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Adapt iv e learnin g o f  Gaussia n categorie s lead s t o decisio n b o u n d s a n d 

respons e surface s incompatibl e wit h optima l  decisio n m a k i n g 

Michae l  Kalis h 
Departmen t  o f  Psycholog y 

Indian a Universit y 
Bloomington ,  I N 4740 5 
mkalish@ucs.indiana.ed u 

Abstrac t 

Two experiment s i n categor y learnin g ar e use d t o examin e 
tw o type s o f  categorizatio n models .  I n bot h a  tw o an d fou r 
choic e experiment ,  subject s ar e show n t o fai l  t o lear n t o 
optimall y classif y tw o dimensiona l  stimuli .  Th e genera l 
recognitio n theor y (CRT )  o f  Ashb y &  Maddo x (1990 ) 
predict s quadrati c decisio n bounds .  Th e firs t  experimen t 
disconfirm s this .  Th e extende d G R T predict s tha t  learner s 
adopt  a  boun d o f  complexit y equivalen t  t o th e optima l  one . 
The secon d experimen t  disconfirm s thi s a s well .  Bot h 
experiment s suppor t  th e ide a tha t  genera l  resource s o f 
adaptiv e system s ca n provid e explanation s o f  observe d 
sub-optima l  behavior . 

Introduction 

Peopl e ar e readil y abl e t o lear n ne w perceptua l  categories , 
whic h i s no t  surprisin g give n th e underlyin g importanc e o f 
thi s ability .  Determinin g th e valu e o f  an y o f  th e myria d 
affordance s whic h mak e u p ou r  nich e i s a  larg e par t  o f  ou r 
dail y existence .  I f  no t  i n th e laboratory ,  tha n thes e 
categorica l  decision s ar e m a d e i n th e grocer y store ,  or , 
recreationally ,  whil e ou t  birdin g o r  mushroo m hunting . 

The structur e o f  perceptua l  categorie s i s largel y unknown , 
but  th e proces s o f  learnin g the m i s mos t  ofte n conceive d a s 
a proces s o f  optimizatio n o f  attentio n t o th e relevan t 
perceptua l  dimension s (Gibson ,  1966) .  A  numbe r  o f 
theorie s o f  categor y learnin g whic h appl y t o thi s proble m 
hav e bee n presente d a s mathematica l  models ,  an d analysi s o f 
thes e (eg. ,  Este s 1989 )  hav e show n m a n y t o b e 
asymptoticall y similar ,  i f  no t  identical .  I n essence ,  mos t 
leadin g model s o f  categorizatio n ar e abl e t o accoun t  fo r 
optima l  segregatio n o f  multi-dimensiona l  stimul i  int o tw o 
or  mor e categories . 

Optimalit y  is ,  o f  course ,  a  relativ e term .  I n th e contex t  o f 
categorization ,  maximizin g th e likelihoo d o f  a  correc t 
respons e i s on e objectiv e whic h immediatel y come s t o 
mind .  Deviation s fro m thi s goa l  ar e c o m m o n whe n 
categorie s ar e overlappin g an d hav e grade d membershi p (eg. , 
Ashb y &  M a d d o x 1990) .  Differen t  model s accoun t  fo r 
thes e deviation s differently ,  an d thi s pape r  report s attempt s 

t o distinguis h a  numbe r  o f  model s i n tw o differen t 
experimenta l  contexts .  I n particular ,  standar d back -
propagatio n traine d multi-laye r  perceptrons ,  radia l  basi s 
functio n network s an d a  hybri d mode l  combinin g rul e an d 
distributio n informatio n wil l  b e contraste d o n dat a fro m tw o 
and fou r  choic e categorizatio n tasks . 

Categorization Models 

A descriptio n o f  a  concret e categorizatio n proble m wil l 
eas e expositio n o f  th e model s unde r  consideration .  Imagin e 
tw o overlappin g distribution s lyin g i n a  two-dimensiona l 
spac e (figur e 1) . 

Optima l  respons e selectio n require s sensitivit y t o th e 
conditiona l  expectatio n o f  categor y A  give n th e stimulus , 
P(class=Alstimulus=s) ,  whic h fo r  an y stimulu s s  i s th e 
probabilit y  mas s functio n p(Als) .  I f  th e prio r  probabilit y o f 
clas s membership ,  q^ .  an d th e class-conditiona l  densities , 
fA(s )  an d fsCs) ,  ar e k n o w n the n Bayes '  Theore m tell s u s 
h o w t o comput e posterio r  probabilities : 

p(A\s) = qJ^isyf(s) (1) 
Where s  =  (sx.Sy) ,  th e conjunctio n o f  feature s tha t  make s u p 
th e stimulus ,  an d th e evidenc e f(s )  i s  give n b y X a Q u fu(s) , 
wher e th e summatio n i s ove r  bot h categories .  Selectin g th e 
clas s wit h th e m a x i m u m likelihoo d (i n thi s case ,  choosin g 
A i f  p(Als )  i s >  p(Bls) )  maximize s th e numbe r  o f  correc t 
response s i n th e lon g run .  Thi s decisio n boundar y 
correspondin g t o thi s deterministi c respons e strateg y i s 
show n i n figur e 1 . 

Th e tw o distribution s wer e chose n s o a s t o encourag e 
subject s t o us e al l  th e informatio n availabl e abou t  categor y 
membership .  I n particular ,  optima l  categorizatio n require d 
sensitivit y t o th e covarianc e betwee n th e dimension s withi n 
eac h distributions ,  alon g wit h th e mean s an d variance s o f  th e 
individua l  dimensions . 

Sinc e thi s experimen t  i s essentiall y a  replicatio n o f  Ashb y 
& M a d d o x (1990) ,  sub-optima l  empirica l  decisio n 
boundarie s ar e expected .  O n th e othe r  hand ,  th e gradien t  o f 
th e respons e surfac e abou t  th e boundar y m a y o r  m a y no t  b e 
optimal .  I f  i t  i s  not ,  the n bot h thes e type s o f  non -
optimalit y nee d t o b e explained . 

Noise 

O ne notio n o f  wha t  separate s th e observe d fro m optima l 
respons e surface s i s tha t  ther e i s likel y t o b e perceptual , 
criteria l  (Ashb y &  M a d d o x 1993 )  o r  respons e (Kalish , 
1993 )  noise .  Allo w perceptua l  nois e z  t o b e normall y 
distribute d wit h mea n |iz = 0  an d Sz=ICJz '  the n th e perceive d 
stimulu s s '  i s  th e su m o f  th e presente d stimulu s S i  an d th e 
nois e z .  Recal l  tha t  s \  (whethe r  i  i s  categor y A  o r  B )  i s 
norma l  wit h mea n [l \  an d covarianc e Si . 
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Figur e 1  Th e tw o categorie s fro m experimen t  (1 )  ar e show n i n (a )  a s tw o frequenc y distributions .  A  slic e paralle l  t o th e 
stimulu s plan e (b )  reveals  equiprobabilit y  contour s whic h ar e show n alon g wit h th e optima l  decisio n boundary . 

the n s '  i s  norma l  wit h mea n fi j  an d covarianc e S i+Zz -
Therefore ,  th e posterio r  probabilit y  o f  categor y A  give n 
perceive d stimulu s s '  i s  just :  p'(Als )  =  p(Als') . 

Sinc e increase d nois e i s equivalen t  t o drawin g stimul i 
fro m categorie s wit h large r  variance ,  perceptua l  nois e 
effectivel y move s th e tw o distribution s close r  togethe r 
(make s the m les s discriminable )  an d therefor e move s th e 
optima l  decisio n boundary .  Thi s movemen t  i s alway s 
towar d les s curve d boundaries ,  movin g i n thi s cas e fro m a n 
ellips e t o a  hyperbol a t o a  line . 

Criteria l  nois e i s a  proces s whic h perterb s th e criterio n (o r 
th e subject' s abilit y  t o discriminat e th e posterio r  fro m th e 
criterion) .  Allo w criteria l  nois e c  suc h that : 

r(Als )  = 
^li f  p ' ( A l s ) - p ' ( B l s ) > c 

0 otherwis e (2 ) 

I f  c  i s  a  Laplac e rando m variable ,  the n th e step-functio n i s 
transforme d int o a  logistic .  Proof s o f  th e equivalenc e 
betwee n th e deterministi c an d probabilisti c  respons e 
selectio n model s exten d bac k t o Luc e (1963) .  Fo r  brevity , 
thi s pape r  wil l  focu s onl y o n th e probabilit y  matchin g 
surface ,  i.e. ,  wher e th e probabilit y  o f  respondin g A  whe n 
show n stimulu s s ,  r(Als )  i s  equa l  t o p'(Als) . 

Respons e nois e i s equivalen t  t o randoml y guessin g abou t 
whic h categor y labe l  t o assig n t o a  stimulu s som e fixed 
proportio n o f  th e time .  So ,  assumin g n o bia s i n guessing : 

r'(Als )  =  ( 1 -  a ) r (A ls )  +  a / 2 (3 ) 

wher e a  i s th e guessin g rate .  Respons e nois e ha s n o effec t 
on th e decisio n boundary ,  bu t  doe s chang e th e respons e 
surfac e gradient ;  th e slop e o f  th e logisti c i s decrease d wit h 
increasin g a . 

O ne migh t  reasonabl y hypothesiz e tha t  subject s coul d 
reduc e th e siz e o f  thes e tw o nois e quantitie s durin g learning . 
I f  th e leve l  o f  a  goe s dow n durin g learning ,  the n subject s ar e 
perceivin g th e stimul i  mor e accuratel y a t  th e en d o f  th e 
experiment .  I f  a  decreases ,  the n subject s ar e bein g mor e 
cautiou s abou t  makin g avoidabl e errors . 

Restricted optimization 

Respons e nois e alon e canno t  produc e change s i n decisio n 
boundaries ,  an d additiv e Gaussia n perceptua l  nois e ca n resul t 
onl y i n boundarie s whic h ar e les s sharpl y curve d tha n 
optimal .  I f  th e boundarie s ar e mor e comple x tha n i s 
optimal ,  o r  i f  the y ar e to o sharpl y curved ,  perceptua l  nois e 
canno t  provid e a n explanation .  A n alternativ e i s t o conside r 
categor y learnin g a s a n adaptiv e process ,  an d loo k t o 
adaptiv e system s fo r  explanation s o f  non-optima l  behavior . 
Thi s i s th e theor y behin d th e us e o f  connectionis t  network s 
t o understan d huma n categor y learnin g (Kruschk e 1993) . 

Bac k propagatio n traine d network s are ,  asymptotically , 
optima l  classifiers .  However ,  the y depen d o n a  numbe r  o f 
resource s i n orde r  t o converg e o n th e optima l  weights ,  th e 
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effect s o f  whic h ca n largel y b e determine d onl y empirically . 
Th e resource s relevan t  t o network s a s a  mode l  o f  h u m a n 
categor y leamin g are : 

1)  P A R A M E T E R I Z A T I O N:  A  sufficientl y parameterize d 
networ k i s  on e suc h tha t  additiona l  parameter s canno t 
significantl y reduc e error . 

2 )  C O N V E R G E N C E:  Networ k trainin g algorithm s requir e 
enoug h exposure s t o th e dat a a t  appropriat e learnin g rate s t o 
minimiz e error . 

3 )  D A T A S U F H C I E N C Y:  Dat a ar e sufficien t  whe n a  full y 
converged ,  sufficientl y parameterize d networ k traine d o n 
sufficien t  dat a wil l  generaliz e perfectly . 

4 )  N E T W O RK C O M P L E X I T Y:  Th e basi s function s (hidde n 
units )  o f  a  networ k determin e wha t  function s wil l  b e 
approximate d mos t  readily . 

5)  D A T A C O M P L E X I T Y:  A  networ k o f  fixe d parameter s i s 
limite d i n th e complexit y o f  th e functio n i t  ca n estimate . 
For  example ,  categor y boundarie s mus t  b e o f  bounde d 
dimensionality . 

6 )  C O S T F U N C T I O N :  Fo r  an y distributio n o f  trainin g 
data ,  optima l  networ k parameter s ca n onl y b e guarantee d 
when th e information-theoreticall y appropriat e cos t  functio n 
i s used . 

A modifie d optimalit y hypothesi s (Kalis h 1993 )  hold s 
tha t  thes e restriction s ar e th e caus e o f  observabl e non -
optimalitie s i n categorization .  Parameterizatio n an d 
convergenc e ca n b e continuousl y varied ,  bu t  networ k 
complexit y i s  mor e difficul t  t o modulate .  I n thi s paper , 
complexit y i s  varie d b y usin g tw o type s o f  basi s functions : 
linea r  sigmoid s an d radia l  Gaussian s wit h tunabl e 
covariance . 

To recap :  fo r  an y give n categorizatio n task ,  performanc e i s 
eithe r  optima l  wit h respec t  t o a  reasonabl e objectiv e 
function ,  o r  i t  i s  not .  A n y numbe r  o f  model s ca n achiev e 
optima l  categorization ,  bu t  eac h make s differen t  prediction s 
abou t  h o w performanc e change s a s peopl e learn .  T h e 
optimalit y m o d e l  use s nois e t o explai n suboptima l 
performance ,  whil e th e restricte d adaptiv e syste m model s 
depen d o n th e effect s o f  thei r  variou s resources .  I n orde r  t o 
distinguis h th e models ,  behavio r  o f  subject s i n tw o categor y 
learnin g experiment s w a s compare d agains t  mode l 
predictions . 

Experiment One 

The C R T o f  Ashb y &  Maddo x (1990 )  propose d tha t  subject s 
lear n t o us e quadrati c decisio n boundaries .  Thi s experimen t 
teste d tha t  hypothesi s b y providin g a  quadrati c optima l 
bound .  Th e exten t  t o whic h subject s approache d tha t  bound . 

and ho w the y di d s o serv e a s th e evidenc e fo r  distinguishin g 
th e optima l  and  R A S models . 

Method 

Subjects Seven undergraduate students from UCSD were 
pai d t o participat e i n singl e on e hou r  sessions .  The y 
receive d a  bonu s paymen t  whic h increase d wit h th e 
proportio n o f  correc t  responses . 

wid t h 
^ 1 

/ ^ ^ ^  ^ ^ 

• 

heigh t 

? 

Figur e 2  A  sampl e stimulu s fro m th e experiments .  Th e 
widt h o f  th e mushroom' s ca p and  heigh t  o f  it s  ste m wer e th e 

tw o dimension s alon g whic h categorie s wer e defined . 

Apparatus The stimuli were schematic mushroom shapes, 
picture d i n figur e 2 .  Stimul i  wer e draw n fro m th e tw o 
categorie s i n figur e 1 ,  wit h th e min imu m possibl e chang e i n 
eithe r  stimulu s dimensio n se t  a t  1/12t h o f  a n inch .  Stimul i 
wer e displaye d b y a  Macintos h Ilc i  compute r  o n a  colo r 
monitor .  Subject s mad e response s o n a  numeri c keypa d wa s 
covere d b y a  shiel d throug h whic h th e tw o respons e key s 
alon e extende d 

Procedure Each subject was read a set of instructions by 
th e experimente r  whil e viewin g a  sampl e stimulus . 
Subject s wer e tol d t o d o thei r  bes t  t o classif y th e stimul i 
int o tw o types ,  a s indicate d b y a  ton e receive d whe n th e 
respons e di d no t  matc h th e clas s fro m whic h th e stimulu s 
had bee n drawn .  Subject s wer e tol d tha t  perfec t  performanc e 
was attainabl e onl y b y chance ,  an d tha t  th e decisio n o f  clas s 
membershi p woul d b e mor e equivoca l  fo r  som e stimul i  tha n 
others . 

Bloc k Bound 
Tabl e 1 :  Th e optima l  an d bes t  fittin g polynomia l  bound s fo r  eac h bloc k 

-/  .. 4 -3.1 8 =  0.527>'-8.1*10-^;c^-0.012/+9.3*10-^x/-8.62*10"xy^ + 6.48*10-') ' 
-9.5 8 =  0.1607x-0.2857>'-2.0*10-'a:'> '  +  2.475*10"'x>;̂ 3 
-5.7 4 =  0.2116;c-0.2601>'-1.0*10-^x^6.58*10"* / 
-3.2 6 =  0.2546 x -  0.2204 j  -  2.0 *  10" ^  x ' 
-300. 0 =  -6 .  19a ;  -  S.O y +  0.03a: '  +  0.056x y +  0.02 / 

1 
2 
3 
4 
Optima l 
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Figure 3. Schwartz criterion fits of models to data from Experiment One. The RAS models (BP=linear sigmoid, RBF=radial 
gaussian) ,  whic h embod y a  learnin g theory ,  fi t  th e dat a a s wel l  a s th e noise-affecte d optima l  model ,  whic h wa s fi t  a t  eac h 

bloc k independently .  Th e superiorit y o f  th e logisti c show s tha t  th e respons e surface s ar e no t  quadratic . 

Eac h tria l  wa s generate d b y firs t  randoml y selectin g on e o f 
th e tw o equall y likel y categories .  Th e particula r  stimulu s 
displaye d wa s selecte d accordin g t o th e covarianc e matri x fo r 
th e chose n category .  I f  th e subjec t  chos e th e wron g 
respons e key ,  an d erro r  ton e sounde d fo r  100ms .  Then ,  o r 
50ms afte r  a  correc t  response ,  th e stimulu s disappeare d an d 
th e nex t  wa s displaye d followin g a  150m s intertria l  interval . 

Al l  subject s sa w th e sam e 200 0 experimenta l  trial s i n 4 
block s o f  50 0 trial s each .  A t  th e en d o f  eac h bloc k subject s 
wer e give n a  self-time d res t  perio d an d informe d o f  thei r 
proportio n o f  correc t  responses ,  an d o f  th e valu e o f  thei r 
bonu s payment . 

Results 

Of  th e seve n subject s i n th e experiment ,  onl y on e faile d t o 
d o bette r  tha n chanc e a t  distinguishin g th e categories .  Th e 
dat a from  tha t  subjec t  wa s discarde d from  late r  analysis ;  dat a 
from  th e othe r  si x subject s wa s collapse d afte r  confirmin g 
tha t  ther e wa s n o significan t  differenc e i n th e mean s o f  th e 
judge d categories .  Subject s wer e als o analyze d individually ; 
th e findings  ther e d o nothin g t o contradic t  th e analysi s o f  th e 
grou p data . 

Th e shap e o f  th e respons e surfac e fo r  eac h bloc k wa s 
estimate d usin g a  stepwis e logisti c regressio n procedure . 
Th e fou r  bound s ar e show n i n tabl e 1 .  Eac h i s significantl y 
non-linear ,  an d als o contain s significan t  coefficient s o f 
higher-than-secon d orde r  terms .  T h e succes s o f  th e 
polynomiall y bounde d logisti c i n characterizin g th e dat a ar e 
show n i n figure  3 . 

The abilit y  o f  th e optima l  mode l  t o fit  thes e dat a wa s 
assaye d b y optimizin g th e level s o f  a  an d a  a t  eac h block . 
Th e mode l  fits  ar e show n i n figure  3 .  Th e R A S model s 
wer e fit  o n a  trial-by-tria l  basis ,  optimizin g learnin g rates , 
biase s an d a  scal e facto r  whic h represent s th e relativ e 
discriminabilit y  o f  th e tw o stimulu s dimensions .  Thes e 
result s ar e als o show n i n figur e 3 ,  wher e al l  fits  ar e 
measure d b y th e A IC ,  whic h equalize s fo r  differen t  number s 
of  parameters . 

Discussion 

Thes e dat a provid e a  partia l  replicatio n o f  Ashb y &  Maddo x 
(1990) ,  i n tha t  subject s ar e show n t o hav e non-optima l 
categor y boundaries .  However ,  inspectio n o f  th e boundarie s 
throug h polynomia l  regressio n show s the m t o b e differen t 
fro m th e optima l  (quadratic )  i n for m an d order .  R A S 
model s fit  (nearly )  a s wel l  a s by-bloc k nois y optimalit y 
model ,  an d provid e mor e plausibl e interpretatio n o f  learning . 
The nois e parameter s o f  th e optimalit y mode l  change d non -
monotonicall y acros s blocks ,  whic h i s i n contras t  t o th e 
theor y o f  leaming-as-enror-reduction . 

Experiment Two 

Thi s experimen t  introduce s non-quadrati c boundarie s i n orde r 
t o furthe r  tes t  th e G R T model .  Fou r  Gaussia n distribution s 
wit h separat e covarianc e matrice s m a k e u p th e fou r 
categories .  Th e boundar y betwee n on e categor y an d th e res t 
i s  thu s a  differenc e betwee n mixtures ,  an d ha s a  comple x 
shape .  Th e chose n distribution s ar e show n i n figur e 4 , 
alon g wit h th e optima l  decisio n boundaries . 
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Figur e 4 :  (a )  Categor y equiprobabilit y  contours ,  an d (b )  Optima l  decisio n boundaries ,  fo r  Experimen t  T w o . 

As figur e 4(a )  shows ,  tw o o f  th e categorie s hav e equa l 
means an d zer o covariance ,  differin g onl y i n thei r  varianc e 
terms .  Onl y on e o f  th e distribution s ha s a  non-zer o 
covariance ,  an d on e boundar y i s nearl y linear .  Thi s 
configuratio n o f  categorie s pose s difficul t  challenge s fo r  th e 
learners ,  an d s o a n extende d trainin g regime  wa s use d 

Method 

Subjects Four UCSD students participated for payment 
i n thre e on e hou r  session s ove r  a  singl e week . 

Apparatus The same equipment as in Experiment One was 
used ,  wit h th e exceptio n tha t  fou r  key s wer e constructe d 
from  th e numeri c keypa d 

Procedure Similar instructions as in Experiment One 
wer e given ,  bu t  subject s wer e tol d ther e woul d b e fou r 
'differen t  type s o f  mushrooms '  presented .  Th e thre e trainin g 
session s eac h include d th e sam e 200 0 stimuli ,  divide d int o 
fou r  blocks .  A s before ,  onl y negativ e feedbac k wa s provide d 
t o th e subjects . 

Results 

The decisio n region s o f  th e fou r  categorie s ar e no t  simpl y 
quadraticall y bounded .  However ,  pairwis e comparison s 
betwee n bivariat e norma l  categorie s wil l  revea l  quadrati c 

bounds .  Optimalit y ca n thu s b e measure d b y considerin g 
th e orde r  o f  subject s pairwis e bounds . 

The subjects '  decisio n bound s wer e determine d firom  thei r 
response s fo r  eac h o f  th e twelve  block s o f  training .  Th e 
observe d decisio n bound s containe d m a n y significan t 
coefficient s o f  th e qubi c an d quarti c terms ,  indicatin g tha t 
subject s wer e no t  usin g a  quadrati c boundary .  Th e empirica l 
optima l  bound s wer e estimate d fro m th e trainin g dat a a t  eac h 
block ,  an d wer e wel l  describe d b y a t  mos t  qubi c 
polynomials .  Th e subject s bounds ,  wher e o f  th e sam e order , 
wer e o f  differen t  for m (eg. ,  differen t  qubi c components )  from 
th e optimal .  A s show n i f  figur e S ,  th e R B F an d linea r 
sigmoi d network s bot h achieve d simila r  level s o f  fit , 
indicatin g tha t  th e adde d complexit y o f  th e R B F node s wa s 
not  necessar y t o approximat e th e chang e i n subjects ' 
responses  durin g learning . 

Discussion 

As i n Experimen t  1 ,  subject s adopte d non-optima l  categor y 
boundaries .  Thei r  response s varie d i n proportio n t o th e 
likelihoo d o f  th e chose n category ,  a s show n b y th e fi t  o f  th e 
R AS models .  However ,  th e similarit y betwee n differen t 
R AS fit s sugges t  tha t  mor e genera l  propertie s o f  th e 
system s (eg. ,  gradien t  descen t  technique )  ar e share d b y th e 
subject s i n th e experiment .  I n addition ,  th e non-monotoni c 
change s i n a  an d O  neede d t o fi t  th e optima l  mode l  argu e 
agains t  noise-reductio n a s a  vehicl e o f  learning . 
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Figur e 5  -  Schwart z criterio n fit s  o f  th e thre e theoretica l  model s t o Experimen t  Two .  Th e linea r  sigmoi d an d radia l  gaussia n 
model s ar e nearl y identical ,  indicatin g tha t  commo n propertie s o f  erro r  reductio n ar e a t  work .  A s wit h Experimen t  One ,  th e 

respons e surface s her e ar e no n quadratic ,  althoug h th e fit  o f  th e polynomia l  logisti c i s  no t  shown . 

C o n c l u s i o n 

Bivariat e norma l  categorie s ar e optimall y searate d b y 
quadrati c bounds .  Th e posterio r  probabilit y  o f  on e categor y 
versu s anothe r  i s als o alway s quadratic .  Leading  model s o f 
human categorizatio n predic t  quadrati c respons e surface s 
wheneve r  th e trainin g dat a ar e bivariat e normal .  I n contrast , 
th e Modifie d Optimalit y Hypothesi s predict s tha t  respons e 
surface s onl y becom e quadrati c assymptotically .  Th e R A S 
system s provid e a  priciple d accoun t  o f  changin g non-optima l 
behavior . 

I n thes e experiments ,  th e complexit y o f  th e R A S basi s 
functio n (compositio n o f  th e networ k hidde n layer )  ha d les s 
t o d o wit h thi s succes s tha n di d th e c o m m o n factor s o f 
gradien t  descen t  metho d an d objectiv e function .  T w o factor s 
migh t  explai n thi s emphasis .  First ,  th e networ k model s 
wer e al l  constraine d t o matc h th e dat a o n a  trial-by-tria l 
basis .  A s ha s bee n note d (Chapma n 1991) ,  thi s restrictio n 
i s likel y to o harsh .  Subject s likel y rehears e th e stimuli ,  a t 
leas t  covertly ,  an d s o effectivel y resampl e th e trainin g dat a 
Second ,  th e chose n basi s function s ma y bot h b e inadequat e 
fo r  describin g people' s adaptiv e learnin g (Kruschk e 1993) . 
Usin g mor e psychologicall y plausibl e model s o f 
categorization ,  i t  i s  possibl e t o formulat e an d tes t  R A S 
system s whic h hav e a  close r  correspondanc e t o huma n 
function . 
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