 

P e r f o r m a n c e Statistic s 

During the course of each learning experiment we 

collecte d dat a o n ho w man y o f  th e contrastiv e an d 

universa l  rule s th e syste m ha s learned .  W e d o no t 
includ e exception-base d rule s her e becaus e th e se t 

of  possibl e exception-base d rule s i s s o large .  Ther e 

ar e a  tota l  o f  2 7 contrastiv e an d 2  universa l  rules . 

Th e 2 7 contrastiv e rule s includ e al l  combination s 
of  predictiv e relation s amon g bod y covering ,  habi -

tat ,  an d lim b type .  Thes e for m a n interlockin g an d 

redundan t  se t  o f  predictions ,  fo r  example ,  predic -

tion s tha t  wing s an d feather s impl y flying;  wing s 

impl y flying;  an d feather s implie s flying.  Thus , 
percen t  o f  rule s learne d provide s a  quit e conserva -

tiv e measure ;  wit h respec t  t o th e trainin g domain , 

predictiv e succes s coul d b e perfec t  wit h 9  o f  th e 

27 rules . 

Figur e 1  show s th e result s o f  thi s dat a collec -

tio n fro m run s wit h 0% ,  2 0 % ,  3 0 % ,  an d 4 0 % ex -

ceptions .  Eac h lin e her e i s th e averag e o f  tw o 

run s wit h identica l  parameter s bu t  differen t  ran -
d o m factor s i n selectio n o f  object s t o observ e an d 

rule s t o test .  Give n tha t  ther e ar e exception s a t 
all ,  learnin g i s slowe d wit h a  highe r  proportio n 

of  exceptions .  However ,  a  differen t  patter n hold s 

i n th e run s wit h n o exceptions .  I n thes e runs ,  th e 

syste m ca n onl y lear n a  thir d o f  th e rules ,  an d per -

formanc e quickl y move s t o thi s level .  Ou r  general -

izatio n mechanis m i s ver y conservative .  General -

ization s ar e onl y introduce d whe n a  mor e specifi c 

rul e i s wrong .  W h e n ther e ar e n o exceptions ,  rule s 

abou t  a  pai r  o f  features ,  suc h a s wing s an d feather s 

implyin g air ,  ar e neve r  generalize d further ;  wing s 

implyin g ai r  i s  neve r  produced .  Thus ,  withou t  ex -

ceptions ,  th e syste m quickl y learn s eac h o f  thes e 

nin e predictiv e contrastin g rules .  Thi s i s sufficien t 

t o correctl y predic t  al l  th e contrastiv e regularitie s 
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Figure 2: 20% Exceptions 

30% 

locomotio n 
coa t 
habita t 
colo r 

weigh t 

40 majo r  cycle s 

Figure 3: 30% Exceptions 

foun d i n th e learnin g se t  an d i s anothe r  indicato r 

of  th e conservativ e natur e o f  ou r  scorin g rul e a s 

percen t  o f  al l  contreistiv e rules . 

A t t e n t i o n a l  l e a r n i n g 

In addition to learning about predictive rules, the 
syste m als o learn s wha t  feature s ar e predictive . 

Thi s informatio n i s a n importan t  par t  o f  makin g 

knowledg e abou t  th e structur e o f  th e observe d ob -
ject s explicit .  I t  i s  importan t  informatio n t o us e i n 

explainin g transfe r  (negativ e o r  positive )  i n learn -
in g ne w problem s an d m a y als o facilitat e learnin g 
withi n on e problem .  Figur e 2  an d Figur e 3  sho w 

th e salienc e o f  feature s i n th e 2 0 % an d 3 0 % ex -
ceptio n condition s whos e rul e learnin g curve s ap -
pear  i n Figur e 1 .  Th e constan t  (low )  salienc e o f 

th e tw o universa l  feature s i s no t  shown .  Atten -
tiona l  learnin g i s fas t  an d produce s shar p separa -

tio n o f  th e contrastiv e an d idiosyncrati c feature s 

wit h 0 % (no t  shown )  an d wit h 2 0 % exceptions . 
Th e syste m quickl y learn s whic h feature s ar e th e 
bes t  predictors .  A s th e exceptio n leve l  increases , 

th e contrastiv e rule s ar e les s an d les s reliabl e an d 

th e exceptiona l  rule s becom e th e bes t  predictors . 
Sinc e colo r  i s a  distinctiv e featur e fo r  eac h excep -

tio n an d i s require d (i n combinatio n wit h othe r 

features )  fo r  predictiv e success ,  colo r  salienc e rise s 
ove r  th e cours e o f  learning .  Wit h 4 0 % exception s 

(no t  shown )  colo r  rank s ei s th e bes t  predicto r  afte r 

abou t  4 0 learnin g cycles . 

S u m m a r y 

We summarize first the most important weak-
nesse s an d the n th e strength s o f  th e curren t 

project .  O u r  syste m require s tha t  al l  object s b e 

representabl e i n th e sam e se t  o f  features .  How -

ever ,  i n m a n y learnin g problem s th e feature s rele -

van t  t o object s i n on e subdomai n ar e no t  relevan t 
i n another .  Hence ,  th e syste m canno t  lear n do -

main s wher e features ,  no t  jus t  featur e values ,  vary . 

Mor e fundamentally ,  ther e ar e Umit s t o a  represen -
tatio n base d solel y o n conjunction s o f  observabl e 

featur e values ;  whil e set s o f  conditiona l  rule s us -

in g suc h featur e vector s ar e a  fairl y  powerfu l  for m 
of  representation ,  w e d o no t  believ e i t  i s  sufficien t 
t o accoun t  fo r  inductio n an d inferenc e usin g cat -

egor y knowledge .  W e nee d t o ad d explici t  repre -
sentation s o f  categories ,  no t  jus t  th e correspond -

in g predictiv e rules .  Ou r  curren t  wor k include s 
some procedure s fo r  gatherin g th e informatio n col -

lecte d i n set s o f  contrastiv e rule s an d buildin g a 

semanti c networ k o f  explicitl y  represente d cate -

gories .  Thes e procedure s fo r  addin g categorie s ar e 
ver y a d ho c an d wil l  requir e m u c h mor e rigorou s 
development .  Th e mos t  seriou s flaw  i n th e presen t 
syste m i n achievin g it s initia l  goal s i s ou r  general -

izatio n mechanism .  T h e syste m relie s heavil y o n 

exception s fo r  learnin g genera l  rule s — thi s result s 

i n overl y conservativ e learning .  Stronge r  general -
izatio n procedure s wil l  b e particularl y importan t 

i n learnin g a  syste m o f  hierarchica l  categorie s wit h 

mor e tha n on e leve l  o f  contrastiv e categories . 

O ne majo r  strengt h o f  th e curren t  projec t  i s  th e 

proble m analysis :  system s o f  predictiv e rule s an d 

categorie s ca n b e learne d fro m observatio n o f  ex -
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Figur e 1 :  Rul e Learnin g Curve s wit h Focuse d Samplin g 

ample s b y comparin g predicte d an d expecte d fea -

tur e values .  W e identifie d thre e type s o f  predic -

tiv e rule s an d thre e possibl e way s tha t  feature s 
ca n covary .  W e us e ou r  classificatio n o f  feature s 

int o universal ,  contrastive ,  an d idiosyncrati c cat -

egorie s t o guid e th e desig n o f  ou r  learnin g pro -

cedure .  Specifically ,  w e us e featur e salienc e an d 

vciriabilit y  a s wel l  a s predictiv e succes s an d speci -

ficity  t o guid e learning .  Second ,  i n applyin g thi s 

tas k analysi s i n th e curren t  simulations ,  w e hav e 

a learnin g syste m whic h meet s th e desig n crite -
ri a specifie d initiall y  an d whic h successfull y learn s 

contrastive ,  exception-based ,  an d universa l  rules . 

Finally ,  ou r  simulatio n provide s a  flexible  too l  fo r 
furthe r  research .  I t  allow s u s t o modif y compo -

nent s o f  th e learnin g syste m an d tes t  thei r  effect s 

on differen t  aspect s o f  learning . 
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