
A n Invest igat io n o f  B a l a n c e Sca l e S u c c e s s 

Wil l ia m C .  Schmid t  an d T h o m a s R .  Shult z 

Departmen t  o f  Psycholog y 
McGil l  Universit y 

1205 Penfiel d Avenu e 
Montr6al ,  Qu6bec ,  Canad a H3 A IB l 

schmidt@lima.psych.mcgill.c a I I  shultz@psych.mcgill.c a 

Abstrac t 

The success of a connectionist model of cognitive 
developmen t  o n th e balanc e scal e tas k i s du e t o 
manipulation s whic h imped e convergenc e o f  th e back -
propagatio n learnin g algorithm .  Th e mode l  wa s traine d 
at  differen t  level s o f  a  biase d trainin g environmen t  wit h 
exposur e t o a  varie d numbe r  o f  trainin g instances .  Th e 
effect s o f  weigh t  updatin g metho d an d modifyin g th e 
networ k topolog y wer e als o examined .  I n al l  case s i n 
whic h thes e manipulation s cause d a  decreas e i n 
convergenc e rate ,  ther e wa s a n increas e i n th e proportio n 
of  psychologicall y realisti c n m s .  W e conclud e tha t 
incrementa l  connectionis t  learnin g i s no t  sufficien t  fo r 
producin g psychologicall y successfu l  connectionis t 
balanc e scal e models ,  bu t  mus t  b e accompanie d b y a 
slowin g o f  convergence . 

Introduction 

Connectionist learning algorithms have successfully 
acte d a s transitio n mechanism s i n a  numbe r  o f  recen t 
model s o f  cognitiv e developmenta l  phenomena . 
McClellan d (1988 )  suggeste d tha t  gradual ,  incrementa l 
erro r  reductio n i s a  ke y propert y o f  connectionis m tha t 
i s responsibl e fo r  thi s success .  I n th e curren t  paper ,  w e 
focu s o n McClelland' s (1988 )  connectionis t  mode l  o f 
cognitiv e developmen t  o n th e Piagetia n balanc e scal e 
task .  W e sho w tha t  variant s o f  th e origina l  mode l 
perfor m wel l  psychologicall y a s lon g a s the y dela y 
convergenc e o f  th e back-propagatio n learnin g algorithm . 

T h e B a l a n c e Sca l e T a s k 

The balance scale task consists of showing a child a 
balanc e scal e (Figur e 1 )  supporte d b y block s s o tha t  i t 
stay s i n th e balance d position .  A  numbe r  o f  weight s ar e 
place d o n on e o f  a  numbe r  o f  evenl y space d peg s o n 
eac h sid e o f  th e fulcrum ,  an d i t  become s th e child' s tas k 
t o predic t  whic h ar m wil l  g o down ,  o r  whethe r  th e scal e 
wil l  balance ,  onc e th e supportin g block s ar c removed . 

Siegle r  (1976 ,  1981 )  ha s reporte d tha t  children' s 
performanc e o n th e balanc e scal e progresse s throug h 4 

distinc t  rul e base d stages :  (1 )  us e onl y weigh t 
informatio n t o determin e i f  th e scal e wil l  balance ,  (2 ) 
emphasiz e weigh t  informatio n bu t  conside r  distanc e i f 
weight s o n eithe r  sid e o f  th e fulcru m ar e equal ,  (3 ) 
correctl y integrat e bot h weigh t  an d distanc e informatio n 
fo r  simpl e problems ,  bu t  respon d indecisivel y whe n on e 
ar m ha s greate r  weigh t  an d th e othe r  greate r  distance ,  (4 ) 
correctl y integrat e weigh t  an d distanc e information . 

Siegle r  (1976 ,  1981 )  partitione d th e se t  o f  al l 
possibl e balanc e scal e problem s int o 6  distinc t  proble m 
types .  Balanc e p-oblem s hav e equa l  number s o f  weight s 
place d a t  equa l  distance s fro m th e fulcrum .  I n weigh t 
problems ,  distance s o n eithe r  sid e o f  th e fulcru m ar e 
equal ,  henc e th e sid e wit h mor e weight s goe s down .  I n 
distanc e problems ,  th e ar m wit h greate r  distanc e goe s 
d o wn sinc e th e side s hav e equa l  weights .  Conflic t 
problem s hav e greate r  weigh t  o n on e ar m an d greate r 
distanc e o n th e other .  Th e correc t  respons e t o th e 
proble m determine s it s  classificatio n a s a  conflict -
weight ,  conflict-distance ,  o r  conflict-balanc e problem . 
Performanc e i n term s o f  th e percentag e o f  correc t 
prediction s mad e o n som e subse t  o f  problem s draw n 
fro m eac h o f  th e proble m type s ca n b e use d t o classif y 
subject s a s conformin g t o a  particula r  rule .  Rule s an d 
thei r  predicte d performanc e level s fo r  eac h o f  th e 6 
proble m type s appea r  i n Figur e 1 .  I n orde r  t o classif y 
children' s performance ,  Siegle r  (1981 )  use d 2 4 testin g 
instance s ( 4 fro m eac h o f  th e 6  differen t  proble m types) . 
Childre n scorin g 4  o r  fewe r  deviation s fro m response s 
predicte d b y a  give n rul e wer e counte d a s actin g i n 
accor d wit h th e rule .  Additionally ,  Siegle r  introduce d a 
number  o f  safeguard s t o ensur e tha t  a  chil d classifie d a t 
one stag e wa s no t  actuall y respondin g i n a  manne r 
characterize d b y another . 

McClellan d (1988 )  reporte d th e creatio n o f  a 
connectionis t  mode l  o f  th e balanc e scal e tas k wit h 5 
peg s an d 5  weight s pe r  arm .  Th e networ k topology , 
whic h appear s i n Figur e 2 ,  consiste d o f  tw o set s o f  1 0 
inpu t  units ,  eac h full y connecte d t o a  distinc t  pai r  o f 
hidde n units .  Eac h pai r  o f  hidde n unit s wa s full y 
connecte d t o tw o outpu t  units .  O n e se t  o f  inpu t  unit s 
represented,  i n a  localis t  fashion ,  th e numbe r  o f  weight s 
on eac h o f  th e balanc e scale' s tw o arm s ( 1 t o S) ,  whil e 
th e othe r  represente d th e distanc e o f  th e weigh t  from  th e 
fulcru m ( 1 t o 5) .  Activatio n value s o f  th e output s wer e 
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interprete d t o transfor m th e network' s outpu t  ( 2 rea l 
number s betwee n 0. 0 an d 1.0 )  int o on e o f  thre e possibl e 
predictio n responses . 
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Figure 1. PredictiOTS of percent problems correct for 
childre n usin g differen t  rules . 
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Figur e 2 .  N e t w o r k topolog y f r o m McC le l l an d (1988) . 

T h e m o d e l  w a s traine d usin g th e back-propagat io n 

learnin g algorithm. ^  Learn in g i n eac h e p o c h w a s f r o m 
1 0 0 instance s r a n d o m l y selecte d from  th e entir e se t  o f 
6 2 5 possibl e trainin g p r o b l e m s a u g m e n t e d wit h a  bia s 
fo r  b a l a n c e a n d d is tanc e p r o b l e m s (equal -d is tanc e 
problems) .  Th e bia s increase d th e trainin g se t  t o includ e 
5 time s o r  1 0 time s th e origina l  numbe r  o f  equal -
distanc e problems .  Afte r  eac h epoc h th e model' s 
performanc e wa s evaluate d usin g Siegler' s rul e 
assessmen t  methodology .  Othe r  tha n wher e noted ,  al l 
simulation s i n th e curren t  pape r  assum e th e networ k 

^  A  batc h updatin g metho d wa s use d i n conjunctio n 
wit h permute d presentatio n o f  trainin g instances ,  a 
learnin g rat e o f  0.075 ,  an d momentu m o f  0.9 .  Weight s 
i n th e mode l  wer e initialize d randoml y i n th e rang e o f 
-0. 5 <w i  <  0.5 . 

topology ,  trainin g method ,  an d paramete r  setting s use d 
i n McClelland' s (1988 )  origina l  simulations . 

S i m u l a t i o n 1 :  S u b s e t  S iz e a n d B i a s 

The first simulation examined the effects of two 
manipulations .  O n e manipulatio n varie d th e siz e o f  di e 
bia s fo r  equal-distanc e problems .  Fiv e differen t  level s o f 
bia s wer e employed .  Th e unadulterate d se t  o f  62 5 
possibl e balanc e scal e problem s wa s augmente d wit h 0 , 
5,  10 ,  1 5 an d 2 0 time s th e norma l  numbe r  o f  equal -
distanc e problems ,  resultin g i n ne w trainin g corpuse s o f 
625,1125,1750,2375 .  an d 300 0 pattern s respectively . 

Th e othe r  manipulatio n varie d th e siz e o f  th e subse t 
of  trainin g instance s randoml y selecte d eac h epoc h fro m 
th e trainin g corpus .  Thes e subset s wer e selecte d withou t 
replacement ,  an d a  permute d batc h weigh t  updatin g 
metho d wa s use d a s i n McClelland' s (1988 )  origina l 
model .  Sinc e th e size s o f  trainin g corpuse s wer e unequa l 
acros s differen t  level s o f  bias ,  a  percentag e o f  th e tota l 
number  o f  exemplar s belongin g t o eac h trainin g corpu s 
was selected .  Th e level s o f  subse t  siz e investigate d wer e 
0.25%.  0.5% .  1%.  2%.  3%,  4%.  5%.  15%.  25% .  35% . 
45%,  55% .  65% ,  75% ,  85% .  an d 95 % o f  th e entir e 
trainin g corpus . 

Ten run s fo r  eac h o f  th e 8 0 group s ( 5 level s o f  bia s x 
16 subse t  sizes )  wer e carrie d ou t  Eac h ru n wa s teste d o n 
th e entir e se t  o f  62 5 possibl e trainin g pattern s bot h 
befor e trainin g bega n an d afte r  weigh t  updating .  Th e 
patterns '  tota l  su m o f  square d error s scor e (TSS )  wa s 
recorde d ever y epoch ,  an d th e network' s response s wer e 
evaluate d fo r  thei r  fit  t o an y o f  th e 4  psychologica l 
rules .  Thi s longitudina l  rul e recor d wa s assesse d t o 
determin e whethe r  o r  no t  th e networ k passe d throug h al l 
4 stages .  Trainin g continue d fo r  20 0 epoch s eac h run . 

I n orde r  t o evaluat e th e styl e o f  learnin g characteristi c 
t o eac h grou p o f  runs ,  a  simpl e linea r  regressio n mode l 
was fitted  t o th e longitudina l  T S S erro r  score s fo r  eac h 
run .  wit h epoc h predictin g erro r  score .  Thi s yielde d 
regressio n equation s o f  th e for m erro r  =  b o + 

bi*log(epoch) .  Th e lo g coefficien t  b ]  assesse s th e fal l 

of f  o f  th e learnin g curve ,  an d henc e th e rat e o f 
convergence .  Thi s measur e o f  convergenc e rat e wil l  b e 
mor e negativ e fo r  network s whic h reduc e erro r  mor e 
slowly .  Th e constan t  b Q offset s th e learnin g curv e from 

th e abscissa .  I n th e cas e tha t  ther e i s bot h a  larg e b Q 

term ,  an d a  smal l  valu e o f  b j ,  th e networ k wil l  hav e 
faile d t o converge . 

Additionally ,  fo r  eac h run ,  th e proportio n o f  erro r 
reduction  ove r  th e 20 0 trainin g epoch s wa s assesse d b y 
dividin g th e initia l  T S S erro r  les s th e averag e erro r  scor e 
fo r  th e las t  1 0 epoch s o f  trainin g b y th e initia l  leve l  o f 
T SS error .  Thi s valu e ca n b e negativ e i n th e even t  tha t 
T SS erro r  increases .  Proportio n o f  erro r  reductio n wa s 
use d t o asses s dept h o f  learning .  A  networ k whic h ha s a 
stee p convergenc e rate ,  bu t  ha s reduce d litd e error ,  ha s 
faile d t o solv e th e problem . 
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A 5  X  1 6 (bia s x  subse t  sizes )  A N O V A o f  th e lo g 
coefficient s wa s undertaken ,  revealin g mai n effect s fo r 
bia s ( f  (4,720 )  =  148.4 ,  p< .000 l ) ,  subse t  size s 
(F(15,720 )  =  237.3 .  p<.0O0\) ,  an d thei r  interactio n 
(F(60,720 )  =  16.9 .  p<.0001) .  A  secon d A N O V A o f 
learnin g dept h reveale d mai n effect s fo r  bia s (F(4.720 )  = 
432.5 .  p<.000\ ) ,  subse t  size s (F(15,720 )  =  278.5 , 
p<.000l) ,  an d thei r  interactio n (F(60,720 )  =  39.6 . 
p<.000l ) .  A  thir d A N O V A o f  th e proportio n o f 
network s showin g realisti c psychologica l  performanc e 
showe d mai n effect s fo r  bia s (F(4,720 )  =  26.4 , 
p<.0001) .  subse t  size s (F(15,720 )  =  25.3 ,  p<.0001) , 
and thei r  interactio n (F(60,720 )  =  5.4,/k.OOOI) .  I n thi s 
initia l  simulation ,  th e averag e regressio n capture d 5 7 % 

of  availabl e varianc e (R ^  =  .57 ,  s d =  .28) .  Afte r 
excludin g model s whic h faile d t o learn ,  thi s averag e fit 

increase d t o 7 3 % o f  th e varianc e (R ^  =  .73 ,  s d =  .16) . 
A plo t  o f  th e m e a n lo g coefficien t  a s a  functio n o f 

subse t  siz e appear s i n Figur e 3 ,  alon g wit h th e mea n 
proportio n o f  run s demonstratin g psychologicall y 

realisti c  stages. ^  T h e shallowes t  learnin g curve s 
occurre d fo r  network s traine d wit h subset s o f  randoml y 
chose n trainin g instance s i n th e rang e o f  1 % t o 5 % . 
Thi s effec t  turn s aroun d belo w th e 1 % leve l  a s th e 
learnin g curve s begi n t o steepen .  Coul d thes e network s 
traine d o n s o fe w instance s actuall y hav e converge d 
faster ? N o .  sinc e investigatio n o f  th e amoun t  o f  erro r 
reduce d (Figur e 4 )  a t  thes e level s indicate s tha t  thes e 
network s faile d t o solv e th e proble m a t  all ! 

Al l  network s whic h faile d t o converg e wer e traine d wit h 
subse t  size s outsid e o f  th e rang e o f  th e rang e o f  0.5 % t o 

15%. 

Mean lo g coefficien t 
Network s usin g Al l  4  Rule s 

r60 i 

-10 0 
.25. 5 1 2 3  4  5  15253545556575859 5 

Trainin g Subse t  Siz e < % ) 
Figur e 3 .  Mea n lo g coefficien t  an d percen t  run s 

showin g al l  4  rules . 

Figure 3 also shows that the most psychologically 
realisti c dat a wer e generate d b y model s traine d usin g 
subse t  size s i n th e rang e o f  2 % t o 2 5 % .  Fo r  bot h 
convergenc e rat e an d dept h o f  learning ,  ther e i s wide r 
variatio n amon g network s outsid e thi s rang e o f  smal l 
subsets .  Thi s wid e variatio n reflect s th e fac t  tha t  fewe r 
network s outsid e o f  thi s rang e converge d o n a  solution . 

Proportio n o f  Erro r  Reduce d 
Mean Trainin g Instance s 

r 4 

.25. 5 

2 Al l  erro r  bar s i n thi s pape r  represen t  1  standar d 
deviation . 

2 3  4  5  152 5 3 5 4 5 55657 5 859 5 
Trainin g Subse t  Siz e (% ) 

Figur e 4 .  M e a n learnin g dept h an d numbe r  o f  trainin g 
presentations . 

Investigation of the interaction effects for 
psychologica l  performanc e reveale d tha t  model s traine d 
unde r  level s o f  5 ,  10 ,  1 5 an d 2 0 time s bia s performe d 
realisticall y whil e n o model s ru n withou t  bia s did .  Thi s 
i s consisten t  wit h McClelland' s (1988 )  tw o successfu l 
models ,  wit h subse t  siz e 6% ,  bia s 5  times ,  an d subse t 
siz e 9% ,  bia s 1 0 times .  Here ,  th e orderin g o f  th e cel l 
means sa w th e leve l  o f  1 0 time s bia s yiel d th e greates t 
proportio n o f  psychologicall y realisti c subjects . 
followe d b y level s o f  15 ,  20 ,  an d 5  time s bia s 
respectively . 

A plo t  o f  learnin g dept h appear s i n Figur e 4 . 
M a x i m u m erro r  reductio n occurre d fo r  network s traine d 
wit h subset s o f  instance s i n th e rang e o f  2 % t o 1 5 % , 
whic h overlap s wit h network s havin g th e slowes t 
convergenc e rate s an d th e mos t  psychologicall y realisti c 
performances .  I n addition .  Figur e 4  plot s th e mea n 
number  o f  trainin g instance s witnesse d i n th e models ' 
20 0 epoc h lifetimes . 

Comparin g acros s Figure s 3  an d 4 ,  i t  i s  clea r  tha t  th e 
number  o f  trainin g instance s i s  negativel y relate d t o 
learnin g dept h an d positivel y relate d t o th e lo g 
coefficient .  Th e negativ e relatio n o f  numbe r  o f  trainin g 
instance s t o learnin g dept h i s a n artifac t  o f  th e failur e o f 
many network s t o lear n a t  hig h level s o f  subse t  size . 
Th e positiv e relatio n o f  th e numbe r  o f  trainin g 
(H-esentation s t o lo g coefficien t  demonstrate s tha t  rat e o f 
convergenc e wa s generall y faste r  fo r  network s tha t  ha d 
mor e chance s t o reduc e error .  Togethe r  thi s reveal s tha t 
network s seein g a  larg e numbe r  o f  biase d trainin g 
IM-esentation s converge d quickl y o n inadequat e solutions . 

Unfortunatel y th e inequalit y o f  th e numbe r  o f  trainin g 
instance s acros s level s o f  bia s prevente d u s fro m 
properl y assessin g th e effec t  tha t  bia s ha s o n 
convergenc e rate .  A  separat e experimen t  controllin g fo r 
th e numbe r  o f  trainin g presentation s acros s al l  level s o f 
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bia s reveale d tha t  th e mor e bia s use d i n training ,  th e 
slowe r  th e network s wer e t o converge . 

I n ever y A N O V A,  th e interactio n effect s demonstrate d 
tha t  network s traine d wit h differen t  level s o f  bia s 
behave d similarl y a t  thos e psychologicall y optima l 
level s o f  smal l  subse t  size .  Fo r  subset s large r  tha n 
15%,  increasin g bia s playe d a n increasingl y prominen t 
rol e i n preventin g convergence .  Fo r  subset s smalle r 
tha n 0.5% ,  ther e wa s a  gradua l  dro p of f  i n th e 
magnitud e o f  th e lo g coefficien t  an d i n th e proportio n o f 
erro r  reduced .  Convergenc e faile d t o occu r  fo r  man y run s 
at  th e smalles t  leve l  o f  subse t  size . 

Thus ,  th e first  simulatio n showe d tha t  McClelland' s 
(1988 )  assumption s o f  a  strongl y biase d trainin g 
environmen t  an d o f  a  smal l  subse t  siz e impede d 
convergenc e o f  th e back-propagatio n learnin g algorithm . 
By analyzin g a  wide r  rang e o f  thes e variable s tha n wer e 
used i n hi s model ,  w e discovere d tha t  th e mos t 
psychologicall y realisti c  dat a wer e generate d b y model s 
exhibitin g a  slo w rat e o f  convergence .  W e als o foun d a 
failur e o f  back-propagatio n t o lear n successfull y whe n 
traine d wit h a  bia s an d larg e subse t  sizes . 

Simulatio n 2 :  Cont inuou s W e i g h t 

Upda t i n g 

The first simulation was surprising in that so many 
network s faile d t o converg e a t  all .  T o determin e whethe r 
thes e result s migh t  b e du e t o th e us e o f  batc h weigh t 
updating ,  w e repeate d th e abov e simulatio n usin g a 

continuous ^  weigh t  updatin g method .  A  permute d 
presentatio n o f  trainin g instance s wa s use d t o preven t 
any unforesee n sid e effect s du e t o auto-correlatio n o f  th e 
sequenc e o f  exemplars . 

As before ,  a  5  x  1 6 (bia s x  subse t  sizes )  A N O VA o f 
convergenc e rat e wa s undertaken ,  revealin g mai n effect s 
fo r  bia s (F(4,720 )  =  15.4 ,  p<.0001) .  subse t  size s 
( f  (15,720 )  =  1426.4 ,  p<.0001) ,  an d thei r  interactio n 
( f  (60,720 )  =  39.5 ,  ;j<.0001) .  Th e A N O VA o f  learnin g 
dept h als o reveale d mai n effect s fo r  bia s (F(4,720 )  = 
180.4 ,  p<.0001) ,  subse t  size s (F(15,720 )  =  3891.3 , 
p<.0001) .  an d thei r  interactio n (F(60,720 )  =  22.1 . 
p<.0001) .  Finally ,  th e A N O V A predictin g 
psychologica l  perfcmnanc e demonstrate d mai n effect s fo r 
bia s (F(4,720 )  =  106.2 .  p<.0001) ,  subse t  size s 
(F(15.720 )  =  33.6 ,  p<.0001) ,  an d thei r  interactio n 
(F(60,720 )  =  6.9,p<.0001) . 

The convergenc e rat e an d learnin g dept h interactio n 
effect s wer e negligible ,  an d non e wer e o f  interest .  Th e 

3 Continuou s (als o know n a s per-sample .  on-line ,  o r 
pattern )  weigh t  updatin g compute s derivative s an d 
weigh t  change s afte r  th e presentatio n o f  eac h pattern ,  a s 
oppose d t o a  batc h (als o know n a s per-epoch ,  o r  epoch ) 
updatin g metho d i n whic h th e derivativ e o f  th e erro r 
functio n summed ove r  al l  pattern s i s take n eac h epoch , 
befor e weigh t  change s occur . 

averag e regressio n capture d 5 7 % o f  availabl e varianc e 

(i? 2 =  .57 ,  s d -  .24) .  Afte r  excludin g model s whic h 

faile d t o converge ,  thi s averag e fi t  wa s 5 8 % o f  th e 

varianc e (/? 2 =  .58 .  s d =  .24) .  Onl y 4  o f  th e 80 0 (.05% ) 
run s faile d t o converge ,  an d al l  o f  thes e network s wer e 
at  th e lowes t  leve l  o f  subse t  size ,  havin g bee n delivere d 
lo o fe w trainin g exemplars . 

Figur e 5  plot s learnin g dept h a s a  functio n o f  subse t 
siz e fo r  bot h continuou s an d batc h updatin g methods . 
Continuous ,  bu t  no t  batch ,  updatin g confirme d ou r 
intuition s tha t  th e amoun t  o f  erro r  reduce d wa s 
proportiona l  t o th e numbe r  o f  observe d trainin g 
instances . 

The failur e o f  batc h weigh t  updatin g t o lear n i n a 
reasonabl e amoun t  o f  tim e ma y b e relate d t o th e 
anecdota l  repor t  tha t  highl y redundan t  dat a set s resul t  i n 
slowe r  convergenc e o n a  solutio n wit h batch ,  bu t  no t 
wit h continuous ,  weigh t  updatin g (se e connectionist s e -
mail  lis t  exchange s i n Octobe r  1991) . 

Psychologicall y realisti c dat a wer e generate d b y 
continuou s run s traine d a t  practicall y al l  level s o f  subse t 
size .  However ,  th e interactio n effec t  fo r  bot h measure s 
of  psychologica l  performanc e showe d tha t  th e bes t 
performanc e cam e fro m model s wit h subse t  size s 
betwee n 1 % an d 5% .  N o model s traine d withou t  bia s 
exhibite d realisti c performance .  A  stron g linea r  tren d 
(F(l,794 )  =  404.0 .  p<.0001 )  i n th e cel l  mean s o f  bia s 
demonstrate d tha t  th e large r  th e bia s leve l  use d i n 
training ,  th e mor e likel y on e wa s t o observ e 
psychologicall y realisti c  runs .  Additionally ,  a  weaker . 
but  stil l  significan t  linea r  tren d amon g th e cel l  mean s o f 
subse t  siz e (F(1.783 )  =  32.6 ,  p<.000\ )  demonstrate d 
tha t  th e smalle r  th e subse t  size ,  th e mor e 
psychologicall y realisti c  th e model . 

Erro r  Reduce d (batch ) 
Erro r  Reduce d (continuous ) 

1.0- 1 

.2 5 . 5 1  2  3 4  5  1 5 2 5 3 5 4 5 5 5 65  7 5 8 5 9 5 
Trainin g Subse t  Siz e (% ) 

Figur e 5 .  Learnin g dept h fo r  weigh t  updat e methods . 

Contrasting batch updating with the current data in a 
16 X  2  (subse t  siz e x  updatin g method )  A N O VA o n us e 
of  al l  4  rule s reveale d mai n effect s fo r  subse t  siz e 
(F(15.1568 )  =  60.7 .  p<.0001) .  trainin g metho d 
(F(1.1568 )  =  9.5 .  p<.0001) .  an d thei r  interactio n 
(F(15.1568 )  =  1.9,p<.03) .  Investigatin g th e interactio n 
effec t  showe d tha t  fo r  al l  level s o f  subse t  siz e i n th e 
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segregate d network ,  continuou s updatin g produce d mor e 
run s whic h fi t  th e psychologica l  data .  Figur e 6  plot s 
thi s interaction .  Interestingly ,  thos e run s presente d wit h 
fewe r  trainin g instances ,  larg e biases ,  an d traine d wit h 
continuou s weigh t  update s yielde d th e greates t 
proportio n o f  psychologicall y realisti c results ,  eve n 
ou^rformin g McClelland' s (1988 )  origina l  model . 

Thus ,  th e secon d simulatio n demonstrate d tha t  th e 
earlie r  failure s o f  network s t o converg e wer e du e t o th e 
use o f  batc h weigh t  updating .  Th e first  tw o simulation s 
sugges t  tha t  a  biase d trainin g environmen t  an d smal l 
subse t  trainin g metho d slo w convergenc e an d enhanc e 
psychologica l  realism . 

S i m u l a t i o n 3 :  Fu l l y C o n n e c t e d N e t s 

The final simulation investigated the effect that 
segregatin g th e weigh t  an d distanc e dimension s ha d o n 
producin g psychologicall y realisti c performance .  Thi s 
simulatio n repeate d th e manipulation s o f  th e first  two , 
but  withou t  th e assumptio n o f  segregate d hidde n units . 
The networ k topolog y ha d 2 0 inputs ,  4  hidde n units ,  2 
outputs ,  an d wa s full y connected .  Network s wer e traine d 
unde r  condition s o f  bot h continuou s an d batc h weigh t 
updating .  Sinc e i n th e previou s simulation s a  lac k o f 
trainin g se t  bia s di d no t  resul t  i n rul e use ,  thi s grou p 
was dropped .  Al l  othe r  detail s  remaine d unchange d from 
th e earlie r  simulations . 

An 4  Rule s C$*9-batch ) 
Al l  4  Rule s Cse -̂continueus ) 
Al l  4  Rule s (unseg-batch ) 
ATI  4  Rule s (unseg-centinuous ) 

t 

1 1  ¥•' » 
2 3  4  5  1 5 2 5 3 5 4 5 5 5 6 5 7 5 8 5 9 5 

Trelnin g Subse t  Siz e (% ) 
Figur e 6 :  Psychologica l  pwformanc e fo r  differen t 
networ k topologie s an d weigh t  updat e methods . 

For each of the weight update methods (batch and 
continuous) ,  segregate d dat a generate d i n earlie r 
simulation s wer e contraste d wit h th e n e w non -
segregate d dat a i n 2  X  1 6 (networ k topolog y x  subse t 
size )  A N O V A s fo r  convergenc e rat e an d al l  4 
psychologica l  rules . 

For  continuou s weigh t  updating ,  mai n effect s wer e 
foun d fo r  topolog y (F(l,1248 )  =  54.8,p<.0(X)l) ,  subse t 
size ,  (F(15,1248 )  =  866.8 ,  p<.0001 )  an d thei r 
interactio n (F(15,1248 )  =  85.3 ,  p<.0001) .  Investigatio n 
of  th e interactio n reveale d tha t  segregate d network s 

converge d mor e slowl y tha n non-segregate d fo r  subse t 
level s abov e 1% .  Th e opposit e occurre d belo w 1% . 
Mai n effect s wer e observe d o n al l  4  rule s fo r  topolog y 
(F(l,1248 )  =  44.9,p<.0001) .  subse t  siz e ( f  (15.1248 )  = 
31.4 ,  p<.0001) ,  an d thei r  interactio n ( f  (15,1248 )  = 
12.5.p<.(XX)l) .  Investigatio n o f  th e interactio n showe d 
tha t  th e segregate d network s outperforme d th e non -
segregate d network s a t  subse t  size s abov e 1% .  Belo w 
1%,  th e opposit e occurred .  Performanc e corresponde d 
wit h rat e o f  convergence ,  i n tha t  th e interactio n effect s 
mirro r  on e another .  Th e grou p o f  run s wit h slowes t 
convergenc e wer e als o thos e wit h highes t  psychologica l 
performanc e (se e Figur e 6) . 

The slowe r  convergenc e witnesse d fo r  th e segregate d 
network s seem s t o b e a  resul t  o f  usin g fewe r  weight s t o 
encod e th e sam e amoun t  o f  informatio n a s i n th e non -
segregate d networks .  Mor e weigh t  change s pe r  epoc h i n 
th e non-segregate d network s speed s convergence . 

For  batc h weigh t  updating ,  mai n effect s wer e foun d 
fo r  topolog y (F(l,1248 )  =  80.7,p<.0(X)l) ,  subse t  size , 
(F(15,1248 )  =  190.7 ,  /x.OOOl )  an d thei r  interactio n 
(F(15,1248 )  =  8.1 .  p<.0001) .  Investigatio n o f  th e 
interactio n showe d non-segregate d network s converge d 
mor e slowl y tha n segregated ,  a t  al l  level s o f  subse t  siz e 
excep t  fro m 2 % t o 5 % .  Mai n effect s wer e observe d o n 
al l  4  rule s fo r  topolog y (F(l,1248 )  =  70.0 ,  /x.OOOl) . 
subse t  siz e (F(15.1248 )  =  49.4 .  p<.0001) .  an d thei r 
interactio n (F(15,1248 )  =  6,8 ,  p<.0001) .  Investigatio n 
of  th e interaction s showe d tha t  th e non-segregate d batc h 
network s outperforme d th e segregate d batc h network s a t 
al l  level s o f  subse t  siz e (se e Figur e 6) . 

Thus ,  th e final  simulatio n showe d that ,  wit h 
continuou s weigh t  updating ,  segregate d network s 
converge d mor e slowl y tha n non-segregate d networks , 
and als o displaye d mor e realisti c psychologica l 
performance .  Wit h batc h weigh t  updating ,  th e opposit e 
effec t  occurred :  non-segregate d network s converge d mor e 
slowl y tha n segregate d networks ,  an d als o showe d mor e 
realisti c psychologica l  performance .  I n bot h cases , 
wheneve r  networ k topolog y impede d convergenc e o f  th e 
back-propagatio n learnin g algorithm ,  mor e realisti c 
psychologica l  performanc e followed . 

Th e slowe r  convergenc e fo r  non-segregate d batc h 
network s m a y b e du e t o th e failur e o f  s o man y 
segregate d batc h network s t o learn .  Recal l  tha t  thes e 
net s tende d t o converg e quickl y o n defectiv e solutions . 

Segregate d network s d o no t  invariabl y improv e th e fit 
t o psychologica l  data .  Rather ,  whe n segregatio n slow s 
convergence ,  a s wit h continuou s updating ,  bette r 
psychologica l  performanc e follows ;  whe n segregatio n 
^}eed s convergence ,  a s wit h batc h updating ,  net s diverg e 
from  psychologica l  realism . 

D i s c u s s i o n 

In these simulations, psychological success of the 
balanc e scal e model s increase d a s convergenc e slowed . 
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Decreasin g th e numbe r  o f  trainin g presentation s i n al l 
model s cause d slowe r  convergence ,  a s di d increasin g 
trainin g bias .  Th e precis e effect s o f  segregatin g hidde n 
unit s depende d o n th e metho d o f  weigh t  updating ,  bu t 
th e genera l  principl e wa s tha t  psychologica l  realis m 
followe d slo w convergence . 

One ramificatio n o f  th e curren t  finding s i s tha t 
models ,  lik e humans ,  nee d no t  hav e acces s t o al l  o f  th e 
informatio n abou t  a  proble m i n orde r  t o succee d i n 
findin g a  solution .  Indeed ,  i f  model s ar e supplie d wit h 
complet e informaiicMi ,  realisti c effect s d o no t  occur . 

Shult z (1991 )  suggeste d tha t  stage s woul d emerg e 
wheneve r  networ k model s solv e par t  o f  th e overal l 
proble m befor e solvin g th e rang e o f  possibl e proble m 
types .  Amon g th e technique s h e liste d fo r  encouragin g 
partia l  solution s (an d thu s stages )  wer e hidde n uni t 
herding ,  over-generalization ,  trainin g patter n bias ,  an d 
hidde n uni t  recruitment .  Workin g o n to o muc h o f  th e 
proble m a t  onc e ma y encourag e overl y rapi d 
convergenc e o n a  genera l  solutio n an d thu s preclud e th e 
appearanc e o f  stages .  Th e presen t  finding s woul d 
sugges t  tha t  al l  o f  thes e method s slo w networ k 
convergence .  A  usefu l  heuristi c t o appl y i n th e creatio n 
of  connectionis t  model s o f  cognitiv e developmen t  ma y 
be t o conside r  possibl e convergenc e slowin g 
assumption s tha t  bea r  o n th e proble m domain . 

A phenomeno n tha t  ma y b e relate d t o th e curren t 
finding s i s Elman' s (1991 )  "startin g small "  effect . 
Elman reporte d tha t  recurren t  network s ha d difficult y 
learnin g a  smal l  gramma r  unles s ther e wa s a  gradua l 
increas e i n eithe r  th e complexit y o f  th e trainin g 
instance s o r  th e "workin g memor y capacity "  o f  th e 
network .  Her e w e fin d analogousl y tha t  model s traine d 
wit h a  reduce d numbe r  o f  exemplar s perfor m mor e 
realistically ,  an d i n th e cas e o f  batc h updatin g unde r  a 
heav y bias ,  ofte n fai l  t o discove r  a  solutio n unles s 
traine d wit h a  smal l  subse t  o f  trainin g examples .  A n 
importan t  issu e fo r  futur e investigatio n i s whethe r  th e 
stagin g o f  th e child' s environmen t  an d he r  developin g 
cognitiv e resource s wor k i n concer t  t o selectivel y filter 
informatio n accessibl e t o learning . 

A secon d resul t  o f  th e curren t  wor k i s tha t 
McCleUand' s (1988 )  specifi c  se t  o f  assumption s i s on e 
of  severa l  sufficientl y capabl e o f  producin g realisti c 
psychologica l  performance .  Althoug h th e incrementa l 
natur e o f  connectionis t  learnin g i s crucia l  fo r  th e 
succes s o f  balanc e scal e model s (Schmidt ,  1991) ,  s o i s 
convergenc e slowing . 

I t  woul d appea r  tha t  som e assumption s o f 
McClelland' s  raiginal  mode l  ar e replaceable .  Th e curren t 
findings  demonstrat e balanc e scal e performanc e withou t 
th e architectura l  assumptio n o f  a  segregate d networ k 
topology .  Th e bia s an d subse t  trainin g assumptions , 
too ,  ca n b e replace d b y othe r  assumption s whic h favo r 
one proble m dimensio n ove r  another .  Usin g a 
generativ e algorithm ,  Schmid t  (1991 )  demonstrate d tha t 
th e stat e o f  th e initia l  weight s ca n plac e network s i n a 
positio n fro m whic h the y travers e th e psychologica l 

rule s i n a  realisti c fashion .  I n anothe r  simulation ,  a 
deliberat e patternin g o f  nois e adde d t o th e trainin g se t 
als o achieve d th e sam e end . 

Anothe r  generativ e connectionis t  mode l  o f  balanc e 
scal e phenomen a als o demonstrate d th e disposabilit y  o f 
th e segregate d architectura l  assumptio n (Shult z & 
Schmidt ,  1991) .  I n addition ,  tha t  mode l  showe d tha t  a 
randoml y changin g environmen t  o f  trainin g instance s 
coul d b e replace d wit h a  mor e stable ,  graduall y 
expandin g se t  o f  exemplars .  A n importan t  issu e fo r 
futur e researc h i s t o examin e th e plausibilit y  o f  variou s 
set s o f  balanc e scal e mode l  assumption s an d th e model' s 
correspondin g abilit y  t o fit  huma n data . 
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