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ABSTRACT 

We present a feedback or recurrent, auto-associative model 
tha t  capture s severa l  importan t  aspect s o f  causa l  learnin g 
and causa l  reasonin g tha t  canno t  b e handle d b y feedforwar d 
models .  First ,  ou r  mode l  learn s asymmetri c relation s 
betwee n caus e an d effect ,  an d ca n reaso n i n bot h direction s 
betwee n caus e an d effect .  A s a  resul t  i t  ca n represen t  a n 
importan t  distinctio n i n causa l  reasoning ,  tha t  betwee n 
necessar y an d sufficien t  causes .  Second ,  i t  predict s cu e 
competitio n amon g effect s an d provide s a  mechanis m fo r 
them ,  somethin g whic h ca n onl y b e don e wit h feedforwar d 
model s b y assumin g tha t  tw o separat e network s ar e learned , 
a highl y no n parsimoniou s assumption .  Finally ,  w e sho w 
tha t  contrar y t o previou s claims ,  a  feedforwar d mode l 
canno t  handl e Discountin g an d Augmentin g i n causa l 
reasoning ,  althoug h a  feedbac k mode l  can .  Th e succes s o f 
our  feedbac k mode l  argue s fo r  a  greate r  focu s o n suc h 
model s o f  causa l  learnin g an d reasoning . 

Introduction 

Connectionis t  model s o f  causa l  learnin g an d reasonin g hav e 
relie d o n feedforwar d network s (e.g. ,  Gluc k &  Bower ,  1988 ; 
Shanks ,  1991 ;  Va n Overwalle ,  1998) .  However ,  a s w e hav e 
recentl y shown ,  feedforwar d network s hav e seriou s 
limitation s a s model s o f  causa l  learnin g an d reasonin g (Rea d 
& Montoya ,  i n press) .  I n tha t  paper ,  w e outline d a n 
alternative ,  a  feedbac k o r  recurren t  model ,  tha t  ca n handl e 
phenomen a tha t  a  feedforwar d mode l  cannot .  I n th e curren t 
pape r  w e examin e furthe r  implication s o f  thi s kin d o f  mode l 
fo r  phenomen a tha t  feedforwar d model s canno t  handle ,  suc h 
as asymmetrie s i n causa l  learnin g an d reasoning ,  an d cu e 
competitio n fo r  consequence s o r  effects . 

I n previou s wor k w e hav e examine d ho w thi s kin d o f 
model  ca n handl e a  numbe r  o f  phenomen a i n causa l  learnin g 
and causa l  reasoning .  Rea d an d Montoy a (i n press )  hav e 
demonstrate d tha t  i t  ca n successfull y simulat e man y o f  th e 
classi c phenomen a fro m th e anima l  an d huma n causa l 
learnin g literature ,  suc h a s blockin g an d conditione d 
inhibition ,  t o whic h th e Rescorla-Wagne r  mode l  (Rescorl a 
& Wagner ,  1972 )  an d feedforwar d model s wit h delta-rul e 
learnin g (e.g. ,  Gluc k &  Bower ,  1988 ;  Shanks ,  1991) ,  hav e 
bee n applied .  Rea d an d Montoy a als o demonstrate d tha t  thi s 
auto-associativ e model ,  whic h i s a  paralle l  constrain t 
satisfactio n model ,  deal s wit h th e principle s o f  explanator y 
coherenc e discusse d b y Thagar d (1989 ,  1992 )  an d 

experimentall y demonstrate d b y Rea d an d Marcus-Newhal l 
(1993 )  an d Rea d an d Lincer-Hil l  (1998 )  (se e als o Ranney ,  i n 
press ;  Schan k &  Ranney ,  1991 ,  1992) .  Finally ,  severa l 
paper s (Montoy a &  Read ,  1998 ;  Rea d &  Miller ,  1993 )  hav e 
shown tha t  thi s kin d o f  mode l  ca n simulat e th e Discountin g 
and Augmentin g principle s i n causa l  reasonin g (Kelley , 
1971) ,  a s wel l  a s th e rol e o f  factors ,  suc h a s construc t 
accessibilit y an d causa l  strength ,  tha t  ma y underli e th e 
closel y relate d Correspondenc e Bia s o r  Fundamenta l 
Attributio n Erro r  (Jones ,  1990 ;  Ross ,  1977) . 

I n th e curren t  paper ,  w e focu s o n th e implication s fo r 
causa l  learnin g an d reasonin g o f  a  centra l  aspec t  o f  thi s 
model :  al l  node s ar e completel y interconnected ,  wit h a n 
independen t  lin k goin g i n eac h directio n betwee n eac h pai r  o f 
nodes .  Thi s ha s thre e implication s whic h w e wil l  examine . 
First ,  becaus e eac h pai r  o f  node s i s joine d b y tw o hnks ,  on e 
i n eac h direction ,  i t  i s possibl e t o reaso n bot h fro m caus e t o 
effec t  an d fro m effec t  t o cause .  I n contrast ,  wit h th e 
feedforwar d model s previousl y investigate d i n causa l  learnin g 
and reasoning ,  i t  i s onl y possibl e t o lear n an d reaso n i n on e 
direction ,  typicall y fro m caus e t o effect .  Second ,  becaus e 
eac h member  o f  th e pai r  o f  link s ca n hav e differen t 
strengths ,  th e lin k fro m caus e t o effec t  ca n hav e a  differen t 
strengt h tha n th e lin k fro m effec t  t o cause .  A s a  result ,  wit h 
thi s mode l  on e ca n lear n asymmetri c relation s betwee n caus e 
and effect ,  an d us e thes e asymmetri c relation s i n causa l 
reasoning .  Third ,  becaus e th e networ k i s  totall y 
interconnected ,  i t  ca n lear n relation s amon g possibl e cause s 
of  a n event .  I n contrast ,  i n th e feedforwar d network s use d i n 
thi s domai n th e onl y link s ar e forward ,  fro m caus e t o effect . 
I t  i s  no t  possibl e t o lear n link s amon g causes .  On e 
implicatio n o f  this ,  w e wil l  argue ,  i s  tha t  th e standar d 
feedforwar d mode l  i s incapabl e o f  handlin g eithe r  discountin g 
or  augmentin g i n causa l  reasoning ,  wherea s ou r  mode l  ca n 
handl e bot h phenomena . 

An Auto associative Model. 

Our  mode l  i s base d o n McClellan d an d Rumelhart' s  (1988 ) 
auto-associator ,  whic h i s a  singl e laye r  auto-associativ e 
networ k wit h al l  unit s completel y interconnected .  Eac h uni t 
receive s inpu t  fro m othe r  node s an d simultaneousl y send s 
activatio n t o othe r  nodes .  Becaus e o f  th e feedbac k relations , 
thi s networ k function s a s a  paralle l  constrain t  satisfactio n 
system ,  actin g t o satisf y multipl e simultaneou s constraint s 
among element s i n th e network .  Link s ar e modifie d b y delta -
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rul e learnin g an d eac h lin k i n a  pai r  ca n en d u p wit h a 
differen t  weight .  Al l  o f  th e node s ca n receiv e inpu t  fro m 
bot h th e environmen t  an d othe r  nodes .  Thus ,  bot h caus e an d 
effec t  node s ca n b e activate d b y environmenta l  cue s 
(Althoug h Thagard' s E C H O mode l  i s als o a  feedbac k motk'l , 
i t  assume s tha t  bot h link s betwee n pair s o f  node s hav e 
identica l  weights .  Thus ,  ther e i s n o wa y t o represen t 
asymmetri c causa l  relation s i n E C H O an d n o wa y t o 
examin e th e rol e o f  difference s i n link s fro m caus e t o effec t 
and effec t  t o cause .  Further ,  becaus e E C H O ha s n o learnin g 
mechanism ,  i t  canno t  lear n causa l  link s (however ,  se e 
Wang,  Johnson ,  an d Zhan g (1997 )  w h o hav e recentl y adde d 
delt a rul e learnin g t o E C H O ) . ) 

Thi s networ k ca n lear n association s amon g al l  th e 
element s tha t  co-occur .  Tha t  is ,  no t  onl y ca n i t  lear n th e 
relatio n betwee n th e effec t  X  an d potentia l  cause s A  an d B ,  i t 
can als o lear n th e associatio n betwee n th e tw o potentia l 
causes .  I n contrast ,  i n feedforwar d networks ,  ther e ar e link s 
i n onl y on e direction ,  fro m inpu t  node s t o outpu t  nodes . 
Outpu t  node s onl y receiv e activatio n fro m th e inpu t  nodes , 
and canno t  b e directl y activate d b y th e environment .  Also , 
ther e ar e n o link s amon g th e node s i n a  layer ;  th e onl y link s 
ar e between  layers .  Thus ,  i t  canno t  lear n association s 
betwee n causes . 

Processin g i n th e aut o associativ e networ k proceed s a s 
follows .  Afte r  inpu t  i s received ,  al l  th e unit s i n th e networ k 
ar e synchronousl y update d a t  eac h cycl e b y a n activatio n 
functio n tha t  i s essentiall y  th e sam e a s tha t  employe d i n 
E C HO (Thagard ,  1989 ;  1992 )  an d i n Rumelhar t  an d 
McClelland' s (1986 )  interactive-activatio n an d competitio n 
model ,  a s wel l  a s i n a  handfu l  o f  othe r  model s the y hav e 
explored .  Thi s activatio n functio n is : 

aj (t+1) = aj(t) (l-d) + {netj (max-sj (t)) if netj > 0 
(net j  (a j  (t)-min )  i f  net j  <  0 

wher e net j  =  (istr )  [Xwjiaj ]  +  (estr)ex t 

The only minor difference in this activation function for 
th e auto-associativ e architecture ,  compare d t o othe r  model s 
i n whic h i t  ha s bee n used ,  i s tha t  th e tota l  inpu t  net j  i s  n o w 
determine d b y externa l  inpu t  fro m th e patter n vecto r  ext ,  a s 
wel l  a s th e su m o f  weighte d input s fro m othe r  unit s withi n 
th e networ k wit h activation s fro m th e previou s cycle , 
Xwjjaj .  Not e tha t  th e interna l  inpu t  an d th e externa l  inpu t 
ar e scaled ,  b y ist r  an d estr ,  respectively . 

Afte r  th e syste m complete s a  numbe r  o f  processin g cycle s 
(define d b y th e user) ,  th e delt a rul e (o r  Widrow-Hof f  rule ) 
(Widro w &  Hoff ,  1960 )  i s applie d t o th e networ k t o 
compar e th e externa l  inpu t  patter n t o th e interna l  input s t o 
units .  Thi s learnin g regim e reduce s th e differenc e betwee n 
interna l  an d externa l  input s t o units ,  b y modifyin g th e 
weight s amon g th e nodes ,  s o tha t  th e interna l  inpu t  come s 
t o reproduc e o r  matc h th e externa l  inpu t  t o th e units .  Hence , 
th e desire d activatio n o f  a  uni t  i s  determine d b y th e se t  o f 
externa l  input s t o tha t  unit .  Th e discrepanc y betwee n th e 
desire d an d actua l  activatio n o f  a  uni t  i s  th e measur e o f 
erro r  use d i n delt a rul e learning .  Weigh t  chang e i s give n by : 

Aweightji = Irate (t- ^) aj, 

wher e Irat e i s th e learnin g rate ,  t  i s  th e targe t  o r  externa l 
activation ,  a j  i s  th e interna l  o r  actua l  activation ,  an d a j  i s  th e 
activatio n o f  th e nod e sendin g activatio n t o aj . 

Kearn.s and Uses Asymmetries in Causal Relations. 

One advantag e o f  thi s mode l  i s tha t  separat e link s exis t  fro m 
caus e t o effec t  an d fro m effec t  t o cause .  A s a  result ,  thi s 
model  i s abl e t o lear n an y asymmetrie s tha t  migh t  exis t  i n 
thes e relationships .  Further ,  havin g learne d thes e 
asymmetries ,  the y ca n b e used  i n causa l  reasoning . 

I n contrast ,  neithe r  curren t  associativ e model s (e.g. .  Cluc k 
& Bower ,  1988 ;  Shanks ,  1991 ;  V a n Overwalle ,  1998 )  no r 
Cheng' s (Chen g &  Novick ,  1990 ,  1992 )  probabilisti c 
contras t  mode l  ca n lear n separat e relation s fo r  caus e t o effec t 
and effec t  t o cause .  I n fact ,  bot h captur e th e relationshi p 
fro m caus e t o effect ,  bu t  no t  th e revers e relationship .  Thus , 
thes e model s canno t  lear n asymmetrie s i n cause-effec t  an d 
effect-caus e relations .  Further ,  thes e model s d o no t  allo w fo r 
reasonin g i n bot h directions . 

Severa l  author s (e.g. ,  Shanks ,  Lopez ,  Darby ,  & 
Dickinson ,  1996 )  sugges t  tha t  on e coul d captur e th e tw o 
differen t  direction s o f  causa l  learnin g b y usin g tw o 
feedforwar d networks ,  on e wit h cause s a s input s an d th e 
othe r  wit h effect s a s inputs .  However ,  wit h recurren t 
networks ,  suc h a s th e presen t  model ,  onl y on e networ k i s 
required .  Thi s i s m u c h mor e parsimoniou s tha n assumin g 
tha t  a n individua l  woul d requir e tw o separat e network s t o 
captur e bi-directionalit y i n causa l  learnin g an d reasoning . 

Tabl e 1  give s a  se t  o f  learnin g trial s tha t  resul t  i n 
asymmetri c learnin g o f  links ,  suc h tha t  caus e A  ha s a 
stronge r  forwar d lin k t o X  tha n doe s caus e B ,  wherea s effec t 
X ha s a  stronge r  backwar d lin k t o caus e B  tha n t o caus e A . 
I n thi s example ,  assum e tha t  w e ar e learnin g an d reasonin g 
abou t  possibl e cause s o f  a  fores t  fir e (X) .  O n e possibilit y  i s 
lightnin g (A )  whil e anothe r  i s a  campfir e (B) . 

Table 1: Learning History for Asymmetry in Causes 

Simulatio n Uni t  Learnin g histor y 
Asymmetr y A  +  +  2 0 

B . . + +  + + +  + +  +  + 
X +  +  +  +  +  + 

Epoch s 

Becaus e o f  th e patter n o f  covariation ,  asymmetri c causa l 
relation s ar e learned .  Th e mode l  learn s tha t  i f  i t  occurs , 
lightnin g i s mor e likel y t o caus e a  fores t  fire ,  tha n i s a 
campfire .  However ,  i t  als o learn s tha t  i f  ther e i s a  fores t  fir e 
i t  wa s mor e likel y precede d b y a  campfir e the n b y lightning . 
Thi s asymmetr y i s apparen t  i n bot h th e activation s w h e n 
cause s an d effect s ar e separatel y teste d an d i n th e pattern s o f 
weight s tha t  ar e learned . 

W h en w e separatel y activat e th e tw o causes ,  A  (lightning ) 
alon e lead s t o a  highe r  activatio n fo r  X  (fores t  fire )  tha n doe s 
B (campfire) ,  .3 5 versu s .16 .  However ,  i f  effec t  X  alon e 
(fores t  fire )  i s  activate d the n caus e B  (campfire )  i s  mor e 
highl y activated ,  .37 ,  tha n i s caus e A  (lightning) ,  .27 . 

Th e connectio n strength s lead s t o th e sam e conclusion . 
The connectio n fro m A  (lightning )  t o X  (fores t  fire )  i s 
stronge r  tha n th e connectio n fro m B  (campfire )  t o X  (fores t 
fire) ,  1.5 8 versu s .74 .  However ,  th e connectio n fro m 
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X(forcs t  fire )  t o B(campfire )  i s stronge r  tha n th e connectio n 
fro m X(fores t  tire )  t o A  (lightning) ,  1.8 8 versu s .94 .  Th e 
model  ha s learne d tha t  th e occurrenc e o f  lightnin g i s mor e 
likel y t o caus e a  fores t  fir e tha n i s th e occurrenc e o f  a 
campfire .  However ,  i t  ha s als o learne d tha i  i f  a  fores t  fir e 
occur s tha t  i t  i s  mor e likel y t o b e cause d b y a  campfire . 

Suc h asymmetrie s see m t o b e a n importan t  par t  o f  huma n 
causa l  reasoning ,  an d ou r  mode l  easil y capture s them .  Ye t  a 
feedforwar d model ,  becaus e link s onl y g o fro m inpu t  t o 
output ,  i s  completel y unabl e t o lear n suc h asymmetrie s an d 
thu s i s unabl e t o reaso n asymmetrically . 

Captures the Distinction between Necessary and 
Sufficien t  Cause s 

O ur  abilit y  t o mode l  asymmetrie s i n causa l  learnin g an d 
reasonin g als o allow s u s t o captur e wha t  ha s bee n identifie d 
as a  centra l  distinctio n i n causa l  reasoning ,  th e differenc e 
betwee n necessar y an d sufficien t  causes .  Fo r  instance ,  a  li t 
matc h i s sufficien t  t o se t  gasolin e o n fire ,  bu t  i t  i s  no t 
necessar y becaus e ther e ar e othe r  way s i n whic h th e gasolin e 
ca n b e ignited .  Thi s ca n b e capture d i n ou r  networ k b y 
assumin g tha t  th e strengt h o f  a  lin k fro m caus e t o effec t 
capture s th e sufficienc y o f  a  cause ;  th e stronge r  thi s lin k th e 
mor e likel y th e caus e i s t o brin g th e effec t  about .  I n 
contrast ,  th e lin k fro m effec t  t o caus e capture s th e necessit y 
of  a  cause ;  th e stronge r  th e link ,  th e mor e likel y i t  i s  tha t 
th e caus e precede d th e effect .  A  ver y stron g lin k fro m effec t 
t o caus e suggest s tha t  th e effec t  i s  almos t  alway s precede d 
by tha t  cause ,  suggestin g tha t  th e caus e i s necessar y fo r  th e 
effec t  t o com e about .  Becaus e i t  canno t  lear n suc h 
asymmetries ,  havin g link s tha t  onl y ru n fro m caus e t o 
effect ,  a  feedforwar d mode l  canno t  lear n o r  us e informatio n 
abou t  thi s fundamenta l  distinctio n betwee n necessar y an d 
sufficien t  causes . 

Cue competition among effects 

I n th e h u m a n an d anima l  causa l  learnin g literature ,  ther e i s 
considerabl e evidenc e fo r  cu e competitio n amon g causes . 
O ne exampl e o f  suc h cu e competitio n i s Blocking ,  wher e 
firs t  learnin g tha t  cu e A  strongl y predict s a n effec t  prevent s 
th e late r  learnin g o f  th e relatio n betwee n cu e B  an d th e 
effect ,  eve n i f  cu e B  i s highl y predictiv e o f  th e effect .  Th e 
standar d explanatio n i s tha t  cue s compet e fo r  predictiv e 
strengt h an d tha t  w h e n cu e A  i s learne d t o strongl y predic t 
th e effect ,  thi s essentiall y  capture s al l  th e availabl e 
predictiv e strength ,  leavin g non e fo r  B .  Bot h th e Rescorla -
Wagner  rul e an d feedforwar d network s wit h delt a rul e 
learnin g ca n captur e suc h cu e competitio n fo r  causes . 

But  doe s cu e competitio n fo r  effect s als o occur ,  whe n a 
singl e caus e predict s multipl e effects ? Waldman n (1996 ) 
point s ou t  tha t  th e Rescorla-Wagne r  mode l  strongl y predict s 
suc h effect s an d tha t  thei r  absenc e woul d creat e seriou s 
problem s fo r  thi s model .  However ,  W a l d m a n n argue s tha t 
hi s causal-mode l  theor y predict s tha t  cu e competitio n fo r 
effect s shoul d no t  occur .  A n d acros s severa l  studies ,  h e foun d 
no evidenc e fo r  cu e competitio n fo r  effects . 

However ,  othe r  researcher s (e.g. .  Chapman ,  1991 ; 
Shanks ,  1991 ;  Shanks ,  Lopez ,  Darby ,  &  Dickinson ,  1996 ) 
hav e provide d evidenc e fo r  cu e competitio n fo r  effects . 
Mille r  an d Matut e (1996 )  hav e argue d tha t  th e discrepanc y i n 

result s amon g variou s researcher s migh t  b e attributabl e t o 
difference s i n th e question s use d t o asses s causa l  strength . 

Thi s possibilit y  i s  particularl y clea r  i n term s o f  ou r 
model ,  whic h suggest s tha t  whethe r  on e get s cu e 
competitio n fo r  effect s m a y depen d strongl y o n th e typ e o f 
questio n tha t  i s aske d t o asses s causa l  strength .  Tha t  is ,  doe s 
th e questio n as k subject s t o asses s th e strengt h fro m caus e 
t o effec t  o r  fro m effec t  t o cause ? Wa ldman n (1996) ,  amon g 
others ,  ha s characterize d thi s differenc e a s betwee n askin g 
predictiv e question s an d askin g diagnosti c questions .  A 
predictiv e questio n ask s subject s t o asses s th e exten t  t o 
whic h th e caus e predict s potentia l  effects .  I n term s o f  ou r 
model ,  suc h a  questio n ask s subject s t o asses s th e strengt h 
of  th e lin k fro m th e cause s forwar d t o th e effect .  I n contrast , 
a diagnosti c questio n ask s subject s t o asses s th e exten t  t o 
whic h th e effec t  i s  diagnosti c o f  th e cause ,  tha t  is ,  t o wha t 
exten t  th e existenc e o f  th e effec t  provide s evidenc e fo r  th e 
cause .  I n term s o f  ou r  model ,  thi s questio n ask s subject s t o 
asses s th e strengt h o f  th e lin k fro m th e effec t  t o th e cause . 

Cue competitio n fo r  cause s i s typicall y demonstrate d 
when tw o o r  mor e cause s predic t  a  singl e effect ,  an d 
researcher s as k a  predictiv e questio n abou t  th e exten t  t o 
whic h th e cause s predic t  th e effects .  Ou r  mode l  suggest s tha t 
cu e competitio n fo r  effect s shoul d b e demonstrate d whe n a 
singl e caus e predict s tw o o r  mor e effects ,  an d subject s ar e 
aske d a  diagnosti c question ,  fo r  whic h the y mus t  asses s th e 
strengt h o f  th e lin k fro m th e effec t  bac k t o th e cause . 

O ne obviou s implicatio n o f  thi s i s tha t  th e learne r  mus t 
be abl e t o separatel y encod e th e lin k fro m caus e t o effect , 
and th e lin k fro m th e effec t  bac k t o th e cause .  Severa l 
researcher s (e.g. .  Shanks ,  Lopez ,  Darby ,  &  Dickinson , 
1996 )  hav e suggeste d tha t  thi s ca n b e capture d b y assumin g 
tw o feedforwar d networks ,  on e tha t  learn s th e relation s from 
cause s t o effect s an d th e othe r  whic h learn s th e relation s 
fro m effect s bac k t o cause .  However ,  suc h a  solutio n seem s 
inelegant .  Wit h th e curren t  model ,  suc h a n assumptio n i s 
unnecessary ,  a s a  basi c par t  o f  it s  architectur e i s tha t  i t  ca n 
lear n separat e weight s fo r  th e tw o link s from  caus e t o effect , 
and fro m effec t  t o cause . 

Table 2: Learning History for Simulation of Cue 
Competitio n 

Simulatio n Uni t  Learnin g histor y 
Phase I 

Phase I I 

Epoch s 
A 
X 
Y 

A 
X 
Y 

+ +  +  +  + 

+ +  + +  + 

+ +  +  +  + 
+ +  +  +  + 
+ +  +  +  + 

10 

10 

We hav e successfull y simulate d cu e competitio n fo r 
effect s whe n a  singl e caus e predict s multipl e effect s an d th e 
righ t  questio n i s asked .  I n th e simulation ,  ther e ar e tw o 
alternativ e stimulu s presentation s (Se e Tabl e 2) .  I n th e first, 
a singl e caus e (A )  i s presente d tha t  predict s tw o effect s ( X 
and Y )  (Phas e I I  alone) .  I n th e second ,  th e networ k i s firs t 
presente d wit h a  numbe r  o f  instance s o f  on e effec t  (Y ) 
predicte d b y a  singl e caus e (A )  (Phas e I) ,  followe d b y tw o 
effect s ( X an d Y )  predicte d b y th e sam e caus e (A )  (Phas e U) . 
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I n thi s model ,  separat e link s ar e learne d fro m caus e t o 
effect ,  an d fro m effec t  t o cause .  An d a s ca n b e see n i n Figur e 
1,  ther e i s a n asymmetr y i n th e learne d link s fo r  th e learnin g 
sequenc e o f  Phas e I  followe d b y Phas e II .  Moreover ,  i t  i s 
clea r  fro m th e link s tha t  i n thi s mode l  whethe r  on e shoul d 
expec t  t o ge t  cu e competitio n fo r  effects ,  depend s upo n th e 
directio n o f  reasoning .  Fo r  Phas e I I  alone ,  equa l  weight s ar e 
learne d amon g al l  th e cause s an d effect s (.76) .  However , 
when Phas e I  i s  presente d first ,  followe d b y Phas e II ,  th e 
result s ar e quit e different ,  predictin g a  cu e competitio n effec t 
fo r  effect s o r  consequences .  First ,  ther e ar e stron g weight s 
fro m th e caus e A  t o bot h effect s X  an d Y ,  althoug h th e 
weigh t  i s twic e a s stron g fro m A  t o Y  (1.5 3 vs .  .76) . 
However ,  i n th e revers e direction ,  th e weigh t  fro m X  t o A  i s 
0,  whil e th e weigh t  fro m Y  t o A  i s 1.53 .  A n d whe n w e 
examin e th e resultin g activation s (Se e Tabl e 3 )  whe n eac h o f 
th e cause s an d effect s ar e tested ,  w e ge t  stron g evidenc e fo r 
cue competitio n i n backwar d reasonin g fro m effect s t o 
causes ,  bu t  no t  i n forwar d reasonin g fro m cause s t o effects . 
When effec t  X  i s turne d on ,  neithe r  caus e A  no r  effec t  Y  i s 
activate d a t  all .  I n contrast ,  whe n effec t  Y  i s turne d on ,  bot h 
caus e A  an d effec t  X  ar e activated .  Further ,  whe n caus e A  i s 
activated ,  effect s X  an d Y  hav e almos t  identica l  activations , 
althoug h Y  i s slightl y higher .  Thus ,  ther e i s stron g evidenc e 
fo r  cu e competitio n whe n reasonin g backward ,  fro m effec t  t o 
cause ,  bu t  no t  whe n reasonin g forward ,  fro m caus e t o effect . 
Thus ,  thi s mode l  suggest s tha t  whethe r  on e get s cu e 
competitio n fo r  effect s wil l  depen d o n th e directio n o f 
reasoning . 

.7 6 /  \  .7 6 .1.53 / 

Phase I  alon e Phas e I ,  the n Phas e I I 

Figure 1: Weights for Cue Competition Simulation 

Tabl e 3 :  Outpu t  Activation s fo r  Cu e Competitio n 
Simulatio n 

Simulatio n 

Phase I I  alon e 

Phase I  followe d 
by Phas e I I 

Unit s 
Teste d 

A 
X 
Y 

A 
X 
Y 

Resultin g 
A 

.5 5 

.2 9 

.2 9 

.5 8 

.0 0 

.3 9 

activation s for : 
X Y 

.2 9 

.5 5 

.2 9 

.3 2 

.4 8 

.3 2 

.2 9 

.2 9 

.5 5 

.3 9 

.0 0 

.5 8 

Represent s Learn in g o f  a n d Reason in g wit h 
Relation s betwee n Causes . 

As w e note d above ,  Rescorla-Wagne r  an d feedforwar d model s 
canno t  directl y captur e relation s betwee n causes ,  bu t  onl y 

r»-lation s betwee n caus e an d effect .  A s a  result ,  w e argu e tha t 
feedforwar d model s ar e unabl e t o captur e Discountin g an d 
Augmentin g (Jone s &  Davis ,  1965 ;  Kelley ,  1971) ,  althoug h 
Iccdbac k model s can . 

A numbe r  o f  author s (e.g. .  Baker ,  Mercier ,  Vall̂ e -
Tourangeau ,  Frank ,  &  Pan ,  1993 ;  Shanks ,  1985 ,  I99I ; 
Vallde-Tourangeau ,  Baker ,  &  Mercier ,  1994 ;  Va n Overwall e 
& Va n Rooy ,  1998 )  hav e suggeste d tha t  a  feedforwar d mode l 
wit h delt a rul e learnin g ca n handl e th e Discountin g an d 
Augmentin g principle s identifie d b y Kelle y (1971 )  an d Jone s 
and Davi s (1965) .  Th e clai m i s tha t  Discountin g i s th e sam e 
as Blockin g foun d i n studie s o f  anima l  learning ,  an d 
Augmentin g i s th e sam e a s Super-conditioning .  However , 
despit e thei r  apparen t  similarit y th e underlyin g processin g 
mechanism s fo r  th e tw o set s o f  phenomen a ar e quit e 
different .  Moreover ,  feedforwar d model s lac k th e necessar y 
mechanis m fo r  capturin g discountin g an d augmenting ,  a s 
the y lac k th e abilit y t o represen t  relation s a m o n g causes , 
whic h w e argu e i s critica l  fo r  capturin g thes e effects. . 

I n Blocking ,  i f  th e organis m firs t  learn s tha t  A  i s strongl y 
associate d wit h effec t  X ,  whe n i t  i s  late r  presente d example s 
of  B  an d A  covaryin g wit h X ,  th e organis m fail s t o lear n 
th e ne w associatio n betwee n B  an d X .  I n term s o f  erro r 
correctin g learning ,  suc h a s th e delta-rule ,  onc e X  i s strongl y 
predicte d b y A ,  whe n A  an d B  ar e subsequentl y paire d wit h 
X,  ther e i s littl e discrepanc y betwee n th e actua l  an d predicte d 
valu e o f  X  (n o error )  an d therefor e littl e chang e i s mad e i n 
th e weigh t  fro m B  t o X . 

Thus ,  Blockin g clearl y deal s wit h competitio n i n th e 
initia l  learnin g o f  th e causa l  links .  I n contrast .  Discountin g 
i n th e huma n literatur e clearl y deal s wit h competitio n 
among alread y learne d causa l  explanations .  Kelle y (I97I ) 
and Jone s an d Davi s (1965 )  wer e considerin g adult s w h o 
wer e relyin g o n alread y learne d an d activate d knowledge .  Fo r 
instance ,  conside r  adult s w h o ar e tol d tha t  a  w o m a n wrot e a 
pro-abortio n essa y afte r  bein g assigne d t o th e positio n b y 
her  debat e coach .  Becaus e o f  th e assignment ,  the y shoul d 
discoun t  a  pro-abortio n attitud e a s a  caus e o f  he r  behavior . 
Thes e adult s alread y kno w tha t  bot h a  pro-abortio n attitud e 
and th e assignmen t  b y th e coac h ar e possibl e explanation s 
fo r  th e behavior .  The y ar e no t  learnin g thes e relationship s 
fo r  th e firs t  time .  Thus ,  i n contras t  t o Blocking , 
Discountin g doe s no t  refe r  t o th e failur e t o lear n a  causa l 
link ,  bu t  rathe r  reasonin g o n th e basi s o f  alread y learne d 
causa l  knowledge . 

What  change s i n th e typica l  Discountin g situatio n i s 
informatio n abou t  th e availabilit y o r  presenc e o f  a  potentia l 
caus e i n a  particula r  situation .  Bot h McClur e (1998 )  an d 
Morri s an d Larric k (1996 )  hav e argue d tha t  th e degre e o f 
discountin g betwee n tw o cause s i s a  functio n o f  th e exten t 
t o whic h the y ar e positivel y o r  negativel y related . 
Discountin g ca n b e handle d i n a n auto-associativ e mode l  b y 
assumin g tha t  ther e i s a n inhibitor y lin k betwee n competin g 
explanation s (Rea d &  Miller ,  1993 ;  Rea d &  Marcus -
Newhall ,  1993 )  (Thi s canno t  b e don e i n a  feedforwar d 
model) .  Becaus e o f  th e inhibitor y link ,  increase d availabilit y 
of  a  plausibl e alternativ e wil l  reduc e th e activatio n o f  th e 
othe r  explanation .  Thus ,  w e aren' t  lookin g a t  competitio n 
fo r  learnin g o f  links ,  bu t  rathe r  a t  competitio n fo r  th e 
activatio n o f  concept s wit h previousl y learne d causa l  links . 
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N o w conside r  Supe r  conditionin g an d it s relatio n t o 
Augmenting .  I f  th e organis m learn s tha t  A  i s followe d h y 
X,  bu t  A  an d B  togethe r  ar e no t  followe d b y X ,  the n B 
develop s a  negativ e o r  inhibitor y relationshi p wit h X .  I f  th e 
organis m the n learn s tha t  D  an d B  togethe r  ar e followe d b y 
X,  the n th e relationshi p betwee n D  an d X  become s stronge r 
tha n i t  woul d hav e bee n i f  B  ha d no t  firs t  develope d a 
negativ e relationshi p wit h X .  Again ,  althoug h thi s 
phenomen a i s simila r  t o Augmenting ,  i t  i s  no t  th e sam e 
thing .  Augmentin g deal s wit h inhibitio n betwee n a n alread y 
learne d caus e an d effect ,  wherea s Super-conditionin g i s base d 
on inhibitio n i n th e initia l  learnin g o f  causa l  relationships . 
For  example ,  suppos e w e ar e tol d tha t  someon e go t  a n A  o n 
an extremel y difficul t  exam .  W e us e ou r  preexistin g causa l 
knowledg e t o infe r  tha t  th e individua l  mus t  b e quit e smart . 
We ar e clearl y no t  learnin g fo r  th e firs t  tim e tha t  someon e 
w ho ca n overcom e a  majo r  barrie r  mus t  posses s a 
considerabl e amoun t  o f  th e relevan t  ability ,  whic h i s wha t 
Super-conditionin g woul d b e concerne d with .  Clearly ,  ther e 
i s a  critica l  distinctio n betwee n th e initia l  acquisitio n o f 
informatio n an d th e way s i n whic h i t  i s  late r  used . 

Morri s an d Larric k (1996 )  mak e a  simila r  distinction . 
The y not e tha t  i n model s o f  causa l  reasoning ,  ther e i s a 
distinctio n betwee n inductio n o r  th e initia l  acquisitio n o f 
causa l  knowledge ,  an d reasonin g o r  attribution ,  th e actua l 
use o f  tha t  knowledge .  Fo r  instance ,  Kelley' s (1971 ) 
A N O VA cub e mode l  i s  a  mode l  o f  th e acquisitio n o f  causa l 
knowledge ,  wherea s hi s causa l  schem a mode l  i s a  mode l  o f 
th e us e o f  pre-existin g knowledg e fo r  reasoning . 

Thus ,  th e tw o type s o f  phenomen a ar e fundamentall y 
differen t  i n term s o f  th e underlyin g processin g mechanisms . 
Blockin g an d Super-conditionin g dea l  wit h competitio n fo r 
weigh t  strengt h i n th e learnin g o f  ne w causa l  relations , 
wherea s Discountin g an d Augmentin g dea l  wit h competitio n 
fo r  activatio n i n th e us e o f  alread y learne d causa l  relations . 
Thes e ar e quit e differen t  processes .  An d a s w e noted ,  a 
feedforwar d mode l  i s unabl e t o captur e a  situatio n i n whic h 
th e causa l  mechanis m depend s o n link s amon g causes . 

Summary 
I n thi s pape r  w e hav e demonstrate d tha t  a  feedbac k o r 
recurrent ,  auto-associativ e mode l  ca n captur e severa l 
importan t  aspect s o f  causa l  learnin g an d causa l  reasonin g 
tha t  canno t  b e handle d b y th e feedforwar d model s tha t  hav e 
bee n th e typica l  focu s o f  investigation .  First ,  ou r  mode l  ca n 
lear n asymmetri c relation s betwee n caus e an d effect .  Second , 
i t  ca n reaso n i n bot h direction s betwee n caus e an d effect .  A s 
a resul t  i t  ca n represen t  a n importan t  distinctio n i n causa l 
reasoning ,  th e differenc e betwee n necessar y an d sufficien t 
causes .  Third ,  becaus e th e node s i n th e networ k ar e totall y 
interconnected ,  i t  ca n represen t  cu e competitio n amon g 
effects ,  somethin g whic h ca n onl y b e don e wit h feedforwar d 
model s b y assumin g tha t  tw o separat e network s ar e learned , 
a highl y no n parsimoniou s assumption .  Finally ,  w e argu e 
tha t  contrar y t o previou s claims ,  a  feedforwar d mode l  canno t 
handl e Discountin g an d Augmentin g i n causa l  reasoning . 
However ,  a  feedforwar d mode l  can .  Th e succes s o f  ou r 
feedbac k mode l  suggest s tha t  researcher s shoul d focu s mor e 
energ y o n th e capabilitie s o f  suc h model s o f  causa l  learnin g 
and reasoning . 
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