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Abstrac t 

We explore the ability of a static connectionist algorithm 
t o mode l  children' s acquisitio n o f  velocity ,  time ,  an d 
distanc e concept s unde r  architecture s o f  differen t  level s o f 
computationa l  power .  Diagnosi s o f  rule s learne d b y 
network s indicate d tha t  stati c network s wer e eithe r  to o 
powerfu l  o r  to o wea k t o captur e th e developmenta l  cours e 
of  children' s concepts .  Network s wit h to o muc h powe r 
misse d intermediat e suges ;  thos e wit h to o littl e powe r 
faile d t o reac h termina l  stages .  Thes e result s wer e robus t 
under  a  variet y o f  learnin g paramete r  values .  W e argu e tha t 
a generativ e connectionis t  algorith m provide s a  bette r 
model  o f  developmen t  o f  thes e concept s b y graduall y 
increasin g represenutiona l  power . 

I n t r o d u c t i o n 

The use of connectionist networks to model cognitive 
developmen t  ha s place d ne w emphasi s o n a  fundamenta l 
questio n i n cognitiv e development :  H o w i s transitio n from 
one stag e t o anothe r  possibl e (Bate s &  Elman ,  1993) ? 
Althoug h man y researcher s (e.g. ,  Plunket t  &  Sinha .  1992 ; 
McClelland ,  1995 )  conclud e tha t  connectio n weigh t 
adjustmen t  ca n accoun t  fo r  transition ,  th e recen t  succes s o f 
model s employin g a  generativ e algorith m question s thi s 
conclusio n (Shultz ,  Schmidt ,  Buckingham ,  &  Mareschal , 
1995) .  Shult z e t  al .  (1995 )  argu e that ,  i n additio n t o weigh t 
adjustment ,  transitio n require s increase s i n non-linea r 
computationa l  powe r  afforde d b y th e recruitmen t  o f  hidde n 
unit s int o th e networ k a s i t  learns .  T o asses s th e importanc e 
of  hidde n uni t  recruitment ,  i n dii s  articl e w e explor e th e 
abilit y o f  a  stati c connectionis t  algorith m t o mode l 
children' s acquisitio n o f  velocit y  (v) ,  tim e (t) ,  an d distanc e 
(d )  concept s an d compar e i t  t o researc h usin g a  generativ e 
connectionis t  algorith m (Buckingha m &  Shultz ,  1994) . 

Development of Velocity, Time, and Distance 

I n classica l  physics ,  velocit y i s define d a s v  =  d+t ,  tim e a s 
I  =  d+v ,  an d distanc e a s d  =  v*r .  Wilkenin g (1981 ,  1982 ) 
designe d task s i n whic h childre n wer e aske d t o infe r  velocity , 
time ,  o r  distanc e give n informatio n abou t  th e othe r  tw o 
dimensions .  Wilkenin g foun d th e followin g regularities :  (1 ) 
I n a  distance-inferenc e task ,  5-year-old s employe d a n additiv e 
rule ,  d  =  t+v ,  wherea s adult s use d th e correc t  multiplicatio n 

rule ,  d  ~  v*r ,  (2 )  i n a  time-inferenc e task ,  10-year-oId s an d 
adult s employe d th e correc t  divisio n nile .  t  =  d-tv ,  wherea s 
5-year-old s use d a  subtractio n rule ,  t  =  d-v ;  an d (3 )  i n a 
velocity-inferenc e task ,  10-year-old s an d adult s use d a 
subtractio n rule ,  v  =  d-t ,  wherea s 5-year-old s use d a n 
identit y rule ,  v  =  d . 

Simulations Using a Generative Algorithm 

Buckingha m an d Shult z (1994 )  modele d th e acquisitio n o f 
velocity ,  time ,  an d distanc e concept s usin g cascade -
correlatio n (Fahlma n &  Lebiere ,  1990) ,  a  generativ e 
connectionis t  algoridtm .  Cascade-correlatio n netwoik s begi n 
wit h a  minima l  topolog y determine d b y th e numbe r  o f  inpu t 
an d outpu t  units ,  withou t  an y hidde n units .  Durin g a n 
outpu t  trainin g phase ,  weight s fro m inpu t  unit s an d an y 
installe d hidde n unit s ar e adjuste d t o minimiz e th e su m o f 
square d erro r  betwee n actua l  an d targe t  outputs .  W h e n erro r 
ca n n o longe r  b e minimized ,  a n inpu t  trainin g phas e begin s 
i n whic h weight s fro m inpu t  unit s t o a  poo l  o f  candidat e 
hidde n unit s ar e adjuste d t o maximiz e th e correlatio n 
betwee n hidde n uni t  activatio n an d outpu t  error .  Th e hidde n 
uni t  tha t  attain s th e highes t  correlatio n i s the n installe d int o 
th e networ k an d outpu t  trainin g recommences . 

Simulatio n result s matche d thos e o f  Wilkenin g (1981 ; 
1982 )  fo r  th e mos t  part .  Fo r  distanc e inferences ,  ther e wa s a 
jwogressio n fro m th e additiv e ( d =  t+v )  t o th e multiplicativ e 
rul e ( d =  t*v) .  Fo r  tim e an d velocit y inferences ,  network s 
bega n wit h identit y rule s ( t  =  d  an d v  =  d ,  respectively) , 
p-ogiBsse d t o additiv e ( r  =  d- v an d v  =  d-t .  respectively) ,  an d 
finall y multiplicativ e rule s ( t  =  d+ v an d v  =  d-H , 
respectively) .  1  Wilkening' s participant s di d th e same ,  excep t 
tha t  the y showe d n o identit y rul e fo r  tim e inference s an d 
faile d t o us e th e multiplicativ e rul e fo r  velocit y inference s 
(Wilkening ,  1981 ,  attribute d thi s latte r  failur e t o tas k 
demands) . 

Buckingha m an d Shult z (1994 )  suggeste d tha t  th e 
transitio n fro m identit y stage s throug h intermediat e additiv e 
stage s an d finall y multiplicativ e stage s wa s m a d e possibl e 
by bot h weigh t  adjustmen t  an d hidde n uni t  recruitment .  I n 
orde r  t o tes t  thi s hypothesis ,  w e compar e th e performanc e o f 
cascade-correlatio n network s wit h tha t  o f  stati c network s 
(i.e. ,  networit s i n whic h th e architectur e i s fixed  throughou t 
training) . 

1 Exampl e result s ar e presente d i n Figur e l a fo r  compariso n 
purposes . 
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S i m u l a t i o n s U s i n g a  Stati c A l g o r i t h m 

Experiment 1 

We use d standar d back-propagatio n network s a s stati c 
network s becaus e thes e wer e use d b y McClellan d (1989 )  i n 
hi s pioneerin g wor k modelin g cognitiv e developmen t  o n th e 
balanc e scal e tas k an d ar e th e mos t  c o m m o n connectionis t 
learnin g networks .  T o maximiz e th e chance s o f  capturin g 
human performance ,  w e systematicall y sample d a  variet y o f 
back-propagatio n architecture s an d paramete r  values .  W e ra n 
simulation s usin g fou r  differentiall y  powerfu l  architectures : 
on e hidde n laye r  wit h one ,  two ,  o r  thre e hidde n units ;  an d 
tw o hidde n layer s wit h tw o hidde n unit s i n eac h layer .  I n 
eac h architectura l  condition ,  18 0 network s wer e ru n i n a 
crosse d experimenta l  desig n consistin g o f  thre e level s o f 
learnin g rat e {eta )  an d m o m e n t u m (alpha) .  Th e level s o f 
learnin g rat e wer e 0.025 ,  0.05 0 (th e defaul t  value) ,  an d 
0.100 .  Th e level s o f  m o m e n t u m wer e 0.100 .  0.450 ,  an d 
0.90 0 (th e defaul t  value) . 

Th e tas k wa s th e sam e a s i n ou r  cascade-correlatio n 
simulations .  Th e network s ha d t o predict ,  a s output ,  th e 
value  o f  on e dimensio n (e.g. ,  velocity )  give n informatio n 
abou t  th e othe r  dimension s (e.g. ,  distanc e an d time) .  I n orde r 
t o maximiz e th e abilit y  t o compar e th e performanc e o f  stati c 
network s wit h tha t  o f  generativ e networks ,  inpu t  an d outpu t 
coding ,  outpu t  uni t  type ,  weigh t  updatin g m o d e ,  an d 
trainin g an d testin g method s wer e a s the y ha d bee n i n th e 
cascade-correlatio n simulation s (Buckingha m &  Shultz , 
1994) . 

Inferenc e pattern s wer e encode d usin g nt h encodin g a s 
follows. 2 T w o inpu t  bank s receive d dimensiona l  value s 
rangin g fro m 1  t o 5 .  Th e thir d ban k receive d a n inpu t  o f  0 
indicatin g tha t  i t  wa s th e dimensio n t o b e predicted .  Eac h 
inpu t  ban k ha d fiv e inpu t  unit s fo r  a  tota l  o f  I S inpu t  units . 
A dimensiona l  valu e n  wa s encode d b y assignin g a n 
activatio n o f  1  t o th e nt h inpu t  uni t  o f  th e ban k an d 0  t o al l 
othe r  unit s i n th e bank .  Thus ,  fo r  a  give n inferenc e pattern , 
on e inpu t  ban k receive d activation s o f  0  o n al l  o f  it s  five 
inpu t  units ,  indicatin g i t  wa s unknown .  O n e uni t  o f  eac h o f 
th e othe r  tw o inpu t  bank s receive d a n activatio n o f  I .  Th e 
remainin g unit s i n thes e bank s receive d activation s o f  0 . 

As i n ou r  wor k wit h cascade-correlation ,  on e linea r 
outpu t  uni t  wa s used .  A  linea r  outpu t  wa s use d becaus e i t  i s 
th e mos t  natura l  w a y o f  producin g a  quantitativ e outpu t 
simila r  t o th e response s m a d e b y Wilkening' s participants . 
Targe t  value s fo r  th e outpu t  uni t  wer e calculate d usin g th e 
thre e Newtonia n equation s ( v =  d H ,  t  =  d+v ,  an d d  =  v*0 , 
respectively .  I n addition ,  distanc e targe t  value s wer e divide d 
by five  s o tha t  ihei r  rang e wa s identica l  t o th e range s o f  tim e 
an d velocit y targe t  values .  Twenty-fiv e instance s o f  eac h o f 
th e thre e inferenc e proble m type s wer e obtaine d b y crossin g 
th e five  level s o f  velocity ,  time ,  an d distanc e fo r  a  tota l  o f 
75 inferenc e patterns . 

At  eac h epoc h o f  training ,  al l  7 5 inferenc e problem s 

2 I n Buckingha m (1993) ,  cascade-correlatio n network s wit h nt h 
encodin g demonstrate d th e sam e qualitativ e stag e progressio n 
as thos e wit h mor e distribute d inpu t  encodings .  However , 
network s wit h nt h encodin g ha d a  decide d advantag e i n tha t  thei r 
solution s wer e mor e transparent . 

wer e presente d t o th e network .  Weigh t  update s occurre d onl y 
afte r  al l  pattern s ha d bee n presente d t o th e network .  Thi s 
batc h trainin g continue d fo r  a  m a x i m u m o f  15(X )  epochs . 

T o compar e networ k result s wit h huma n performance , 
ever y fift h epoc h o f  trainin g w e diagnose d rule s tha t  bes t 
capture d networ k performanc e o n eac h proble m type .  W e 
compute d correlation s betwee n th e network' s response s an d 
thos e predicte d b y variou s plausibl e rule s suc h a s identit y 
( v =  d ,  o r  V  =  0 .  additio n ( v =  d+ t ,  o r  v  =  d-t) ,  o r 
multiplicatio n ( v =  d*t ,  v  =  /+<i ,  o r  v  =  d+t )  rules .  T o b e 
diagnose d a s exhibitin g stag e performance ,  a  rul e ha d t o 
correlat e positivel y wit h networ k responses ,  accoun t  fo r 
mor e tha n 5 0 % o f  th e varianc e i n networ k responses ,  an d 
accoun t  fo r  mor e varianc e tha n othe r  plausibl e rule s acros s 
fou r  consecutiv e sample d epochs . 

Results. A plot of the rules diagnosed as training 
progresse d i s show n i n Figur e 1  (b-e )  fo r  on e networ k i n 
eac h o f  th e architectura l  conditions .  Thes e net s wer e chose n 
becaus e the y wer e goo d exemplar s o f  typica l  performanc e 
acros s learnin g rate s an d momen tu m values . 

For  network s wit h a  singl e hidde n uni t  (Figur e lb) ,  th e 
typica l  progressio n involve d earl y onse t  o f  tim e an d velocit y 
identit y stages ,  followe d b y onse t  o f  th e distanc e additiv e 
stag e and ,  then ,  oscillatio n betwee n th e additiv e an d 
multiplicativ e distanc e rules .  Onl y 1 9 o f  th e 18 0 network s 
attaine d a  stabl e multiplicativ e stag e o f  distanc e ( d =  t*v) . 
None o f  th e network s attaine d th e multiplicativ e stage s o f 
tim e an d velocit y (onl y fou r  network s progresse d beyon d th e 
identit y stage s t o th e additiv e stage s o f  time ,  t  =  d-v ,  an d 
velocity ,  v  =  d-t) . 

I n contras t  t o network s wit h a  singl e hidde n unit ,  th e 
majorit y o f  network s wit h tw o hidde n unit s (Figur e Ic ) 
progresse d beyon d th e identit y stage s o f  tim e an d velocity , 
attainin g th e multiplicativ e stages .  However ,  onl y 1 3 o f  th e 
180 network s demonstrate d th e intermediat e additiv e stage s 
of  bot h tim e an d velocity .  Wit h respec t  t o distanc e 
development ,  a  smal l  majorit y (94 )  demonstrate d th e 
distanc e additiv e stag e and ,  unlik e network s wit h a  singl e 
hidde n unit ,  a  larg e majorit y (166 )  o f  network s attaine d a 
stabl e distanc e multiplicativ e stage . 

Performanc e o f  network s wit h thre e hidde n unit s (Figur e 
Id )  wa s simila r  t o thos e wit h tw o hidde n unit s althoug h 
slightl y fewe r  network s demonstrate d bot h tim e an d velocit y 
identit y stage s (17 0 vs .  177 )  an d additiv e stage s ( 4 vs .  13) . 
Al l  18 0 network s attaine d th e multiplicativ e stage s o f  tim e 
and velocity .  Anothe r  differenc e wa s tha t  fewe r  network s (6 9 
vs .  94 )  demonstrate d th e distanc e additiv e stage .  Al l  bu t  on e 
of  th e 18 0 network s attaine d th e distanc e multiplicativ e 
stage . 

Finally ,  th e majorit y o f  network s wit h tw o hidde n 
layer s (Figur e le )  als o faile d t o demonstrat e th e tim e an d 
velocit y additiv e stages .  Onl y si x network s attaine d bot h 
intermediat e additiv e stage s o f  tim e an d velocity .  Th e 
majorit y o f  network s (172 )  attaine d th e multiplicativ e stage s 
of  tim e an d velocity ,  respectively .  Us e o f  a  secon d hidde n 
uni t  laye r  increase d th e numbe r  o f  network s demonstratin g 
th e distanc e additiv e stag e bu t  onl y slightl y (10 6 vs .  9 4 
network s wid i  on e hidde n laye r  o f  tw o units) .  Al l  bu t  si x o f 
th e 18 0 network s attaine d th e distanc e multiplicativ e stage . 
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Figur e 1 :  Diagnose d rule s o f  (a )  a  generativ e connectionis t  networ k fro m previou s researc h ( H indicate s hidde n uni t 
recruitment) ;  on e networ k i n experimen t  1  tha t  exemplifie s typica l  performanc e wit h on e hidde n laye r  o f  (b )  one ,  (c )  two ,  an d 
(d )  thre e hidde n units ,  an d (e )  tw o hidde n layer s wit h 2  hidde n unit s i n eac h layer ;  (f )  on e networ k i n experimen t  2  wit h on e 
hidde n laye r  containin g tw o hidde n unit s an d cross-connections . 
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I n summary ,  ver y fe w stati c network s demonstrate d th e 
entir e developmenta l  course :  tim e an d velocit y identit y 
stages ;  distance ,  time ,  an d velocit y additiv e stages ;  an d 
distance ,  time ,  an d velocit y multiplicativ e stages .  O f  th e 
network s wit h a  singl e hidde n uni t  layer ,  onl y five  ou t  o f 
18 0 network s wit h tw o hidde n unit s an d thre e ou t  o f  18 0 
network s wit h thre e hidde n unit s demonstrate d th e entir e 
developmenta l  course .  N o n e o f  th e network s wit h a  singl e 
hidde n uni t  attaine d th e multiplicativ e stage s o f  tim e an d 
velocity .  Network s wit h tw o o r  thre e hidde n unit s o n on e 
laye r  typicall y misse d th e intermediat e additiv e stages , 
particularl y fo r  tim e an d velocit y inferences .  Finally ,  onl y 
on e o f  th e 18 0 network s wit h tw o hidde n layer s 
demonstrate d th e entir e developmenta l  course ;  thes e 
network s als o misse d th e intermediat e additiv e stage s fo r 
tim e an d velocit y inferences . 

Experiment 2 

Cascade-correlatio n differ s fro m back-propagatio n no t  onl y 
i n th e progressiv e recruitmen t  o f  hidde n units ,  bu t  als o i n 
th e us e o f  cross-connection s tha t  bypas s hidde n uni t  layers . 
T o asses s th e possibilit y  tha t  th e psychologica l  realis m o f 
cascade-correlatio n simulation s migh t  b e du e t o th e us e o f 
thes e cross-connections ,  an d no t  t o generativ e hidde n uni t 
creation ,  w e ra n 2 0 stati c network s wit h a n architectur e 
consistin g o f  cross-connection s an d on e hidde n laye r  wit h 
tw o units .  O n e hidde n laye r  wit h tw o unit s wa s chose n 
becaus e i t  showe d th e mos t  promis e o f  capturin g tim e an d 
velocit y additiv e stage s i n Experimen t  1 .  I n experimen t  2 , 
we use d onl y th e defaul t  learnin g rat e (0.050 )  an d 
m o m e n t u m value s (0.900) .  Everythin g els e wa s kep t 
constan t  wit h Experimen t  1 . 

Results. A plot of the rules diagnosed in one network as 
trainin g progresse d i s show n i n Figur e If .  Thi s networ k wa s 
chose n becaus e i t  w a s a  goo d exempla r  o f  typica l 
performance .  Overal l  th e performanc e o f  thes e network s wa s 
simila r  t o thos e i n Experimen t  1 .  Tha t  is ,  th e majorit y o f 
network s (14/20 )  progresse d fro m th e identit y stage s o f  tim e 
an d velocit y t o th e multiplicativ e stage s withou t 
demonstratin g th e intermediat e additiv e stages .  O f  th e 
remainin g si x networks ,  thre e di d no t  exhibi t  eithe r  identit y 
stag e an d thre e attaine d on e identit y stag e bu t  no t  th e other . 
Al l  2 0 network s attaine d th e multiplicativ e stage s o f  tim e 
an d velocity .  O n e differenc e compare d t o network s i n 
Experimen t  1  wa s tha t  th e us e o f  cross-connection s resulte d 
i n eve n fewe r  network s (5/20 )  first  achievin g th e distanc e 
additiv e stag e befor e th e multiplicativ e stage .  Al l  2 0 
network s attaine d th e distanc e multiplicativ e stage . 

Discussion 

Stati c network s i n bot h experiment s ha d n o difficult y 
capturin g earl y tim e an d velocit y identit y stages .  Th e 
limitatio n o f  stati c network s wa s thei r  inabilit y  t o captur e 
bot h additiv e an d multiplicativ e stages ,  regardles s o f  a  wid e 
samplin g o f  networ k architectur e an d paramete r  values . 
Differen t  networ k architecture s coul d captur e on e typ e o f 
stage ,  bu t  no t  th e other ,  e.g. ,  additiv e bu t  no t 
multiplicative ,  o r  multiplicativ e bu t  no t  additive .  Thus , 

simpl e connectio n weigh t  adjustmen t  i s insufficien t  t o 
captur e al l  stag e transitions . 

The mos t  genera l  failur e o f  stati c network s wit h mor e 
tha n on e hidde n uni t  wa s t o mis s intermediat e additiv e 
stages .  Althoug h ther e remain s som e doub t  a s t o th e inter -
developmenta l  cours e o f  additiv e stage s an d whethe r  o r  no t 
th e additiv e stag e o f  velocit y i s th e termina l  stag e o f 
velocit y development ,  childre n clearl y pas s throug h thes e 
additiv e stage s (Wilkening ,  1981 ;  1982) .  Stati c network s 
wit h onl y on e hidde n laye r  consistin g o f  on e hidde n uni t 
ofte n capture d additiv e stages ,  bu t  faile d t o reac h 
multiplicativ e stages .  Stati c network s wit h th e limite d 
computationa l  powe r  provide d b y on e hidde n laye r  wit h on e 
hidde n uni t  seeme d to o wea k t o attai n multiplicativ e stages ; 
stati c network s wit h mor e computationa l  powe r  seeme d to o 
powerfu l  becaus e the y skippe d intermediat e stages .  Ther e 
seemed t o b e n o stati c back-propagatio n architectur e capabl e 
of  simulatin g th e ful l  rang e o f  stage s i n th e domai n o f 
velocity-time-distance .  I n contrast ,  al l  generativ e network s 
capture d identity ,  additive ,  an d multiplicativ e stage s 
(Buckingha m &  Shultz ,  1994) . 

Th e failur e o f  stati c network s wit h cross-connection s t o 
successfull y captur e huma n performanc e i n Experimen t  2 
suggest s tha t  th e us e o f  thes e cross-connection s b y cascade -
correlatio n i s no t  sufficien t  fo r  it s  success .  Rather , 
progressiv e recruitmen t  o f  hidde n unit s appear s necessar y fo r 
capturin g correc t  stag e progressions .  Cross-connection s ma y 
prov e t o b e necessar y a s well ,  particularl y i n capturin g earl y 
linearl y separabl e performance ,  bu t  thi s woul d nee d t o b e 
documente d i n futur e simulations . 

Other ,  les s direc t  evidenc e fo r  th e superiorit y o f 
generativ e ove r  stati c connectionis t  algorithm s a t  simulatin g 
h u m an developmen t  ha s bee n reported .  Fo r  example , 
generativ e network s (Shultz ,  Mareschal ,  &  Schmidt ,  1994 ) 
capture d th e termina l  stag e o f  balanc e scal e developmen t 
mor e successfull y tha n di d stati c network s (McClelland , 
1989 ;  1995) .  Th e presen t  result s exten d thes e findings  t o 
case s i n whic h stati c networks ,  wit h a  sufficientl y powerfu l 
architecture ,  successfull y captur e termina l  stage s 
(multiplicativ e stages )  bu t  fai l  t o captur e intermediat e 
stages .  Simulatin g th e ful l  rang e o f  psychologicall y realisti c 
stage s appear s t o rel y o n th e abilit y  o f  network s t o gro w i n 
computationa l  power .  A  simila r  poin t  i n th e real m o f 
grammar  learnin g wa s mad e b y Elma n (1993) .  T o lear n a n 
English-lik e grammar ,  recursiv e back-propagatio n network s 
had t o receiv e eithe r  progressivel y mor e comple x sentence s 
or  gro w i n workin g memor y capacity . 

Th e fac t  tha t  realisti c connectionis t  model s o f 
developmen t  nee d t o gro w i n computationa l  powe r  suggest s 
tha t  h u m a n developmen t  involve s no t  onl y incrementa l 
learnin g bu t  als o increase s i n non-linea r  representational 
abilities .  W h a t  factor s caus e th e emergenc e o f  thes e ne w 
representationa l  abilitie s i n childre n remain s a n ope n 
question . 

Thi s researc h compare s onl y a  singl e exempla r  o f  a 
stati c algorith m (back-propagation )  t o a  singl e exempla r  o f  a 
generativ e algorith m (cascade-correlation) .  Usin g othe r 
exemplar s o f  eac h clas s o f  algorith m coul d indicat e th e 
generalit y o f  th e conclusions .  I t  migh t  als o b e interestin g t o 
explor e th e capacit y o f  othe r  generativ e networ k technique s 
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t o captur e cognitiv e developmenta l  phenomena .  Fo r 
example ,  mus t  th e networi c gro w vertically ,  a s i n cascade -
correlation ,  o r  coul d i t  gro w horizontall y o n a  singl e laye r 
(e.g. .  Ash ,  1989) ? I f  cognitiv e developmen t  i s characterize d 
by th e continua l  redescriptio n o f  earlie r  knowledg e 
representation s (Karmiloff-Smith ,  1992) ,  the n vertical , 
rathe r  tha n horizontal ,  growt h woul d see m t o b e required . 
Further ,  ho w woul d networ k prunin g technique s (Hanso n & 
Pratt ,  1989 ;  L e Cun ,  Denker ,  &  Solla ,  1990 )  far e i n 
capturin g developmenta l  stages ? I f  cognitiv e developmen t  i s 
characterize d b y th e emergenc e o f  qualitativel y distinc t 
Icnowlcdg e representation s (Carey ,  1991) ,  the n recruitmen t 
ought  t o wor k bette r  tha n pruning . 
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