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Abstrac t 

We investigat e learnin g a  se t  o f  causall y relate d concept s 
fro m examples .  W e sho w tha t  huma n subject s mak e fewe r 
error s an d lear n mor e rapidl y whe n th e se t  o f  concept s i s 
logicall y consistent .  W e compar e th e result s o f  thes e 
subject s t o subject s learnin g equivalen t  concept s tha t  shar e 
set s o f  relevan t  features ,  bu t  ar e no t  logicall y consistent . 
We presen t  a  shared-tas k neura l  networ k mode l  simulatio n 
of  th e psychologica l  experimentation . 

Introduction 

Researcher s hav e investigate d h o w th e relevan t  backgroun d 
knowledg e o f  th e learne r  influence s th e spee d o r  accurac y o f 
concep t  learnin g (e.g. .  Murph y &  Medi n 1985 ,  Nakamur a 
1985 ,  Pazzan i  1991 ,  Wattenmake r  e t  a l  1986) .  However , 
th e psychologica l  investigatio n t o dat e ha s onl y explore d 
problem s wher e subject s lear n a  singl e concep t  an d th e 
relevan t  backgroun d knowledg e i s  eithe r  brough t  t o th e 
experimen t  b y th e subjec t  o r  give n i n writte n instructions . 
I n contrast ,  researc h i n machin e learnin g ha s addresse d 
issue s tha t  occu r  whe n learnin g a  se t  o f  relate d concepts . 
For  example ,  relevan t  backgroun d concept s migh t  b e learne d 
inductivel y fro m example s befor e learnin g concept s tha t 
depen d upo n thi s knowledg e (Pazzan i  1990) .  Here ,  w e 
repor t  o n tw o experiment s i n whic h subject s induc e th e 
relevan t  backgroun d knowledg e fro m example s an d us e thi s 
backgroun d knowledg e t o facilitat e late r  learning .  Th e 
experiment s illustrat e th e importanc e o f  learnin g th e 
relevanc e o f  combination s o f  features ,  rathe r  tha n individua l 
features .  W e mode l  thi s experimen t  wit h shared-tas k neura l 
network s (Caruana ,  1993) . 

I n th e firs t  experiment ,  subject s first  induc e th e relevan t 
backgroun d knowledg e an d the n hav e th e opportunit y t o us e 
thi s knowledg e i n late r  learning .  T o mor e closel y simulat e 
th e rea l  world ,  w e ra n a  secon d experimen t  wherei n th e 
subject s induc e th e relevan t  backgroun d knowledg e a t  th e 
same tim e a s learnin g th e concep t  tha t  depend s o n thi s 
knowledge .  I n bot h experiments ,  subject s wer e divide d int o 
tw o groups .  O n e group ,  th e "featur e consistency "  group , 
learne d a  comple x concep t  tha t  share d relevan t  feature s wit h 
previousl y learne d relate d concepts ,  bu t  wa s no t  logicall y 
consisten t  wit h thos e concepts .  Anothe r  group ,  th e "logica l 
consistency "  group ,  learne d a  comple x concep t  tha t  wa s 
logicall y consisten t  wit h previousl y learne d relate d concepts . 

Initia l  P s y c h o l o g i c a l  E x p e r i m e n t a t i o n 

I n th e first  experiment ,  subject s wer e aske d t o imagin e 
tha t  the y wor k fo r  th e U S Fores t  Servic e an d wer e assigne d 
th e tas k o f  learnin g t o predic t  year s i n whic h ther e i s a 
sever e ris k o f  fores t  fire  dange r  i n th e fall .  Fou r  concept s 
had t o b e learne d i n th e experimen t  ~  on e concep t  i n eac h o f 
fou r  phases .  Al l  subject s learne d th e sam e 3  backgroun d 
concept s i n phase s 1-3 .  Then ,  fo r  phas e 4 ,  the y wer e 
divide d int o tw o group s (th e logica l  consistenc y grou p an d 
th e featur e consistenc y group )  t o lear n on e o f  tw o separat e 
concept s whic h depende d o n th e backgroun d concepts . 

Th e firs t  phas e o f  th e experimen t  wa s designe d t o 
minimiz e th e effect s o f  th e subjects '  domain-specifi c  pre -
existin g theorie s b y havin g ever y subjec t  lear n th e sam e 
concept .  I n thi s first  phase ,  subject s ha d t o lear n whe n ther e 
i s a  sever e ris k o f  fores t  fires  i n th e fal l  give n dat a o n rai n i n 
th e sprin g an d summer .  A n exampl e o f  thes e dat a i s show n 
i n Figur e 1 .  Subject s wer e give n dat a tha t  indicate d tha t 
ther e i s a  sever e ris k o f  fores t  fires  i n th e fal l  onl y whe n 
ther e i s bot h a  we t  sprin g an d a  dr y summer .  Thi s rul e i s 
consisten t  wit h th e knowledg e o f  mos t  peopl e w h o liv e i n 
Souther n California .  I n th e remainin g phases ,  whe n w e 
measur e th e learnin g rat e an d numbe r  o f  error s m a d e b y 
subjects ,  nove l  stimul i  ar e use d a s feature s t o insur e tha t 
th e knowledg e wa s acquire d durin g th e experiment . 

Next ,  th e subject s wer e tol d tha t  th e U S Fores t  Servic e 
need s t o d o advanc e planning ,  s o i t  canno t  wai t  unti l  th e en d 
of  summe r  t o predic t  whe n ther e wil l  b e a  sever e ris k o f  fire 
i n th e fall .  Th e subject s agai n examine d dat a fro m severa l 
years .  Thi s time ,  however ,  th e dat a wa s fro m five  simulate d 
scientifi c  instrument s tha t  ar e use d eac h Januar y t o detec t  th e 
presenc e o f  factor s tha t  m a y b e usefu l  i n predictin g th e 
amount  o f  rain .  W h e n on e o f  th e instrument s detect s th e 
presenc e o f  a  particula r  factor ,  i t  display s a  distinctiv e graph , 
as show n i n Figur e 2 .  Otherwise ,  a  ba r  i s show n t o mar k 
th e absenc e o f  th e instrument' s grap h (se e Instrumen t  3  o f 
Figur e 2 )  Eac h instrumen t  display s a  grap h whos e shap e 
differ s fro m tha t  o f  th e othe r  instruments .  I n thi s secon d 
concep t  learnin g problem ,  subject s ha d t o lear n t o predic t 
fro m th e instrumen t  reading s whe n ther e woul d b e a  rain y 
spring .  Al l  subject s wer e give n dat a tha t  indicate d ther e 
woul d b e a  we t  sprin g whe n on e particula r  instrumen t 
showe d a  distinctiv e graph .  Al l  subject s learne d a  rul e o f  th e 
for m "Ther e wil l  b e a  we t  sprin g whe n Instrument- A 
display s a  graph, "  wit h th e instrumen t  correspondin g t o 
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Instrument-A  selecte d randomly .  Thi s concep t  wil l  serv e a s 
backgroun d knowledg e fo r  learnin g th e fourtl i  concept . 

I n th e thir d concep t  learnin g problem ,  subject s learne d 
anothe r  piec e o f  backgroun d knowledge .  Here ,  subject s ha d 
t o lear n t o predic t  fro m th e instrumen t  reading s whe n ther e 
woul d b e a  dr y summer .  Al l  subject s wer e show n dati i 
derive d fro m th e rul e "Ther e wil l  b e a  dr y summe r  whe n 
Instrument- B o r  Instrument- C display s a  graph. " 

I n th e fourth ,  an d final ,  concep t  learnin g problem , 
subject s ha d t o lear n t o predic t  fro m th e instrumen t  reading s 
w h en ther e woul d b e a  sever e ris k o f  fire  i n th e fall . 
Concept s 1- 3 serve d a s backgroun d knowledg e fo r  thi s 
concept .  Subject s i n th e logica l  consistenc y grou p wer e 
give n dat a tha t  indicate d ther e woul d b e a  sever e ris k o f  fire 
w h en Instrument- A displaye d a  grap h an d whe n eithe r 
Instrument- B o r  Instrument- C (o r  both )  displaye d a  graph , 
i.e. ,  A  A  ( B V  C ) .  Thi s concep t  i s  logicall y consisten t  wit h 
th e first  thre e concept s tha t  wer e learned .  Subject s i n th e 
featur e consistenc y grou p wer e give n dat a tha t  indicate d ther e 
woul d b e a  sever e ris k o f  fir e whe n Instrument- C displaye d a 
grap h an d whe n eithe r  Instrument- B o r  Instniment- A (o r 
both )  displaye d a  graph ,  i.e .  C  a  ( B v  A ) .  Althoug h no t 
consisten t  wit h th e concept s tha t  wer e learned ,  thi s concep t 
share s relevan t  feature s wit h th e logica l  consistenc y concept . 

Subjects .  Th e subject s wer e 1 8 mal e an d femal e 
undergraduate s attendin g th e Universit y o f  California ,  Irvin e 
w ho participate d i n thi s experimen t  t o receiv e extr a credi t  i n 
an introductor y psycholog y course . 

Stimuli .  Th e stimul i  consiste d o f  dat a tha t  wer e 
displaye d o n a  compute r  monitor .  I n th e first  concept ,  sinc e 
ther e ar e tw o two-value d features ,  4  distinc t  stimul i  wer e 
constmcted .  I n th e remainin g thre e concepts ,  ther e wer e 3 2 
distinc t  stimul i  sinc e ther e ar e five  two-value d features .  Th e 
stimul i  wer e presente d i n a  rando m orde r  fo r  eac h subject . 

P r o c e d u r e s .  Eac h subjec t  wa s show n dat a o n th e 
compute r  fro m a  singl e yea r  an d aske d t o mak e a  predictio n 
(e.g. ,  whethe r  ther e woul d b e a  sever e ris k o f  fire  i n th e fall ) 
by clickin g o n a  circl e nex t  t o th e wor d Ye s o r  a  circl e nex t 
t o th e wor d N o (i.e. ,  usin g a  mous e t o m o v e a  pointe r  t o th e 
circl e an d pressin g a  butto n o n th e mouse) .  Next ,  th e 
subjec t  clicke d o n a  bo x labele d Chec k Answer .  Whil e stil l 
displayin g th e data ,  th e compute r  indicate d t o th e subjec t 
whethe r  hi s answe r  wa s th e correc t  answer .  I f  th e subject' s 
answe r  wa s correct ,  th e subjec t  coul d clic k o n a  bo x labele d 
Continu e an d dat a from  anothe r  yea r  wa s shown .  Otherwise , 
he selecte d a  differen t  answe r  an d clicke d o n Chec k Answe r 
again .  Thi s proces s wa s repeate d unu l  th e subject s 
performe d a t  a  leve l  tha t  ensure d the y ha d learne d a n accurat e 
approximatio n t o th e concep t  (makin g n o mor e tha n on e 
erro r  i n an y sequenc e o f  2 4 consecutiv e trials) .  Th e subject s 
wer e allowe d a s m u c h tim e a s the y wante d t o m a k e thei r 
predictio n an d t o vie w th e dat a afte r  th e correc t  answe r  wa s 
shown .  Thi s proces s o f  learnin g a  concep t  t o criteri a wa s 
repeate d fo r  eac h o f  th e fou r  concept s learned .  W e recorde d 
th e numbe r  o f  th e las t  tria l  o n whic h th e subjec t  m a d e a n 
error ,  th e tota l  numbe r  o f  error s mad e b y th e subjec t  fo r  eac h 
concept ,  an d th e numbe r  o f  mad e o n eac h bloc k o f  1 6 trials . 
I f  th e subjec t  di d no t  obtai n th e correc t  answe r  afte r  9 6 trials , 
we recorde d tha t  th e las t  erro r  wa s m a d e o n tria l  96 . 

Results .  Subject s i n th e logica l  consistenc y grou p 
require d a n averag e o f  27. 6 trial s t o lear n th e fourt h concept , 
whil e subject s i n th e featur e consistenc y grou p require d a n 
averag e o f  50. 4 trial s t(16 )  =  1.91 ,  p  <  .05 .  Subject s i n th e 
logica l  consistenc y grou p mad e a n averag e o f  6. 8 errors , 
whil e subject s i n th e featur e consistenc y grou p mad e a n 
averag e o f  14. 0 error s t(16 )  =  2.135 ,  p  <  .05 . 

Multiple Concept Learning 

I n Experimen t  1 ,  subject s accuratel y induce d thre e relevan t 
backgroun d concepts ,  prio r  t o learnin g a  singl e concep t 
whic h depende d upo n thos e concepts .  Th e orde r  o f  th e 
concept s i s th e idea l  orde r  fo r  subject s t o first  acquir e 
knowledg e inductivel y an d the n us e tha t  knowledg e i n futur e 
learning .  However ,  th e natura l  worl d doe s no t  hav e a 
benevolen t  teache r  w h o order s experience s fo r  th e learner . 
T o mor e closel y simulat e th e natura l  world ,  i n th e secon d 
experiment ,  thos e concept s tha t  ha d th e sam e stimul i  fro m 
th e first  experimen t  (th e las t  thre e concepts )  ar e learne d a t 
th e sam e time .  Fo r  eac h presentatio n o f  stimuli ,  subject s 
predicte d whethe r  ther e woul d b e a  rain y spring ,  a  dr y 
summer,  an d a  sever e ris k o f  fire  i n th e fal l  (se e Figur e 3) . 
Wit h thi s exception .  Experimen t  2  wa s identica l  t o 
Experimen t  1 .  Fo r  th e secon d learnin g phase ,  subject s ha d t o 
clic k o n al l  thre e boxe s correctl y befor e proceedin g t o th e 
nex t  stimuli .  W e recorde d th e numbe r  o f  th e las t  tria l  o n 
whic h th e subjec t  m a d e a n erro r  an d th e tota l  numbe r  o f 
error s mad e b y th e subjec t  onl y fo r  th e concep t  tha t  involve d 
predictin g whethe r  ther e woul d b e a  sever e ris k o f  fire  i n th e 
fal l  fro m th e instrumen t  data .  I n addition ,  fo r  thi s concept , 
we als o recorde d th e numbe r  o f  error s mad e b y th e subjec t  o n 
block s o f  1 6 trials .  I f  th e subjec t  di d no t  obtai n th e conec t 
answe r  afte r  12 8 trials ,  w e recorde d tha t  th e las t  erro r  wa s 
made o n tria l  128 . 

Results .  Th e subject s i n th e logica l  consistenc y 
grou p require d a n averag e o f  77. 8 trial s t o predic t  whethe r 
ther e woul d b e a  sever e ris k o f  fir e i n th e fal l  fro m th e 
instrumen t  data ,  whil e subject s i n th e featur e consistenc y 
grou p require d a n averag e o f  109. 9 trial s t(16 )  =  1.81 ,  p  < 
.05 .  I n addition ,  subject s i n th e logica l  consistenc y grou p 
made a n averag e o f  29. 3 errors ,  whil e subject s i n th e featur e 
consistenc y grou p mad e a n averag e o f  41.4 .  errors .  Thi s las t 
figure  i s marginall y significan t  t(16 )  =  1.41 ,  p  <  .1 .  Th e 
result s demonstrat e tha t  simultaneousl y learnin g a  se t  o f 
relate d concept s i s easie r  whe n th e concept s ar e logicall y 
consisten t  tha n w h e n th e concept s merel y shar e a  se t  o f 
relevan t  features .  Figur e 4 a graph s th e percentag e o f  error s 
made b y th e tw o group s a t  predictin g a  sever e ris k o f  fire  i n 
th e fal l  fro m th e instrumen t  dat a a s a  functio n o f  th e numbe r 
of  trials .  I t  show s tha t  subject s i n logica l  consistenc y an d 
featur e consistenc y group s perfor m similarl y unti l  tria l  64 . 
Afte r  thi s point ,  subject s i n th e logica l  consistenc y grou p 
make fewe r  error s tha n thos e i n th e featur e consistenc y 
group . 
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W et  Sprin g Dr y S u m m er 

(  Con t inu e )  ( ^  Effi]@@f e fflmsrasir) 

Uiji l  ther e b e a  s e u e r e ris k o f  fir e i n tti e fall ? $ )  V e s Q  î o V e s ,  i s  rig h 

Figur e 1 .  A n exampl e o f  th e abstrac t  featur e stimu b use d fo r  th e first  concept . 

\ M D 

Wil l  ther e b e a  rain y spring ? 

m j 
(̂  Chec k Hnsiue r  ) 

(DVes O"*^** Ves, is incorrect 

Figur e 2 .  A n exampl e o f  th e stimul i  use d fo r  th e second ,  thir d an d fourt h concepts . 

W f t 
w ? m f 

(Chec k n n $ m c r } 

Ulil l  ther e b e a  rain u spring ? (s )  ffe$ O  N o 

Will there be a dry summer? O *es ® No 

UJili there be a seuere risk of fire in the fall? O *es ® No 

Figur e 3 .  A n exampl e o f  th e stimul i  use d i n th e secon d phas e o f  Experimen t  2 . 

D i s c u s s i o n 

Ther e ar e thre e finding s o f  not e i n thes e experiments .  First , 
subject s i n th e logica l  consistenc y conditio n mak e fewe r 
error s an d requir e fewe r  trial s t o learn .  Whil e thi s finding 
agree s wit h ou r  intuitio n o n ho w peopl e shoul d learn , 
previou s experiment s involvin g backgroun d knowledg e hav e 
not  ha d subject s lear n thi s backgroun d knowledge . 
Furthermore ,  curren t  cognitiv e model s d o no t  perfor m i n 
thi s manne r  an d ther e i s n o quantitativ e dat a o n ho w 
backgroun d knowledg e tha t  i s  learne d inductivel y influence s 
th e learnin g rat e an d numbe r  o f  error s mad e b y learners . 

Second ,  learnin g th e relevanc e o f  individua l  feature s 
canno t  accoun t  fo r  thes e findings.  Wisniewsk i  an d Medi n 
(1994 )  us e th e ter m selectio n model s t o refe r  t o learnin g 
model s tha t  us e prio r  knowledg e t o determin e whic h feature s 
ar e relevant .  Lie n an d Chen g (1989 )  presen t  on e suc h model . 
Selectio n model s woul d no t  b e abl e t o explai n th e result s 

sinc e bot h th e logica l  consistenc y an d featur e consistenc y 
group s lea m concept s wit h th e sam e relevan t  features . 

Third ,  althoug h th e subject s i n th e logica l  consistenc y 
grou p lea m faste r  an d mak e fewe r  error s tha n subject s i n th e 
featur e consistenc y group ,  the y learne r  slowe r  an d mak e 
mor e error s tha n woul d b e predicte d b y existin g 
computationa l  model s o f  th e influenc e o f  prio r  knowledg e 
suc h a s Explanation-base d learnin g (EBL )  (Mitchel l  e t  al . 
1986) .  E B L i s a  machin e learnin g metho d tha t  derive s 
concept s fro m backgroun d knowledge .  A t  first ,  i t  migh t 
see m tha t  E B L woul d serv e a s a n idea l  mode l  o f  th e us e o f 
prio r  knowledg e i n learning .  It s input s correspon d exactl y t o 
thos e item s learne d i n Phase s 1- 3 o f  th e firs t  experiment , 
and it s outpu t  correspon d exactl y t o th e concep t  t o b e learne d 
i n Phas e 4 .  However ,  ther e ar e severa l  problem s wit h E B L 
as a  mode l  o f  huma n learning .  First ,  E B L algorithm s 
woul d lea m mor e quickl y tha n th e logica l  consistenc y 
subjects .  Sinc e th e fourt h concep t  ca n b e deductivel y derive d 
fro m th e precedin g three ,  E B L woul d mak e n o error s o n thi s 
data .  Second ,  E B L canno t  functio n unles s th e backgroun d 
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knowledg e i s complete .  Fo r  example ,  E B L coul d no t 
acquir e th e concept s i n Phase s 2  an d 3  sinc e thes e ar e jus t 
association s betwee n stimul i  an d weathe r  predictions . 

Modeling with Shared-Task Networks 

Here ,  w e propos e a  mode l  o f  th e psychologica l  experiment s 
usin g multi-laye r  neura l  network s traine d wit h erro r 
backpropagatio n (Rumelhar t  e t  al .  1986 )  t o lean i  multipl e 
concepts .  First ,  w e woul d lik e t o mak e a  distinctio n 
betwee n sub-tas k learnin g an d shared-tas k learning .  I n sub -
tas k learning ,  som e o f  th e concept s t o b e learne d serv e a s 
backgroun d concept s fo r  th e othe r  concept s t o b e learned . 
For  instance ,  i n poker ,  learnin g th e hand s tw o pai r  an d on e 
pai r  i s  a  sub-tas k proble m becaus e on e pai r  i s  a  backgroun d 
concep t  fo r  learnin g tw o pair .  Shared-tas k learning ,  o n th e 
othe r  hand ,  involve s learnin g concept s tha t  shar e subordinat e 
concepts .  A s a n example ,  learnin g bot h th e hand s tw o pai r 
and ful l  hous e requir e knowin g wha t  on e pai r  is ,  bu t  tw o 
pai r  an d ful l  hous e d o no t  requir e knowledg e o f  eac h other . 

The networ k diagramme d o n th e lef t  sid e o f  Figur e 5 
shows a  typica l  wa y o f  usin g network s t o lear n sub-tas k 
concept s wit h th e networ k applie d t o Experimen t  1 .  (Pleas e 
not e tha t  i n orde r  t o m a k e th e diagram s mor e 
comprehensible ,  onl y som e o f  th e connection s betwee n 
node s ar e drawn .  I n a n actua l  network ,  al l  th e node s o f  a 
hidde n laye r  woul d b e connecte d t o al l  o f  it s  inpu t  an d 
outpu t  nodes. )  Th e networ k first  learn s th e sectio n enclose d 
i n th e soli d line .  Th e tw o input s ar e analogou s t o th e 
abstrac t  feature s show n ou r  subject s i n th e first  phas e o f  th e 
experiment .  Th e ouQJu t  i s th e network' s gues s a t  whethe r 
or  no t  ther e wil l  b e a  sever e ris k o f  fire  i n th e fall .  Second , 
th e networ k i s traine d o n th e sectio n enclose d i n th e dashe d 
line .  Thi s represent s learnin g th e We t  Sprin g concept .  Th e 
five  input s (A-E )  o n th e lef t  represen t  th e five  instrumen t 
display s show n t o th e huma n subjects .  Th e outpu t  i s th e 
network' s predictio n a t  whethe r  ther e wil l  b e a  we t  spring . 
Third ,  th e Dr y S u m m er  concep t  i s traine d o n th e networ k 
sectio n enclose d i n th e dotte d line .  Th e sam e five  input s ar e 
use d a s wer e use d t o lear n th e previou s concept .  Th e outpu t 
i s th e network' s gues s a t  whethe r  ther e wil l  b e a  dr y 
summer.  Th e we t  sprin g an d dr y summe r  concept s ar e th e 
sub-task s th e networ k learns .  Th e fina l  Fir e i n th e Fal l 
concep t  i s represente d b y trainin g an d testin g o n th e entir e 
network .  Th e networ k use s th e five  input s t o decid e i f  ther e 
wil l  b e a  sever e ris k o f  fire  i n th e fall . 

A syste m suc h a s K B A N N (Towel l  e t  al .  1990 )  coul d se t 
up a  networ k lik e th e on e o n lef t  sid e o f  Figur e 5 ,  give n 
symboli c inference s rule s tha t  represen t  th e knowledg e 
acquire d i n th e first  thre e phase s o f  th e experiment .  A 
proble m wit h thi s metho d i n modelin g th e experimen t  i s 
tha t  sinc e th e networ k woul d alread y b e traine d o n th e thre e 
backgroun d concepts ,  i t  woul d no t  requir e an y trainin g t o 
lear n th e fina l  concep t  i n th e logica l  consistenc y grou p o f 
our  experiment .  Thi s i s th e sam e proble m tha t  E B L suffer s 
from . 

Caruan a (1993 )  ha s don e wor k o n shared-tas k learnin g 
usin g network s wit h on e hidde n layer .  Th e networ k o n th e 
right  o f  Figur e 5  i s a  representatio n o f  suc h a  network .  A 
majo r  advantag e o f  thi s mode l  i s tha t  th e hidde n laye r  ca n 
creat e ne w feature s whic h ca n b e share d b y al l  o f  th e outpu t 

units .  T o mode l  th e first  experiment ,  th e networ k first  use s 
th e fiv e input s an d onl y th e We t  Sprin g outpu t  uni t  i s 
trained ,  i.e. ,  receive s feedbac k o n it s performance .  Second , 
th e sam e five  input s ar e used ,  bu t  onl y th e Dr y Summer 
outpu t  uni t  i s  trained .  Third ,  th e Fir e i n th e Fal l  outpu t 
uni t  i s  traine d an d teste d usin g th e five  inputs . 

We performe d experiment s wit h shared-tas k neura l  net s t o 
see i f  the y coul d mode l  th e result s fro m ou r  psychologica l 
experiment s sinc e i t  appeare d tha t  thi s metho d coul d lea m 
tli e combination s o f  feature s i n additio n t o featur e relevancy . 
Thes e network s migh t  als o b e abl e t o combin e feature s an d 
stor e th e combinatio n i n th e networ k jus t  a s i t  store s learne d 
knowledge .  I n bot h experiments ,  th e firs t  phas e use d 2 
abstrac t  feature s a s stimul i  whil e th e late r  phase s use d 5 
instrumen t  displays .  Sinc e th e networ k canno t  lea m 
concept s wit h differen t  form s o f  inputs ,  i t  canno t  b e traine d 
on th e first  phase .  However ,  th e networ k ca n b e use d t o 
lea m th e othe r  phase s o f  th e experiments .  T o mode l  th e 
sequentia l  experimen t  (Experimen t  1) ,  th e networ k first  use s 
th e 5  input s an d onl y th e W e t  Sprin g outpu t  uni t  i s  trained , 
i.e. ,  receive s feedbac k o n it s performance .  Second ,  th e sam e 
5 input s ar e used ,  bu t  onl y th e Dr y Summer  outpu t  uni t  i s 
trained .  Third ,  th e Fir e i n th e Fal l  outpu t  uni t  i s  traine d an d 
teste d usin g th e 5  inputs .  Modelin g th e simultaneou s 
experimen t  (Experimen t  2)i s don e b y trainin g al l  3  o f  th e 
outpu t  node s a t  th e sam e time ,  bu t  onl y usin g th e Fir e i n 
th e Fal l  uni t  fo r  testing . 

The logica l  for m o f  th e dat a wa s th e sam e a s use d i n th e 
psychologica l  experiments .  Th e first  outpu t  uni t  ha d a 
valu e o f  on e whe n on e rando m feature ,  sa y A ,  ha d a  valu e o f 
1.  Th e secon d outpu t  uni t  ha d a  valu e o f  1  whe n eithe r  (o r 
both )  o f  tw o othe r  randoml y selecte d features ,  sa y B  an d C , 
had value s o f  1 .  T o mode l  th e logica l  consistenc y group , 
th e thir d outpu t  uni t  ha d a  valu e o f  1  whe n featur e A  ha d a 
valu e o f  1  an d eithe r  featur e B  o r  featur e C  (o r  both )  ha d a 
valu e o f  1 ,  i.e .  A  a  ( B v  C ) .  Th e networ k use d wa s a  feed -
forwar d syste m wit h on e laye r  o f  2 0 hidde n units .  Th e 
generalize d delt a rul e wa s use d fo r  trainin g an d th e logisti c 
functio n wa s use d fo r  activation .  A t  testing ,  a  networ k 
outpu t  valu e greate r  tha n 0. 5 wa s treate d a s a  1  an d a  valu e 
belo w 0. 5 wa s treate d a s a  0  t o mode l  th e force d guessin g 
tha t  wa s applie d t o th e huma n subjects .  M o m e n t u m wa s se t 
at  0.9 0 an d th e learnin g rat e wa s se t  a t  0.25 . 

To mode l  Experimen t  1 ,  w e traine d th e networ k t o 
sequentiall y  lea m eac h o f  th e 3  concepts :  we t  spring ,  dr y 
summer,  an d fire  i n th e fall .  W e first  traine d th e networ k t o 
lea m whe n a n exampl e wa s a  positiv e exampl e o f  th e we t 
sprin g concept ,  i.e .  whe n th e first  outpu t  uni t  woul d hav e a 
valu e o f  1  a s a  functio n o f  th e 5  features .  Afte r  eac h epoc h 
throug h th e trainin g data ,  th e networ k wa s teste d t o se e i f  i t 
coul d correctl y predic t  th e valu e o f  th e first  outpu t  uni t  o n a t 
leas t  3 1 o f  th e 3 2 examples .  I f  i t  could ,  th e networ k wa s 
the n traine d o n learnin g whe n th e secon d outpu t  uni t  (dr y 
summer)  wa s tru e a s a  functio n o f  th e 5  features .  I f  i t  coul d 
not  reliabl y predic t  th e first  feature ,  i t  wa s traine d o n anothe r 
epoc h throug h th e data .  Afte r  i t  ha d learne d t o reliabl y 
predic t  th e secon d outpu t  unit ,  i t  wa s traine d t o predic t  th e 
thir d outpu t  uni t  th e fire  i n th e fal l  concept .  Dat a wa s 
recorde d o n ho w man y epoch s th e networ k too k t o lea m th e 
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fina l  concept .  Th e proces s o f  learnin g eac h concep t 
sequentiall y  wa s repeate d 5 0 times . 

The networ k require d a n averag e o f  5.9 6 epochs ,  o r  190.7 2 
trials ,  t o lear n th e logica l  consistenc y set ,  whil e i t  too k 
significantl y longer ,  8.5 0 epoch s o r  272.0 0 trials ,  t o lear n 
th e featur e consistenc y set ,  t(98 )  =  6.06 ,  p  <  .05 .  Simila r 
t o th e huma n subjects ,  thi s networ k sequentiall y  learne d th e 
set  o f  concept s mor e easil y whe n i t  wa s logicall y consisten t 
tha n whe n th e concept s merel y shar e features . 

To mode l  Experimen t  2 ,  w e traine d th e networ k t o 
simultaneousl y lear n al l  thre e concepts .  Th e networ k wa s 
traine d o n al l  3  o f  th e concepts ,  bu t  wa s teste d onl y o n th e 
thir d concept .  Afte r  eac h epoc h throug h th e trainin g data , 
th e networ k wa s teste d t o se e i f  i t  coul d correctl y predic t  th e 
valu e o f  th e thir d featur e o n a t  leas t  3 1 o f  th e 3 2 examples . 
I f  i t  could ,  the n trainin g stopped ;  otherwise ,  i t  wa s traine d 
fo r  anothe r  epoch .  Dat a wa s kep t  o n ho w man y error s th e 
networ k mad e o n eac h epoc h an d o n whic h epoc h th e 
networ k learne d th e final  concept .  Th e proces s o f  learnin g 
th e concept s wa s repeate d 5 0 times . 

The neura l  ne t  require d a n averag e o f  7.1 2 epochs ,  o r 
227.8 4 trials ,  t o lear n th e logica l  consistenc y set ,  whil e i t 
too k significantl y longer ,  9.6 6 epoch s o r  309.1 2 trials ,  t o 
lear n th e featur e consistenc y set ,  t(98 )  =  5.039 ,  p  <  .05 . 
Simila r  t o th e huma n subjects ,  thi s networ k simultaneousl y 
learne d th e se t  o f  concept s mor e easil y whe n i t  wa s logicall y 
consisten t  tha n whe n th e concept s merel y shar e features . 
Figur e 4 b graph s th e percentag e o f  error s mad e o n th e tw o 
set s a s a  functio n o f  th e numbe r  o f  epochs .  I t  show s tha t 
afte r  th e secon d epoch ,  th e grap h i s simila r  t o Figur e 4a . 
On th e logicall y consisten t  condition ,  th e networ k become s 
accurat e wit h fewe r  trainin g epochs . 

Share d tas k network s ar e abl e t o mode l  thes e result s 
becaus e the y ca n creat e ne w abstrac t  feature s an d us e thes e 
feature s t o influenc e learnin g othe r  concepts .  Th e networ k 
require s som e trainin g t o determin e ho w t o us e thes e abstrac t 
features ,  bu t  les s trainin g tha n woul d b e require d i f  ne w 
concept s wer e no t  consisten t  wit h th e concept s learne d 
earlier .  Th e share d tas k networ k i s a n exampl e o f  wha t 
Wisniewsk i  an d Medi n (1994 )  cal l  a  tightl y couple d model . 
Prio r  knowledge ,  i n thi s cas e create d b y prio r  learning , 
select s th e relevanc e o f  feature s (b y havin g highe r  weight s 
on som e connections) ,  an d create s ne w feature s (a s 
represente d i n th e hidde n units) .  Furthermore ,  feedbac k 
durin g learnin g on e concep t  ca n chang e th e feature s o r 
strength s o f  th e hidde n unit s use d b y othe r  concepts . 

Conclusions 

Althoug h th e genera l  topi c o f  learnin g a  serie s o f  concept s 
has bee n discussed ,  previou s researc h ha s focuse d o n 
attentiona l  phenomen a suc h a s th e intradimensiona l  an d 
extradimensiona l  shif t  i n whic h subsequen t  concept s shar e 
relate d feature s wit h prio r  concepts .  However ,  thes e 
approache s conside r  set s o f  arbitrar y group s o f  concept s 
rathe r  tha n concept s tha t  ar e causall y related .  Waldman n an d 
Holyoa k (1990 )  argu e tha t  th e causa l  inductio n proces s 
differ s fro m th e learnin g proces s use d t o acquir e arbitrar y 
concepts .  I n particular ,  w e sho w tha t  concept s acquire d b y 
inductio n i n on e phas e o f  a n experimen t  influenc e late r 

learnin g i n muc h th e sam e manne r  a s concept s acquire d b y 
readin g writte n instruction s o r  prio r  backgroun d concepts . 

We hav e focuse d o n h o w prio r  knowledg e facilitate s 
learning .  W e shoul d als o poin t  ou t  tha t  incorrec t  prio r 
knowledg e m a y als o hinde r  learnin g b y providin g 
misconception s (Chi ,  Slott a &  d e Leeuw ,  1994) .  I t  i s  onl y 
when prio r  knowledg e i s  compatibl e wit h th e n e w 
knowledg e t o b e acquire d tha t  w e anticipat e a  positiv e effect . 

Classica l  concept s tha t  consisten t  o f  set s o f  necessar y an d 
sufficien t  feature s hav e severa l  flaws.  F e w concept s peopl e 
encounte r  hav e suc h rigorous  logica l  definition s (Rosch , 
1978) .  Mor e recently ,  i t  ha s becom e apparen t  tha t  concept s 
do no t  exis t  an d ar e no t  learne d i n isolation .  Here ,  w e hav e 
presente d quantitativ e result s o n h o w induce d backgroun d 
knowledg e influenc e th e rat e o f  learnin g an d th e numbe r  o f 
error s mad e durin g learning .  Whil e w e hav e foun d tha t 
havin g relevant ,  correc t  backgroun d knowledg e facilitate s 
learning ,  i t  doe s no t  eliminat e th e nee d fo r  learning .  Tha t  is , 
unlik e previou s learnin g models ,  whe n subject s hav e learne d 
rule s correspondin g t o " A - ^  WetSpring, "  " B v  C  - > 
D r y S u m m m e r"  an d "WetSprin g a  D r y S u m m m er  - > 
FirelnFall "  the y d o no t  automaticall y kno w tha t  " A a  ( B v 
C)  - > FirelnFall. "  W e believ e tha t  on e flaw  i n previou s 
learnin g model s tha t  us e prio r  knowledg e i s tha t  th e equat e 
an explanatio n wit h a  logica l  proof ,  an d us e rule s tha t  hav e 
necessar y an d sufficien t  preconditions .  Suc h rule s m a y b e a s 
rar e i n th e rea l  worl d an d a s cognitivel y implausibl e a s 
concept s tha t  consisten t  o f  necessar y an d sufficien t 
definitions . 
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as a  functio n o f  th e tria l  i n Experimen t  2 . 

Figur e 4b .  Th e mea n percentag e o f  error s mad e b y th e 
neura l  networ k i n th e logica l  consistenc y an d featur e 
consistenc y group s a s a  functio n o f  th e epoch . 
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Figur e 5 .  Neura l  networ k diagrams .  Th e networ k o n th e lef t  i s a  sub-tas k learnin g model .  Th e networ k o n th e right  i s a 
shared-tas k learnin g model . 
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