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Abstrac t 

Category learning is often seen as a process of inductive gener-
alizatio n fro m a  se t  o f  class-labele d exemplars .  H u m a n learn -
ers ,  however ,  ofte n receiv e direc t  instructio n concernin g th e 
structur e o f  a  categor y befor e bein g presente d wit h examples. 
Such explici t  knowledg e ma y ofte n b e smoothl y integrate d 
wit h knowledg e garnere d b y exposur e t o instances ,  bu t  som e 
interferenc e effect s hav e bee n observed .  Specifically ,  error s 
i n instructe d rul e followin g ma y sometime s aris e afte r  th e re -
peate d presentatio n o f  correctl y labele d exemplars .  Despit e 
perfec t  consistenc y betwee n instanc e label s an d th e provide d 
mle ,  suc h inductiv e trainin g ca n driv e categorizatio n behavio r 
away fro m ml e followin g an d toward s a  mor e prototype-base d 
or  instance-base d pattern .  I n thi s pape r  w e presen t  a  genera l 
connectionis t  mode l  o f  instructe d categor y learnin g whic h cap -
ture s thi s kin d o f  interferenc e effect .  W e mode l  instmctio n a s a 
sequenc e o f  input s t o a  networ k whic h transform s suc h advic e 
int o a  modulatin g forc e o n classificatio n behavior .  Exemplar -
base d learnin g i s modele d i n th e usua l  way :  a s weigh t  modifi -
catio n vi a backpropagation .  Th e propose d architectur e allow s 
thes e tw o source s o f  informatio n t o interac t  i n a  psychologi -
call y plausibl e manne r  Simulatio n result s ar e provide d o n a 
simpl e instructe d categor y learnin g task ,  an d thes e result s ar e 
compare d wit h huma n performanc e o n th e sam e task . 

Introduction 

Investigations into concept formation have often focused on 
th e learnin g o f  categor y structur e solel y throug h exposur e t o 
labele d exemplars .  Indeed ,  m u c h o f  th e succes s o f  connec -
tionis t  learnin g model s m a y b e attribute d t o thei r  abilit y  t o per -
for m exactl y thi s sor t  o f  statistica l  induction .  H u m a n learner s 
ofte n nee d no t  rel y solel y o n exemplars ,  however ,  t o formu -
lat e a n understandin g o f  a  concept .  Th e presenc e o f  languag e 
allow s u s t o lear n fro m th e direc t  instructio n provide d b y oth -
ers .  Suc h explici t  advic e m a y simpl y direc t  ou r  attentio n t o 
relevan t  features ,  o r  i t  m a y actuall y spel l  ou t  necessar y and/o r 
sufficien t  condition s fo r  membershi p i n a  category .  Learnin g 
"b y bein g told "  m a y facilitat e a n otherwis e exemplar-base d 
learnin g task ,  enablin g a  multistrateg y approac h integratin g 
inductio n an d instruction . 

S o me form s o f  advic e m a y b e see n a s explicitl y  providing 
categorizatio n rule s t o th e learner .  W h e n viewe d i n thi s way , 
th e integratio n o f  exemplar-base d inductio n an d direc t  instruc -
tio n begin s t o resembl e anothe r  for m o f  integratio n discusse d 
i n th e categor y learnin g literature .  Sometime s h u m a n subject s 
presente d wit h labele d exemplar s appea r  t o induc e explici t 
classificatio n rules ,  an d sometime s induce d categor y struc -
ture s ar e bette r  capture d b y prototype-base d o r  instance-base d 

representations .  M u c h evidenc e ha s bee n gathere d suggestin g 
tha t  thes e tw o kind s o f  categor y representatio n resul t  fro m tw o 
dissociabl e learnin g mechanism s (Shank s &  St .  John ,  1994) , 
so a  questio n arise s a s t o h o w thes e tw o processe s ar e in -
tegrate d i n c o m m o n learnin g tasks .  I n term s o f  instructe d 
categor y learning ,  thi s questio n become s on e o f  h o w cate -
gorizatio n rule s provide d b y direc t  instructio n interac t  wit h 
exemplar-base d knowledg e t o for m a  learne d categor y struc -
ture . 

Thi s wor k focuse s o n on e particula r  interferenc e phe -
nomenon whic h ha s manifeste d itsel f  i n instructe d categor y 
learnin g studie s (Alle n &  Brooks ,  1991 ;  Nosofsk y e t  al. , 
1989) .  Specifically ,  subject s initiall y  provide d wit h a n ex -
plici t  classificatio n rul e m a y begi n t o violat e tha t  rul e afte r 
th e presentatio n o f  correctl y labele d exemplars .  Whi l e non e 
of  th e presente d example s contradic t  th e instructe d rul e i n 
an y way ,  similarit y betwee n instance s drive s subjec t  behavio r 
away fro m rul e followin g an d toward s a  mor e prototype-base d 
or  instance-base d pattern .  I t  appears ,  i n thes e experiments , 
as i f  a n exemplar-base d inductiv e learnin g proces s i s directl y 
interferin g wit h a n instruction-base d rul e applicatio n process . 

Th e goa l  o f  thi s pape r  i s t o demonstrat e tha t  ou r  previousl y 
propose d connectionis t  mode l  o f  instructe d learnin g (Noell e & 
Cottrell ,  1995 )  m a y captur e an d accoun t  fo r  thi s interferenc e 
effect .  T o thi s end ,  w e discus s on e psychologica l  experimen t 
i n whic h thi s phenomeno n ha s appeared ,  revie w ou r  modelin g 
framewor k fo r  instructe d learning ,  an d presen t  th e result s o f 
applyin g ou r  mode l  t o th e discusse d experimenta l  domain . 

An Interference Effect 

In the category learning literature a debate has raged over 
th e interna l  representatio n o f  inductivel y learne d categories . 
S o me vie w thes e a s simpl e sententia l  rule s whic h ar e acquire d 
i n respons e t o experience .  Other s vie w categorie s a s region s 
i n som e featur e space ,  wit h regio n boundarie s determine d b y 
some similarit y measur e an d a  collectio n o f  remembere d ex -
emplar s o r  prototypes .  I n orde r  t o tes t  thes e tw o competin g 
views ,  Nosofsky ,  Clark ,  an d Shi n (1989 )  designe d an d con -
ducte d a  numbe r  o f  elegan t  experiments .  The y use d a  se t  o f 
stimul i  wit h tw o pertinen t  continuou s feature s -  th e siz e o f  a 
circl e an d th e angl e o f  rotatio n o f  a  radia l  line .  Thes e object s 
m ay b e plotte d a s point s i n a  tw o dimensiona l  featur e space , 
as i n Figur e 1 .  I n tha t  diagram ,  eac h lette r  correspond s t o 
a potentia l  stimulu s object ,  an d th e letter s enclose d b y smal l 
polygon s ar e object s whic h wer e presente d a s labele d trainin g 
exemplars .  Th e tw o enclosin g shapes ,  triangle s an d squares , 
correspon d t o categor y label s fo r  tw o disjoin t  categories .  W e 
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Figur e 1 :  T w o Categories :  Trainin g Exemplars ,  Featur e Space ,  A n d Frequenc y O f  Classificatio n Int o Th e "Triangle "  Categor y 
For  Bot h Instructe d A n d Uninstructe d Subject s 

m ay imagin e tha t  distanc e i n thi s featur e spac e correspond s t o 
perceive d "similarity "  betwee n objects .  H o w shoul d objec t 
"P "  b e classified ? I f  similarit y i s use d t o defin e categories , 
objec t  " P "  wil l  b e place d i n th e "square "  category ,  du e t o 
it s clos e proximit y t o exempla r  "K" .  I f  som e for m o f  mini -
m um descriptio n lengt h sententia l  rul e i s use d instea d (e.g. , 
a rul e fo r  th e triangl e clas s i s " t i n y o r  h u g e o r  155 ° 
r o t  a t  i o n "  -  show n a s a  dotte d box) ,  the n thi s objec t  wil l  b e 
labele d a s a  "triangle" .  Thus ,  classificatio n behavio r  o n nove l 
object s ca n infor m exploration s int o th e structur e o f  interna l 
categor y representations . 

I n on e experiment ,  Nosofsk y an d hi s colleague s compare d 
subject s w h o wer e explicitl y  tol d a  sententia l  categorizatio n 
rul e befor e bein g expose d t o th e trainin g exemplar s wit h sub -
ject s w h o depende d solel y o n th e exemplar s t o formulat e cat -
egor y boundaries .  I n general ,  th e explicitl y  instructe d sub -
ject s exhibite d rul e governe d classificatio n behavior ,  wherea s 
th e uninstructe d subject s matche d a  similarity-base d model . 
However ,  instructe d subject s sometime s deviate d fro m thei r 
rule-base d behavio r  whe n classifyin g object s highl y simila r 
t o trainin g exemplar s fro m th e opposit e category . 

Th e situatio n depicte d i n Figur e 1  produce d th e mos t  strik -
in g results .  Subject s wer e instructe d t o classif y object s a s 
bein g member s o f  th e "triangle "  categor y i f  an d onl y i f  the y 
fit  th e give n disjunctiv e rule .  Followin g thi s instruction ,  th e 
subject s receive d 30 0 rando m presentation s o f  th e seve n train -
in g exemplars ,  an d the y wer e aske d t o classif y eac h o f  them . 
Afte r  eac h selection ,  th e subject s wer e tol d th e tru e categor y 
of  th e trainin g exemplar ,  an d th e nex t  objec t  wa s presented . 
U p on completio n o f  thi s trainin g period ,  th e subject s wer e 
teste d o n th e entir e collectio n o f  1 6 objects .  Th e final  mea n 
frequencie s o f  classifyin g object s a s member s o f  th e "trian -
gle "  categor y ar e displaye d a s percentage s i n Figur e 1 ,  alon g 
wit h th e sam e frequencie s fo r  subject s w h o receive d n o ex -
plici t  classificatio n rul e befor e bein g presente d wit h labele d 

exemplars .  O f  particula r  not e her e i s objec t  "O" ,  whic h in -
structe d subject s tende d t o plac e i n th e "square "  categor y 
mor e ofte n tha n not ,  despit e th e fac t  tha t  suc h classificatio n 
violate d th e give n rule .  Not e th e lo w frequenc y wit h whic h 
uninstructe d suhiect s identifie d thi s objec t  a s a  member  o f  th e 
"triangle "  category .  I t  woul d see m tha t  th e sam e inductiv e 
proces s whic h cause d thi s respons e i n th e uninstructe d sub -
ject s ha s interfere d wit h th e rul e processin g o f  th e instructe d 
subjects .  Ou r  goa l  i s  t o sho w tha t  a n interferenc e effec t  o f 
thi s typ e m a y b e explaine d b y ou r  connectionis t  model . 

A Connectionist Model 

The modeling approach we advocate here is based on our con-
nectionis t  mode l  o f  learnin g "b y bein g told "  (Noell e &  Cot -
trell ,  1995) .  Thi s mode l  arise s fro m th e recognitio n tha t  th e 
weigh t  updat e technique s typicall y use d fo r  inductiv e learnin g 
i n artificia l  neura l  network s ar e simpl y to o slo w t o accoun t  fo r 
th e hig h spee d o f  behavio r  chang e whic h occur s i n respons e t o 
direc t  instruction .  Activatio n propagatio n i n suc h networks , 
on th e othe r  hand ,  i s quit e fast .  W e sugges t  tha t  instructe d 
learnin g i s properl y see n a s a  proces s i n whic h presente d ad -
\ic e pushe s th e activatio n stat e o f  par t  o f  th e cognitiv e syste m 
int o a  nove l  basi n o f  attractio n -  a  stabl e regio n o f  activa -
tio n spac e whic h encode s th e prope r  operationalizatio n o f  th e 
give n advice .  Suc h nove l  attractors ,  correspondin g t o newl y 
receive d instructions ,  com e int o existenc e throug h th e com -
ponentia l  interactio n o f  basin s sculpte d vi a pas t  experienc e 
wit h th e instructiona l  languag e (Plan t  &  McClelland ,  1993) . 
Under  thi s view ,  advic e i s see n a s a  sequenc e o f  inpu t  activity , 
presente d t o a  networ k whic h transform s suc h sequence s int o 
appropriat e behavior . 

Our  propose d genera l  architectur e i s show n i n Figur e 2 ,  o n 
th e left .  Th e boxe s i n tha t  diagra m represen t  layer s o f  sig -
moida l  processin g element s an d arrow s represen t  complet e 
interconnection s betwee n layers .  Categorizatio n rule s ar e en -
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Figur e 2 :  Instructabl e Network :  Genera l  Architectur e &  Isolate d Categorizatio n Networ k 

code d a s sequence s o f  instructio n token s whic h ar e presented , 
one a t  a  time ,  a t  th e advic e inpu t  layer .  Activatio n i s the n 
propagate d throug h th e recurren t  "Pla n Network "  t o produc e 
a stabl e patter n o f  activatio n a t  th e pla n layer .  Th e pla n i s 
the n use d t o modulat e th e behavio r  o f  a  simpl e feed-forwar d 
"Categorizatio n Network" ,  causin g th e mappin g fro m stim -
ulus/(?a/ure. y t o outpu t  categorie s t o exactl y matc h th e rul e 
specifie d b y th e inpu t  advice . 

Initially ,  thi s networ k mus t  b e inductivel y traine d t o un -
derstan d th e languag e o f  instruction .  Thi s m a y b e accom -
plishe d usin g a  versio n o f  backpropagatio n throug h tim e 
(BPTT )  (Rumelhar t  e t  al. ,  1986 )  i n whic h erro r  i s backpropa -
gate d fo r  onl y a  singl e tim e step ,  m u c h a s i s don e fo r  Simpl e 
Recurren t  Network s (Elman ,  1990) .  A  trainin g regime n simi -
la r  t o tha t  use d b y th e architecturall y simila r  Sentenc e Gestal t 
networ k (St .  Joh n &  McClelland ,  1990 )  m a y b e used ,  requir -
in g a n externa l  erro r  signa l  onl y a t  th e final  outpu t  layer .  Th e 
outpu t  unit s encod e categorizatio n judgement s fo r  specifi c 
inpu t  stimul i  i n th e contex t  o f  instruction s presente d a t  th e ad -
vic e layer .  B y backpropagatin g erro r  fro m th e final  categor y 
output s i n thi s way ,  th e interna l  representatio n o f  instructio n 
sequences ,  maintaine d a t  ihepla n layer ,  m a y b e learne d i n th e 
servic e o f  th e categorizatio n tas k (St .  John ,  1992) .  Onc e th e 
networ k ha s learne d t o represen t  advic e a t  th e pla n layer ,  n o 
furthe r  weigh t  modification s ar e neede d t o exhibi t  immediat e 
behavio r  chang e i n respons e t o instruction . 

Thi s i s th e poin t  a t  whic h inductio n an d instructio n be -
come integrate d i n thi s model .  Whil e furthe r  inductiv e weigh t 
update s ar e no t  neede d i n orde r  t o exhibi t  instructe d behav -
ior ,  suc h inductiv e learnin g m a y commenc e nonetheless .  In -
deed ,  inductiv e weigh t  modificatio n i n th e "Categorizatio n 
Network "  provide s a  mean s fo r  rul e followin g an d exemplar -
base d inductio n t o interact .  Modulatin g activatio n fro m th e 
pla n laye r  wil l  bia s th e networ k t o ac t  i n accordanc e wit h 
instructions ,  bu t  furthe r  exemplar-base d erro r  feedbac k m a y 
modif y weight s s o a s t o violat e th e instructe d rule . 

Whil e th e initia l  learnin g o f  a n instructiona l  languag e i s 
an importan t  componen t  o f  ou r  genera l  model ,  th e issu e o f 
interferenc e effect s betwee n exemplar-base d inductio n an d 
instructe d rul e followin g i s relativel y orthogona l  t o h o w th e 
instructiona l  languag e i s acquired .  I n orde r  t o focus ,  then , 
on interactio n effects ,  w e hav e modele d th e instructe d cate -

gor y learnin g tas k usin g th e "Categorizatio n Network "  alone . 
We hav e fabricate d a n arbitrar y representationa l  forma t  fo r 
th e pla n layer ,  allowin g u s t o replac e th e "Pla n Network " 
wit h th e direc t  presentatio n o f  encode d categorizatio n rule s t o 
th e "Categorizatio n Network" .  S o m e trainin g i n th e instruc -
tiona l  languag e i s stil l  necessar y fo r  th e networ k t o discove r 
th e "meaning "  o f  ou r  pla n laye r  encoding ,  bu t  thi s initia l 
preparatio n i s m u c h mor e rapi d tha n w h e n th e recurren t  "Pla n 
Network "  mus t  b e traine d simultaneously .  Still ,  w e assum e 
tha t  somethin g simila r  t o ou r  pla n laye r  representatio n coul d 
be generate d b y th e "Pla n Network "  fro m linguisti c input , 
give n sufficien t  training . 

The resulting categorization network is shown in Figure 2, 
on th e right .  Disjunctiv e categorizatio n rule s wer e encode d 
int o a  te n elemen t  pla n usin g a  bit-vecto r  representatio n fo r 
th e se t  o f  rul e terms .  Th e first  pla n uni t  wa s use d t o indicat e 
i f  th e give n disjunctiv e rul e wa s t o describ e th e member s o f 
th e "square "  categor y o r  o f  th e "triangle "  category .  Th e nex t 
eigh t  unit s wer e use d t o encod e th e actua l  rule ,  wit h eac h uni t 
correspondin g t o on e o f  th e fou r  level s o f  "size "  o r  t o on e o f 
th e fou r  level s o f  "angle" .  I f  a  give n "size "  uni t  wa s turne d 
on ,  thi s implie d tha t  th e rul e covere d al l  stimul i  o f  tha t  size , 
and a  simila r  cod e wa s use d ove r  th e "angle "  units .  Activat -
in g multipl e unit s produce d disjunctiv e rules ,  s o th e rul e i n 
Figur e 1  require d th e activatio n o f  th e thre e units :  "siz e = 
tiny" ,  "siz e =  huge" ,  an d "angl e =  155°" .  T h e las t  uni t  i n th e 
pla n vecto r  wa s use d t o signa l  th e absenc e o f  an y rul e -  th e 
uninstructe d case .  W h e n n o rul e wa s available ,  thi s las t  uni t 
was turne d o n an d th e activit y o f  th e othe r  nin e pla n unit s wa s 
set  t o a  media l  valu e (i.e. ,  0.5) .  Unlik e th e quasi-binar y p/a « 
laye r  encoding ,  th e tw o feature s o f  observe d stimuli ,  siz e an d 
angle ,  wer e presente d t o th e networ k i n a  continuou s fashion . 
O ne inpu t  uni t  wa s availabl e fo r  eac h o f  th e features ,  an d eac h 
uni t  coul d tak e o n on e o f  fou r  ranke d values :  0 ,  j ,  j.orl .  Th e 
networ k possesse d tw o outpu t  unit s -  on e fo r  eac h category . 
Th e activatio n level s a t  thes e output s wher e normalize d int o 
conditiona l  clas s probabilitie s usin g Luc e ratio s (Luce ,  1963) . 
Th e hidde n laye r  consiste d o f  eigh t  processin g elements .  Th e 
resul t  wa s a  networ k whic h produce d probabilisti c  categoriza -
tio n judgement s fro m tw o continuou s feature s an d a n encod -
in g o f  a n instructe d classificatio n rul e (o r  th e absenc e o f  suc h 
a rule) . 

477 



Rul e Followin g 

•  / ) \  7 5 9 4 9 9 i 

27 [w j  QT |  i  9 7 i 

2,  [Ti ]  M l/X i 

:  /»i \  6 7 /88 \  9 9 : 

Instructe d 

i  /95 \  4 8 6 4 9 9 ; 

?8 [w ]  Qio ]  •  8 5 ; 

^  ^  A  ^  S 
48 [0 8 2 0 ;/9iŝ : 
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Thi s networ k wa s initiall y  traine d o n th e complet e col -
lectio n o f  possibl e disjunctiv e classificatio n rules ,  i n orde r 
t o encourag e th e prope r  understandin g o f  th e rul e encodin g 
format .  Th e eigh t  input s whic h corresponde d t o rul e term s 
allowe d fo r  2 *  =  25 6 possibl e disjunctiv e clauses ,  an d eac h 
of  thes e coul d b e use d t o describ e eithe r  th e "triangle "  cate -
gor y o r  th e "square "  category ,  fo r  a  tota l  o f  25 6 x  2  =  51 2 
possibl e classificatio n rules .  I n addition ,  th e networ k expe -
rience d eac h o f  thes e pattern s wit h th e rul e remove d (i.e. , 
withou t  instruction )  s o tha t  i t  associate d th e "n o rule "  inpu t 
uni t  wit h a n uninforme d 50/5 0 chanc e fo r  eithe r  category . 
Durin g thi s initia l  trainin g phas e al l  1 6 stimulu s object s wer e 
presente d alongsid e eac h categorizatio n rule ,  resultin g i n a 
tota l  o f 5 1 2 x 2 x l 6 = 1638 4 pattern s use d t o trai n th e 
networ k i n th e instructiona l  language .  Thes e pattern s wer e 
presente d t o th e networ k i n rando m ordering s fo r  20 0 epoch s 
(i.e. ,  passe s throug h th e entir e trainin g set) .  Standar d incre -
menta l  (non-batch )  backpropagatio n o f  mea n square d erro r 
was used ,  wit h activatio n level s rangin g betwee n 0. 0 an d 1.0 , 
a learnin g rat e o f  0.05 ,  an d n o m o m e n t u m .  Th e terminatio n 
at  20 0 epoch s wa s arbitrary ,  bein g a  poin t  a t  whic h instructio n 
followin g behavio r  wa s good ,  bu t  no t  perfect. ' 

I n orde r  t o observ e interactio n effects ,  thi s networ k wa s 
the n expose d t o furthe r  inductiv e trainin g i n a  particula r  clas -
sificatio n o f  th e objects .  Specifically ,  furthe r  trainin g o f  th e 
networ k involve d onl y th e seve n trainin g exemplar s show n 
i n Figur e 1 .  Thi s trainin g wa s conducte d separatel y unde r 
tw o condition s o f  instruction :  uninstructe d an d instructed .  I n 
th e uninstructe d case ,  th e inpu t  pla n laye r  wa s se t  t o th e "n o 
rule "  configuratio n fo r  th e duratio n o f  thi s training .  I n th e 
instructe d case ,  th e inputp/a n laye r  wa s se t  t o th e disjunctiv e 
rul e show n i n Figur e 1  fo r  th e duratio n o f  thi s training .  I n 
bot h cases ,  trainin g o n th e seve n exemplar s wa s conducte d 
usin g standar d incrementa l  (non-batch )  backpropagatio n o f 
mean square d erro r  wit h a  ver y hig h learnin g rat e (0.5 )  fo r 
30 0 epochs .  Th e hig h learnin g rat e wa s neede d t o produc e 
significan t  learnin g ove r  a  smal l  numbe r  o f  patter n presenta -
tions . 

Th e classificatio n performanc e wa s recorde d o n al l  1 6 stim -
ul i  i n fou r  distinc t  networ k states :  Guessin g (immediatel y 
afte r  initia l  training ,  give n n o rul e t o follo w -  shoul d b e 
guessin g 50/5 0 categor y assignments) .  Rul e Followin g (im -
mediatel y afte r  initia l  training ,  give n th e appropriat e rul e t o 
follow) ,  Uninstructe d (traine d o n th e seve n exemplars ,  bu t 

'Thi s terminatio n poin t  i s  discusse d furthe r  i n ou r  closin g 
discussion . 

give n n o explici t  rule) ,  an d Instructe d (traine d o n th e seve n 
exemplar s wit h th e appropriat e rul e a t  ih e pla n layer) .  Th e ba -
si c hypothesi s wa s tha t  th e behavio r  o f  th e instructe d networ k 
woul d deviat e fro m th e behavio r  o f  th e initia l  rul e followin g 
networ k i n a  manne r  whic h brough t  i t  close r  t o tha t  o f  th e 
uninstructe d network . 

As anothe r  baseline ,  a  networ k o f  thi s kin d wa s expose d 
t o th e seve n trainin g exemplar s withou t  an y initia l  trainin g 
i n th e instructiona l  language .  Thi s "uninstructable "  networ k 
was traine d fo r  60 0 epoch s a t  a  ver y hig h learnin g rat e (0.5 ) 
wit h th e pla n laye r  alway s se t  i n th e "n o rule "  configuration . 
Thi s provide d a  vie w o f  h o w th e categor y partition s woul d 
be forme d i f  n o knowledg e o f  th e instructiona l  languag e wa s 
availabl e a t  all . 

Modeling Results 

Th e result s o f  th e networ k simulation s ar e summarize d i n Fig -
ur e 3 .  Tha t  diagra m display s th e networ k predicte d probabil -
ities ,  expresse d a s percentages ,  o f  th e give n stimulu s object s 
bein g i n th e "triangle "  category .  Th e onl y conditio n no t  ap -
pearin g i n thi s figure  i s th e "guessing "  case ,  unde r  whic h th e 
networ k consistentl y produce d score s betwee n 4 2 % an d 4 6 % , 
showin g a  sligh t  bu t  consisten t  bia s toward s th e "square "  cat -
egory . 

A n examinatio n o f  th e resultin g probabilitie s reveal s th e 
phenomeno n o f  interes t  i n th e behavio r  o f  thes e networks . 
Th e first  cas e o f  interes t  i s  th e differenc e betwee n th e "rul e 
following "  networ k an d th e "instructed "  network .  Recal l  tha t 
th e differenc e betwee n thes e i s tha t  th e "instructed "  networ k 
receive d specifi c  trainin g o n th e 7  exemplars .  Th e classifica -
tio n probabilitie s fo r  a  numbe r  o f  th e object s m o v e markedl y 
away fro m th e "rul e following "  prediction s a s a  resul t  o f 
exemplar-base d training .  Fo r  example ,  objec t  "O" ,  whic h 
showe d th e greates t  chang e fo r  th e huma n subjects ,  drop s 
fro m 9 4 % t o onl y 6 4 % afte r  exposur e t o th e seve n trainin g 
items .  A  simila r  chang e occur s fo r  objec t  "N" ,  whic h move s 
fro m stron g "triangle-ness "  t o uncertainty .  Objec t  "L "  pro -
vide s ye t  anothe r  example ,  an d objec t  "I "  show s a  weake r 
tren d fro m "square "  t o "triangle" .  O n e thin g tha t  i s  surprisin g 
abou t  thes e probabilit y  changes ,  however ,  i s  tha t  the y ar e al l 
wors e tha n th e probabilitie s generate d b y th e "uninstructed " 
network .  Tha t  is ,  ou r  "uninstructed "  networ k follow s rule s to o 
well ,  compare d t o th e huma n data .  Th e outpu t  o f  th e "unin -
structable "  networ k appears ,  a s expected ,  m u c h les s "rule -
like" .  Thi s suggest s tha t  th e behavio r  o f  th e "uninstructed " 
networ k wa s overl y shape d b y it s non-specifi c  experienc e 
wit h th e instructiona l  language .  Tha t  is ,  it s  representationa l 
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vocabular y i s overl y rule-based . 

Discussion 

This demonstration provides some preliminary support to the 
notio n tha t  interferenc e effect s i n instructe d categor y learnin g 
may b e appropriatel y modele d usin g connectionis t  networks . 
The behavio r  o f  th e "instructed "  networ k provide d a  reason -
abl e matc h t o th e huma n data ,  wit h 7  o f  th e 9  tes t  exemplar s 
classifie d i n th e sam e way ,  o n average .  Ther e ar e a  num -
ber  o f  ways ,  however ,  i n whic h thes e simulation s coul d b e 
improved . 

Whil e th e performanc e o f  th e "instructed "  networ k dis -
playe d th e interferenc e effec t  o f  interest ,  th e behavio r  o f  th e 
"uninstructed "  networ k di d no t  matc h th e huma n subject s 
dat a ver y well .  Th e patter n o f  probabilitie s generate d b y thi s 
networ k mor e closel y matche d tha t  o f  th e "rul e following " 
networ k tha n tha t  o f  th e "uninstructable "  network .  Thi s dif -
ferenc e i s particularl y strikin g fo r  object s "L" ,  "N" ,  "O" ,  an d 
"P" .  I t  appear s a s i f  thi s networ k preferre d categorie s describ -
abl e a s disjunctiv e rules . 

I t  i s  no t  surprising ,  i n retrospect ,  tha t  th e uninstructe d net -
wor k produce d rule-lik e behavior ,  sinc e al l  categorie s pre -
sente d t o th e networ k durin g initia l  trainin g i n th e instructiona l 
languag e possesse d th e disjunctiv e rul e structure .  Durin g thi s 
initia l  trainin g phase ,  hidde n unit s wer e recruite d t o encod e 
portion s o f  th e rule-structure d categories ,  an d thes e unit s wer e 
late r  pu t  t o us e b y th e inductiv e learnin g process .  Whil e thi s 
resulte d i n a n "uninstructed "  networ k tha t  produce d behav -
io r  notabl y differen t  tha n tha t  o f  th e uninstructe d subjects ,  i t 
i s  possibl e tha t  w e ar e modelin g a  certai n clas s o f  subjects . 
Nosofsk y an d hi s colleague s note d that ,  ".. .  ther e i s suppor t 
fo r  th e ide a tha t  som e o f  th e categor y learner s di d indee d 
adop t  a  simpl e rule-base d strateg y ..." .  Indeed ,  th e huma n 
dat a ma y reflec t  a n averag e over a bimoda l  distributiono f  sub -
jects :  thos e who ,  lik e th e "uninstructed "  network ,  appeare d 
t o induc e a  rul e an d other s who ,  lik e th e "uninstructable "  net -
work ,  use d a  mor e "similarit y based "  strategy .  Notic e tha t 
an averag e o f  ou r  "uninstructed "  an d "uninstructable "  result s 
provide s a  somewha t  bette r  matc h t o th e uninstructe d huma n 
dat a tha n th e "uninstructed "  networ k alone . 

What  i s surprisin g -  an d thi s i s somethin g fo r  whic h w e 
hav e n o explanatio n -  i s  tha t  exposur e t o th e seve n exem -
plar s cause d th e instructe d networ k t o deviat e fro m th e rul e i t 
was given ,  whil e th e uninstructe d networ k foun d th e correc t 
rul e an d stuc k t o it .  Th e differenc e betwee n thes e network s 
reste d onl y i n th e patter n o f  activatio n presente d a t  th e pla n 
input s durin g exempla r  training .  Thes e input s wer e fixed  fo r 
al l  seve n exemplars ,  s o th e input s acte d lik e a  bia s durin g 
exempla r  exposure .  I n th e instructe d case ,  th e rul e patter n 
was on ,  an d i n th e uninstructe d case ,  th e "n o rule "  patter n i s 
on.  I t  coul d b e tha t  thi s representatio n actuall y cause d mor e 
interferenc e fo r  th e networ k give n a  rule ,  becaus e thes e input s 
coul d b e individuall y combinatoriall y  combine d wit h a  subse t 
of  th e possibl e rules ,  wher e th e "uninstructed "  networ k ha d a 
leve l  playin g field  fro m whic h t o selec t  th e perfec t  rule .  Ou r 
curren t  researc h i s aime d a t  understandin g thi s puzzle . 

I n an y case ,  w e woul d lik e t o ge t  somethin g lik e th e effec t 
of  combinin g th e "uninstructable "  networ k wit h th e "unin -
structed "  networ k i n a  singl e network .  Thi s migh t  b e achieve d 
i n tw o ways .  First ,  initia l  trainin g o n th e instructiona l  lan -

guag e coul d b e intersperse d wit h trainin g o n rando m "natu -
ral" ,  similarity-base d categorie s ove r  th e stimulu s space .  Th e 
networ k woul d b e equippe d wit h additiona l  outpu t  unit s t o 
represen t  th e categor y label s fo r  thes e natura l  categories .  Thi s 
modifie d initia l  trainin g regim e woul d allocat e som e hidde n 
laye r  resource s t o th e tas k o f  representin g th e similarity-base d 
categories ,  an d thes e hidde n unit s coul d the n b e redeploye d 
durin g inductiv e learnin g o n th e seve n trainin g exemplars . 
Alternatively ,  som e hidde n unit s coul d b e architecturall y iso -
late d fro m th e instructio n inputs ,  forcin g the m t o encod e onl y 
similarit y information .  Thi s woul d resul t  i n a  "dua l  route " 
mechanism ,  simila r  i n genera l  configuratio n t o th e rul e en -
hance d A L C O V E mode l  (Kruschk e &  Erickson ,  1994) .  Cat -
egorizatio n instruction s woul d b e allowe d t o modulat e onl y 
"rule-based "  hidde n units ,  leavin g othe r  hidde n unit s unaf -
fecte d b y th e structur e o f  th e instructiona l  language .  I n futur e 
wor k w e wil l  examin e bot h o f  thes e options ,  wit h th e goa l 
of  producin g a  networ k capabl e o f  inducin g bot h natura l  an d 
rule-structure d categories . 

Anothe r  issu e fo r  futur e wor k involve s h o w th e initia l  in -
structiona l  languag e trainin g i s controlled .  W e wer e require d 
t o limi t  th e accurac y o f  th e "rul e following "  networ k b y lim -
itin g th e initia l  trainin g tim e t o 20 0 epochs .  Thi s resulte d i n 
a networ k whic h followe d rule s well ,  bu t  no t  perfectly .  A n 
idea l  "rul e following "  networ k ca n b e develope d b y trainin g 
fo r  100 0 epoch s o r  more ,  bu t  thi s i s undesirable .  Th e lac k o f 
perfectio n i n rul e followin g wa s necessar y fo r  thi s mode l  t o 
work .  Th e reaso n fo r  thi s i s simpl e -  th e networ k tha t  neve r 
makes a  mistak e ha s essentiall y los t  plasticity .  Interferenc e ef -
fect s woul d onl y aris e i f  actua l  weigh t  modification s occurre d 
durin g th e exempla r  base d trainin g phase .  Suc h weigh t  mod -
ification s ar e contingen t  o n a  significan t  erro r  signal .  I f  th e 
networ k follow s rule s perfectly ,  ther e wil l  b e n o erro r  signa l 
and ,  thus ,  n o interferenc e effec t  fro m exempla r  base d training . 

Thi s "trainin g t o sligh t  imperfection "  doe s no t  see m ver y 
cognitivel y realistic .  I t  als o ha s unwante d sid e effects ,  lik e 
th e sligh t  "guessing "  cas e bia s toward s th e "square "  categor y 
whic h wa s no t  correcte d b y epoc h 200 .  Fortunately ,  ther e ar e 
a numbe r  o f  othe r  method s tha t  migh t  allo w u s t o lear n th e 
instructiona l  languag e withou t  destroyin g ou r  erro r  signal .  W e 
coul d introduc e normall y distribute d nois e int o th e networ k 
bot h durin g trainin g an d durin g regula r  use .  Thi s nois e migh t 
be localize d t o th e pla n laye r  o r  t o th e stimul i  features ,  o r 
i t  migh t  b e injecte d int o th e ne t  inpu t  o f  ever y processin g 
element .  Thi s nois e woul d generall y b e average d ou t  ove r 
th e cours e o f  learnin g th e instructiona l  language ,  bu t  i t  woul d 
stil l  introduc e a  non-zer o erro r  signa l  fo r  th e exempla r  base d 
learnin g phase . 

Conclusion 

We have provided some empirical support for the use of our 
connectionis t  mode l  o f  learnin g "b y bein g told "  a s a  mode l 
of  instructe d categor y learning .  I n particular ,  w e hav e show n 
tha t  a n observe d interferenc e effec t  betwee n instructe d rul e 
followin g an d exemplar-base d categor y learnin g arise s natu -
rall y i n thi s model .  Thes e result s als o sugges t  a  connectionis t 
mechanis m throug h whic h bot h rul e governe d categor y struc -
ture s an d "natural "  categorie s m a y b e induce d fro m examples . 
Th e observe d mismatc h betwee n th e "uninstructed "  networ k 
and th e uninstructe d subject s suggest s tha t  w e produce d a 
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model  tha t  i s  overl y biase d toward s rules .  W e ar e currentl y 
pursuin g modification s t o ou r  trainin g procedur e t o correc t 
thi s bias . 
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