
T h e P l a c e o f  C o g n i t i v e A r c h i t e c t u r e s 

in a Rational Analysis 

John R. Anderson 

Department of Psychology 

Carnegie-Mellon University 

This paper contains a summary of the main points that I will be making in my 
presentatio n a t  th e Cognitiv e Scienc e Meetings .  Som e mor e detail s wil l  b e i n tha t 
presentation .  Al l  th e detail s an d forma l  derivation s wil l  b e foun d i n Anderso n (i n press) . 

This paper will consider the Soar architecture of Laird, Newell, and Rosenbloom (in press), 

my ow n A C T *  architectur e (Anderson ,  1983) ,  an d th e P D P architectur e o f  McClellan d an d 

Rumelhar t  (Rumelhar t  &  McClelland ,  1986 ,  McClellan d &  Rumelhart ,  1986) .  N o w tha t  ther e 

ar e numerou s candidate s fo r  cognitiv e architectures ,  on e i s naturall y le d t o as k whic h migh t 

be th e correc t  on e o r  th e mos t  correc t  one .  Thi s i s a  particularl y difficul t  questio n t o 

answer  becaus e thes e architecture s ar e ofte n quit e remove d fro m th e empirica l  phenomen a 

whic h the y ar e suppose d t o accoun t  for .  I n actua l  practic e on e see s proponent s o f  a 

particula r  architectur e arguin g fo r  tha t  architectur e b y referenc e t o wha t  I  cal l  signatur e 

phenomena .  Thes e ar e empirica l  phenomen a whic h ar e particularl y clea r  manifestation s o f 

th e purporte d underlyin g mechanisms .  Th e clai m i s mad e tha t  th e architectur e provide s 

particularl y natura l  account s fo r  thes e phenomen a an d tha t  thes e phenomen a ar e har d t o 

accoun t  fo r  i n othe r  architectures .  I n thi s pape r  I  wil l  argu e tha t  th e purporte d signatur e 

phenomen a tel l  u s ver y littl e abou t  wha t  i s insid e th e huma n head .  Rathe r  the y tel l  u s a 

lo t  abou t  th e worl d i n whic h th e huma n lives .  Th e majorit y o f  thi s pape r  wil l  b e devote d t o 

makin g thi s poin t  wit h respec t  t o example s fro m th e SOAR,  ACT* ,  an d P D P architecture . 

As a theorist who has been associated with the development of cognitive architectures for 

15 year s I  shoul d sa y a  littl e abou t  ho w I  cam e t o b e advocatin g thi s position .  I  hav e 

bee n strongl y influence d b y Davi d Marr' s (1982 )  metatheoretica l  argument s i n hi s boo k o n 

visio n whic h ar e nicel y summarize d i n th e followin g quote : 

An algorithm is likely to be understood more readily by understanding the nature 

of  th e proble m bein g solve d tha n b y examin g th e mechanis m (an d th e hardware )  i n 

whic h i t  i s  solved . 

Marr made this point with respect to phenomena such as stereopsis where he argued that 

one wil l  com e t o a n understandin g o f  th e phenomen a b y focusin g o n th e proble m o f  ho w 

tw o two-dimensiona l  view s o f  th e worl d containe d enoug h informatio n t o enabl e on e t o 

extrac t  a  three-dimensiona l  interpretatio n o f  th e worl d an d no t  b y focusin g o n th e 

mechanism s o f  stereopsis .  H e though t  hi s viewpoin t  wa s appropriat e t o higher-leve l  cognitio n 

althoug h h e di d no t  develo p i t  fo r  tha t  application .  A s recen t  a s a  fe w year s ag o I  coul d 

not  se e ho w hi s viewpoin t  applie d t o highe r  leve l  cognitio n (Anderson ,  1987) .  However ,  i n 
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the last couple of years I have come to see how it would apply and have realized its 

advantage s Th e basi c poin t  o f  f\/larr' s  wa s tha t  i f  ther e i s a n optima l  wa y t o us e th e 

informatio n a t  han d th e syste m wil l  us e it .  I  hav e state d thi s a s th e followin g principle : 

Principle of Rationality The cognitive system operates at all times to optimize the 

adaptatio n o f  th e behavio r  o f  th e organism . 

One can regard this principle as being handed to us from outside of psychology--as a 

consequenc e o f  basi c evolutionar y principles .  However ,  I  d o no t  wan t  t o endors e thi s 

viewpoin t  o n tha t  principl e becaus e ther e ar e man y case s wher e evolutio n doe s no t  optimize . 

Rather ,  I  vie w i t  a s a n empirica l  hypothesi s t o b e judge d b y ho w wel l  theorie s tha t  embod y 

th e principl e o f  rationalit y d o i n predictin g variou s cognitiv e phenomena .  Developin g a 

theor y i n a  rationa l  framewor k involve s th e followin g 6  steps : 

1. Precisely specify what the goals of the cognitive system are. 

2. Develop a formal model of the environment that the system is adapted to (almost 

certainl y les s structure d tha n th e experimenta l  situation) . 

3. Make the minimal assumptions about computational costs. 

4. Derive the optimal behavioral function given (1H3). 

5. Examine the empirical literatures to see if the predictions of the behavioral function 

ar e confirmed . 

6. If predictions are off, iterate. 

The theory in a rational approach resides in the assumptions in (1) - (3) from which the 

prediction s flow .  I  refe r  t o thes e assumption s a s th e framin g o f  th e informatio n processin g 

problem .  Not e thi s i s a  mechanism-fre e castin g o f  a  psychologica l  theory .  I t  ca n b e 

largel y cas t  i n term s o f  wha t  i s outsid e o f  th e huma n hea d rathe r  tha n inside .  A s suc h i t 

enjoy s anothe r  advantag e whic h i s tha t  it s  assumption s ar e potentiall y  capabl e o f 

independen t  verification . 

S O A R - P o w er  L a w Learnin g 

The signature phenomenon I would like to consider for the SOAR theory is power-law 

learnin g whic h i s reference d i n man y o f  th e S O A R publications .  Thi s refer s t o th e linea r 

relationshi p tha t  i s  obtaine d betwee n th e logarith m o f  th e amoun t  o f  practic e an d th e 

logarith m o f  respons e tim e whic h implie s tha t  th e performanc e measur e i s a  powe r  functio n 

of  practice .  I n th e Soa r  mode l  th e powe r  la w fall s ou t  o f  th e chunkin g learnin g mechanis m 

plu s som e critica l  auxiliar y assumptions.  Chunkin g refer s t o th e collapsin g o f  multipl e 

productio n firing s int o a  singl e productio n firin g tha t  doe s th e wor k o f  th e set .  I t  i s 

assume d tha t  eac h chun k produce s a  performanc e enhancemen t  proportiona l  t o th e numbe r 
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of productions eliminated Chunks are formed at a constant rate-either on every opportunity 

or  wit h equa l  probabilit y  o n ever y opportunity ,  Th e fina l  critica l  assumptio n i s tha t  a s 

chunk s spa n large r  an d large r  unit s th e numbe r  o f  potentia l  chunk s grow s exponentiall y  A s 

a consequenc e o f  th e las t  assumption ,  learnin g wil l  progres s eve r  mor e slowl y becaus e i t 

take s mor e experienc e t o encounte r  al l  o f  th e large r  chunks . 

I will offer a rational analysis of power law learning which will also explain the forgetting 

and massin g functions .  Thi s wil l  b e par t  o f  a  large r  rationa l  analysi s o f  huma n memor y 

whic h i s th e topi c o f  th e nex t  section . 

A Rationa l  Analysi s o f  H u m a n M e m o r y 

The claim that human memory is rationally designed might strike one at least as 

implausibl e a s th e genera l  clai m fo r  th e rationalit y o f  huma n cognition .  H u m a n memor y i s 

alway s disparage d i n compariso n t o compute r  memory-i t  i s  though t  o f  a s slo w bot h i n 

storag e an d retrieva l  an d terribl y unreliable .  However ,  suc h analyse s o f  huma n memor y fai l 

bot h t o understan d th e tas k face d b y huma n memor y an d th e goal s o f  memory .  I  thin k 

human memor y shoul d b e compare d wit h information-retrieva l  system s suc h a s th e one s tha t 

exis t  i n compute r  science .  Accordin g t o Salto n an d McGil l  (1983 )  a  generi c informatio n 

retrieva l  syste m consist s o f  fou r  things : 

(1) There is a data base of files such as book entries in a library system. In the human 

cas e thes e file s ar e th e variou s memorie s o f  thing s past . 

(2) The files are indexed by terms. In a library system the indexing terms might be 

keyword s i n th e book' s abstract .  I n th e huma n cas e th e term s ar e presumabl y th e concept s 

and element s unite d i n th e memory .  Thus ,  i f  th e memor y i s seein g Willi e Stargel l  hi t  a 

home ru n th e indexin g term s migh t  b e Willi e Stargell ,  hom e run .  Thre e River s Stadium ,  etc . 

(3) An information retrieval system is posed queries consisting of terms. In a library 

syste m thes e ar e suggested  keyword s b y th e user .  I n th e cas e o f  th e huma n situatio n i t  i s 

whateve r  cue s ar e presente d b y th e environmen t  suc h a s whe n someon e say s t o m e "Thin k 

of  a  hom e ru n a t  Thre e River s Stadium" . 

(4) Finally there are a set of target files desired by which we can judge the success of 

th e informatio n retrieval . 

One thing that is very clear in the literature on information retrieval systems is that they 

canno t  kno w th e righ t  file s t o retriev e give n a  query .  Thi s i s becaus e th e informatio n i n th e 

querie s doe s no t  completel y determin e wha t  fil e i s wanted .  Th e bes t  informatio n retrieva l 

system s ca n d o i s assig n probabilitie s t o variou s file s give n th e query .  Le t  u s denot e th e 

probabilit y  tha t  a  particula r  fil e i s a  targe t  b y P[A] .  I n decidin g wha t  t o d o informationa l 

retrieva l  system s hav e t o balanc e tw o costs .  On e i s wha t  Salto n a n McGil l  cal l  th e 

precisio n cos t  an d whic h I  wil l  denot e Op .  Thi s i s th e cos t  associate d wit h retrievin g a  fil e 

whic h i s no t  a  target .  Ther e mus t  b e a  correspondin g cos t  i n th e huma n system .  Thi s i s 

th e on e plac e wher e w e wil l  se e a  computationa l  cos t  appearin g i n ou r  rationa l  analysi s o f 
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memory. The other cost Salton and McGill call the recall cost and we will denote it Cp. It 

i s  th e cos t  associate d wit h failin g t o retriev e a  target .  Presumabl y i n mos t  case s i t  i s  muc h 

large r  tha n th e precisio n cos t  fo r  a  singl e fil e o r  memory . 

Given this framing of the information processing problem we can now proceed to specify 

th e optima l  information-processin g behavior .  Thi s i s t o conside r  memorie s (o r  files )  i n orde r 

of  descendin g P(A )  an d sto p whe n th e expecte d cos t  associate d wit h failin g t o conside r  th e 

nex t  ite m i s greate r  tha n th e cos t  associate d wit h considerin g i t  o r  whe n 

P[A] Cjj < {l-P[A]) Cp (11 

We now have a complete theory of human memory except for one major issue--how 

shoul d th e syste m g o abou t  estimatin g P[A] .  I  propos e tha t  th e syste m shoul d us e th e 

item' s pas t  histor y o f  usag e an d th e element s i n th e curren t  contex t  t o com e u p wit h a 

Bayesia n estimat e o f  tha t  probability .  A  particularl y transparen t  wa y o f  statin g thi s i s wit h 

th e Bayesia n odd s ratio n formul a whic h w e ca n stat e 

P(A\H^&Q )  P{A\H^ )  P(i\A ) 

P{A\Ha&Q) P(A\Hj^) f^^ P(i\A) 
(21 

wher e P(A|H^&Q )  i s th e posterio r  probabilit y  tha t  th e memor y i s neede d give n it s pas t  histor y 

and th e cue s i n th e curren t  context ,  P(A|H^&Q )  i s 1-P(A|H^&Q) ,  P(A|H^ )  i s th e posterio r 

probabilit y  give n jus t  th e history ,  P(A|H^ )  =  1-P(A|H^) ,  P(i|A )  i s th e conditiona l  probabilit y  tha t  i 

woul d b e i n th e curren t  contex t  i f  A  i s needed ,  an d P(i|A )  i s th e conditiona l  probabilit y  i f  A 

i s no t  needed .  Thi s wa y o f  formulatin g th e relationshi p _nicel y break s u p th e nee d 

probabilit y  int o th e produc t  o f  a  histor y facto r  P(A|H^)/P(A|H^ )  plu s a  contex t  facto r  th e 

produc t  involvin g th e P(i|A)/P(i/A) .  Not e tha t  i n thi s contex t  facto r  w e ar e assumin g th e 

individua l  cue s ar e independen t  o f  on e anothe r  i n orde r  t o obtai n a  product .  I  neithe r  wan t 

t o argu e tha t  thi s i s reall y tru e no r  tha t  th e huma n syste m actuall y act s a s i f  i t  is .  I  a m 

onl y usin g thi s a s a n approximatio n t o ge t  a n indicatio n o f  wha t  th e rationa l  prediction s are . 

The History Factor 

In investigating the implications of this rational analysis for the power-law learning function 

we nee d t o focu s o n th e histor y facto r  i n th e abov e equation .  I n particula r  w e nee d t o 

specif y  P(A|H^) .  T o determin e thi s w e nee d t o kno w ho w th e pas t  histor y o f  usag e o f  a 

memory trac e predict s whethe r  i t  wil l  b e currentl y used .  T o determin e thi s i n a  trul y vali d 

objectiv e wa y w e woul d hav e t o follo w peopl e around ,  determin e whe n the y us e particula r 

facts ,  an d induc e wha t  th e empirica l  relationshi p is .  I t  i s  nearl y impossibl e t o imagin e 

collectin g suc h objectiv e statistic s i n th e huma n cas e bu t  suc h statististic s ar e availabl e fo r 

othe r  informatio n retrieva l  systems .  Fo r  instance ,  ther e i s dat a abou t  ho w pas t  borrowing s 

fro m a  librar y predic t  futur e borrowings(Burrell ,  1980 ;  Burrel l  &  Cane ,  1982) .  Ther e i s dat a 
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about how past accesses to a file predict future accesses(Stritter, 1977), The data for 

thes e differen t  domain s i s quit e simila r  i n term s o f  th e natur e o f  th e functiona l  relationshi p 

betwee n pas t  us e an d curren t  use .  I  propos e tha t  thes e relationship s ar e tru e o f  al l 

informatio n retrieva l  system s includin g th e huma n one . 

Burrell developed a model for library borrowings which provides a good analytical starting 

point .  Ther e ar e thre e basi c assumption s i n Burrel l  s  model .  Th e firs t  i s  tha t  th e item s i n 

a syste m var y i n thei r  desirability .  Burrel l  assume s tha t  th e distributio n o f  desirabilit y  i s  a 

g a m ma distributio n wit h paramete r  b  an d inde x v .  H e i s abl e t o basicall y sho w suc h a 

distributio n o f  borrowing s i n th e cas e o f  a  librar y system .  Th e secon d assumptio n tha t 

Burrel l  make s i s tha t  ther e i s a n agin g proces s suc h tha t  item s wil l  deca y i n thei r  borrowin g 

rat e wit h th e passag e o f  time .  Agai n h e ca n empiricall y validat e tha t  suc h a n agin g 

proces s doe s occur .  Thi s mean s tha t  i f  w e tak e a n ite m fro m th e g a m ma distributio n wit h 

initia l  desirabilit y  X  it s desirabilit y  afte r  tim e t  wil l  b e Xr(t )  wher e r(t )  describe s th e rat e o f 

decay .  Burrel l  use s a  simpl e exponentia l  deca y i n rat e o f  th e form .  Th e thir d assumptio n 

of  Burrel l  i s  tha t  borrowing s ar e a  Poisso n proces s an d tha t  time s unti l  nex t  borrowin g ar e 

exponentiall y  distribute d wit h rat e Xr(t) . 

With these assumptions we can derive what I call the recency-frequency function RF(n,t) 

whic h i s th e probabilit y  tha t  a n ite m introduce d t  tim e unit s ag o an d use d n  time s ove r  tha t 

perio d wil l  b e neede d i n th e curren t  tim e unit .  I t  produce s a  linea r  relationshi p betwee n 

number  o f  uses ,  n ,  an d nee d probability .  Thi s i s a  specia l  cas e o f  a  powe r  function . 

When w e conside r  plausibl e monotoni c transformation s fro m nee d probabilit y  t o latenc y th e 

linea r  relationshi p disappear s bu t  th e powe r  functio n relationshi p remains .  Becaus e o f  th e 

agin g facto r  r(t )  w e win d u p predictin g th e forgettin g functio n quit e accuratel y a s well . 

Thus, we have shown that power law learning can be predicted from a rational perspective 

whic h see s huma n memor y a s adaptin g t o th e statistic s o f  informatio n use .  Thus ,  i t  i s  wha t 

i s outsid e th e huma n hea d no t  wha t  i s insid e tha t  i s controllin g th e memor y performance .  I 

shoul d emphasiz e tha t  thi s doe s no t  den y tha t  chunkin g ma y b e on e o f  th e mechanism s th e 

min d use s t o achiev e thi s adaption .  However ,  th e argumen t  i s tha t  th e rea l  explanatio n i s 

i n th e outsid e worl d an d no t  i n th e interna l  mechanisms . 

A C T * - - T h e F a n Effec t 

Now I would like to turn to the second architecture, ACT*, and consider a signature 

phenomeno n whic h ha s playe d a  ke y rol e i n it s development .  Thi s i s th e fa n effec t 

(Anderson ,  1983 )  .  A  typica l  experimen t  i s focuse d o n subjects '  abilit y  t o recogniz e sentence s 

tha t  the y hav e learned .  Accordin g t o ACT* ,  upo n bein g presente d wit h a  sentenc e suc h a s 

"Th e lawye r  i s i n th e park "  th e subjec t  activate s th e concept s i n th e sentenc e suc h a s 

lawyer ,  in ,  an d park .  Activatio n spread s fro m thes e concept s alon g variou s networ k paths . 

The tim e t o recogniz e a  sentenc e i s a  functio n o f  th e amoun t  o f  activatio n reachin g th e 

propositio n node .  Th e critica l  additiona l  assumptio n i n th e A C T *  theor y i s tha t  th e amoun t 

of  activatio n tha t  ca n sprea d ou t  o f  a  nod e i s fixe d an d tha t  th e mor e path s emanatin g ou t 

of  a  concep t  th e les s activatio n ca n g o t o an y on e propositio n an d s o th e slowe r 

recognitio n wil l  be .  Fa n refer s t o th e numbe r  o f  suc h path s an d i s manipulate d b y 

manipulatin g th e numbe r  o f  fact s studie d abou t  a  concep t  lik e lawyer . 
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We can extend our previous rational analysis of the fan fan effect to accomodate the fan 

effect .  Her e w e wil l  b e intereste d i n analyzin g th e contex t  facto r  rathe r  tha n th e histor y 

facto r  sinc e w e ar e manipulatin g propertie s o f  th e memor y cues_tha t  w e presente d t o 

subjects .  Tha t  i s w e wan t  t o focu s o n th e quantitie s P(i|A)/P(i|A )  wher e th e i  ar e concept s 

lik e lawye r  an d th e A  ar e th e sentence s t o b e recalled .  W e ca n rewrit e thes e a s 

PU\A]  PiA\i)P{iyP{A ) 

P{i\A )  P{A\i)P{i) l  P{A ) 
(31 

The P(i )  dro p out .  Sinc e P(A )  mus t  b e nea r  on e (ther e ar e million s o f  trace s an d n o on e 

ca n b e ver y probable )  i t  ca n als o b e ignored .  T o a n approximatio n w e ca n als o ignor e 

P(A|i) .  Thi s i s a  goo d approximatio n t o th e exten t  tha t  th e probabilit y  o f  needin g a  trac e 

remain s lo w eve n i n th e presenc e o f  a  predictiv e cue .  I f  w e allo w thi s approximatio n w e 

get  th e followin g whic h i s ver y eas y t o analyze : 

P{i\A )  P{A\i ) 

PUIA )  P{A ) 
141 

Our  claim s d o no t  depen d o n makin g thi s approximation .  I t  i s  jus t  tha t  the y ar e a  lo t 

easie r  t o se e wit h th e approximation .  I n ou r  experiment s P(A )  i s basicall y constan t  fo r  al l 

item s an d s o th e critica l  facto r  turn s ou t  t o b e th e probabilit y  tha t  th e trac e i s releven t 

give n a  particula r  cue .  Thi s i s precisel y wha t  i s manipulate d b y fa n i n a  typica l  experiment . 

The mor e fact s associate d wit h a  particula r  concep t  th e les s likel y an y on e i s give n th e 

concept .  Basicall y i f  th e fa n i s n  th e probabilit y  i s 1/n .  Anderso n (1976 )  di d a n experimen t 

tha t  decorrelate d fa n an d probabilit y  b y manipulatin g th e probabilit y  o f  testin g variou s fact s 

associate d wit h a  particula r  concept .  Tha t  experimen t  showe d conclusivel y tha t  th e critica l 

facto r  i s probabilit y  an d no t  fan . 

Thus, the fan effect is a consequence.of memory using the correlation between cues and 

a memor y s  relevenc e t o predic t  whe n th e memor y i s needed .  I t  ma y b e tha t  spreadin g 

activatio n i s on e o f  th e mechanism s tha t  th e min d use s t o comput e th e correlation . 

However ,  fo r  curren t  purpose s th e critica l  fac t  i s  onc e agai n tha t  th e explanatio n o f  th e 

phenomen a lie s i n wha t  i s outsid e o f  th e huma n hea d an d no t  wha t  i s inside . 

P DP - -  Categorizatio n 

PDP models involve representing knowledge in a distributed form where specific 

experience s d o no t  hav e specifi c  encodings .  O n th e othe r  han d P D P model s d o learnin g 

locall y suc h tha t  change s i n strength s o f  connectio n betwee n specifi c  element s mus t  underli e 

thes e distribute d encodings .  Thi s lead s P D P model s t o naturall y produc e generalizatio n 

phenomen a suc h tha t  the y extrac t  centra l  tendencie s ou t  o f  th e experienc e o f  specifi c 

instances .  I n introducin g P D P models ,  fvlcClelland ,  Rumelhart ,  &  Hinton(1986 )  giv e a  lo t  o f 

pla y t o categorizatio n phenomen a whic h i s th e identificatio n o f  c o m m o n categorie s i n a  se t 

of  tendencies .  I t  receive s mor e pag e spac e i n thei r  articl e tha n an y othe r  phenomena . 

Ther e i s a  substantia l  literatur e i n cognitiv e psycholog y o n categorizatio n behavior . 
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McClelland el al. do not actually simulate any specific experiment in this literature but 

rathe r  offe r  a  simulatio n o f  th e extractio n o f  th e characteristic s o f  th e member s o f  tw o 

gang s (th e jet s an d th e sharks )  a s a  prototyp e o f  th e experiment s i n th e literatur e 

To develop a rational analysis of categorization behavior the first thing we need to ask is 

what  ar e th e goal s o f  th e cognitiv e syste m i n formin g categories .  I n muc h o f  th e 

experimenta l  literatur e o n categorizatio n on e get s th e feelin g tha t  th e drivin g forc e behin d 

categorizatio n i s som e sor t  o f  socia l  conformity-tha t  w e nee d t o lear n t o us e th e sam e 

label s t o describ e object s a s d o othe r  people .  However ,  thi s clearl y canno t  b e al l  o f  th e 

picture ,  particularl y becaus e peopl e ca n lear n t o identif y categorie s i n th e absenc e o f  an y 

labels .  I  thin k th e rea l  functio n o f  categorizatio n i s t o maximiz e th e system' s abilit y  t o 

predic t  propertie s o f  object s includin g thei r  labels .  Clearly ,  a  syste m tha t  ca n mak e 

accurat e prediction s wil l  b e i n a  positio n t o maximiz e it s goals . 

The reason people form categories to maximize prediction is because of the nature of 

object s i n th e externa l  world .  Formally ,  th e followin g i s th e characterizatio n tha t  I  wil l 

assume i n m y rationa l  derivations .  I  wil l  assum e tha t  th e worl d see n s o fa r  ha s consiste d 

of  n  object s whic h ar e partitione d int o s  disjoin t  set s o r  categories .  Eac h objec t  ca n b e 

classifie d accordin g t o som e r  dimension s (fo r  simplicit y I  wil l  onl y conside r  cardina l 

dimensions )  wher e eac h dimensio n i  ha s som e m |  values .  Th e member s o f  a  categor y 

belon g i n tha t  categor y b y virtu e o f  possessin g theoretica l  probabilitie s P| .  tha t  the y wil l 

displa y valu e j  o n dimensio n i .  Thes e probabilitie s provid e th e intensiona l  definitio n o f  a 

categor y i n contras t  t o it s extensiona l  definitio n whic h ca n b e gotte n simpl y b y listin g th e 

categor y members . 

These assumptions are intended as descriptions of the external world not just of the 

perceptio n o f  th e worl d i n th e huma n head .  On e ca n as k wh y th e object s i n th e worl d 

shoul d partitio n themselve s i n disjoin t  partition s define d b y conjunction s o f  features .  I 

canno t  sa y I  kno w th e tota l  answe r  bu t  ther e ar e som e obviou s thing s t o poin t  at .  Fo r 

instanc e ther e i s th e geneti c phenomeno n o f  specie s whic h enforce s a  disjoin t  (n o 

crossbreeding )  partitionin g o f  conjunctivel y define d categorie s (th e c o m m o n geneti c cod e 

withi n a  species) .  Othe r  type s o f  object s lik e physica l  element s an d tool s ten d t o produc e 

simila r  disjoin t  partitioning s o f  conjunctivel y define d categories .  On e ca n als o questio n th e 

probabilisti c  definitio n o f  categor y membershi p sinc e thi s i s i n contradictio n t o th e traditio n i n 

th e artificia l  intelligenc e wor k o n categories .  However ,  I  thin k i t  i s  indisputabl e tha t  categor y 

members d o displa y thei r  feature s wit h onl y certai n probabilities .  Mos t  labrador s ar e blac k 

and hav e fou r  leg s bu t  neithe r  featur e i s displaye d universally . 

From these assumptions one can derive a Bayesian algorithm to assign objects to 

categorie s an d t o estimat e th e theoretica l  probabilitie s p̂ j .  Again ,  I  d o no t  hav e th e spac e 

t o g o int o th e detail s o f  th e algorithm .  I  hav e applie d th e algorith m t o th e no w classi c 

dat a o f  Medi n an d Schaffe r  (1978 )  wher e i t  di d bette r  tha n thei r  origina l  mode l  usin g onl y a 

singl e paramete r  rathe r  tha n thei r  many .  I  hav e als o applie d i t  t o th e lon g serie s o f 

experiment s involvin g th e Posne r  an d Keel e (1968 )  stimul i  usin g a n encodin g o f  thes e 

material s develope d b y Hintzma n (1986) .  I t  account s fo r  al l  th e phenomen a tha t  Hintzma n 

list s fo r  thes e materials ,  I  hav e als o successfull y predicte d th e result s o f  a  complicate d 

experimen t  o f  Eli o an d Anderso n (1981 )  whic h n o mode l  befor e Hintzman' s wa s abl e t o 
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account for. Rather than discussing the specific experiments in detail it is worthwhile listing 

some o f  th e majo r  phenomen a tha t  ar e know n abou t  huma n categorizatio n an d explainin g 

ho w th e mode l  account s fo r  each : 

1. Clearly the research indicates that, to a degree, people extract the central tendency of 

a se t  o f  instance s i n tha t  thei r  behavio r  i s a  functio n o f  th e distanc e fro m tha t  centra l 

tendency .  Thi s simpl y reflect s a  sensitivit y t o th e statistica l  correlatio n betwee n feature s an d 

categor y identit y whic h amount s t o usin g conditiona l  probabilitie s i n a  Bayesia n analysis . 

2. In addition to distance from a central tendency the literature has found an effect of 

distanc e fro m specifi c  examples(eg. ,  Medi n &  Schaffer ,  1978) .  Thi s i s produce d b y th e 

tendenc y o f  th e mode l  t o brea k divers e categorie s int o subcategorie s wher e th e feature s 

cluste r  together .  Th e reaso n fo r  thi s i s tha t  predictiv e powe r  i s gaine d b y suc h 

decomposition . 

3. It has shown that when a category has multiple central tendencies subjects can pick 

thi s u p (Neumann ,  1977) .  A s wit h poin t  (2 )  thi s i s produce d b y th e tendenc y t o brea k a 

larg e divers e categor y int o smalle r  categorie s tha t  increas e predictability . 

4. There is an effect of category size as was discussed with respect to the Posner & 

Keel e task .  Thi s i s simpl y a  sensitivit y t o bas e rates . 

5. Rosch, Mervis, Gray, Johnson, Boyes-Braem (1976) has documented the many 

circumstance s i n whic h ther e appea r  t o basi c leve l  categories .  Th e existanc e o f  suc h 

categorie s i n ou r  framewor k i s simpl y a  consequenc e o f  th e fac t  tha t  thes e categorie s 

maximiz e th e predictabilit y  o f  th e world-whic h i s basicall y Rosc h s  origina l  point . 

6. It is not necessary for feedback on category membership to be given in order for 

categorie s t o emerge(Frie d an d Holyoak ,  1984) .  Categorie s wil l  emerg e an y tim e the y 

increas e i n predictabilit y  o f  th e universe .  However ,  b y applyin g categor y label s w e increas e 

th e amoun t  o f  structur e tha t  ca n b e predicte d an d s o enhanc e th e valu e o f  categor y 

membership .  So ,  label s shoul d enhanc e categorizatio n bu t  ar e no t  essential . 

7. The more things that can be predicted from category membership the more likely a 

categor y i s t o b e forme d eve n thoug h thi s mean s on e ha s t o lear n mor e abou t  a  categor y 

(Biiiman ,  1983) . 

Thus it seems that categorization phenomena can be again explained from a rational 

perspectiv e assumin g tha t  th e controllin g facto r  i s th e structur e o f  th e worl d an d no t  th e 

structur e i n th e huma n head .  Not e agai n thi s analysi s doe s no t  den y tha t  P D P mechanism s 

may b e th e wa y tha t  th e min d implement s thi s rationa l  analysis .  However ,  i t  denie s tha t 

P DP model s provid e a n adequat e explanatio n o f  th e phenomena . 
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Conclusions 

In summary we have looked at three cognitive architectures For each we have have 

take n a  signatur e phenomeno n an d develope d a  reasonabl e mode l  o f  th e worl d i n whic h 

tha t  phenomeno n occur s an d th e goal s o f  human s operatin g i n tha t  world .  W e hav e mad e 

a fe w assumption s abou t  computationa l  cost s whic h ar e no t  a t  al l  mechanis m specifi c  W e 

hav e derive d th e signatur e phenomen a a s solution s t o th e optimizatio n problem s w e define d 

I n eac h cas e thi s rationa l  analysi s le d t o a n accoun t  tha t  wa s a s accurat e o r  mor e accurat e 

tha n th e origina l  mechanisti c account . 

Now we come to the hard question of what the implications are of these demonstrations. 

I  a m no t  reall y sur e wha t  th e implication s ar e bu t  I  wil l  hazar d a  guess .  Thi s i s tha t 

cognitiv e architecture s shoul d b e viewe d a s notation s fo r  expressin g th e behaviora l  function s 

tha t  emerg e a s th e solution s t o th e optimizatio n problem s i n a  rationa l  analysis .  Th e rea l 

theor y lie s i n th e assumption s mad e i n th e statemen t  o f  th e optimizatio n problem--!.e. ,  th e 

assumption s abou t  th e goals ,  th e world ,  an d th e computationa l  limitations .  Thes e 

assumption s d o no t  hav e th e sam e identifiabilit y  problem s tha t  th e mechanisti c model s d o 

and lea d t o a  muc h deepe r  explanatio n o f  th e phenomen a a t  hand .  However ,  somethin g 

computationall y powerfu l  lik e a  Turing-equivalen t  architectur e i s necessar y i f  w e ar e goin g t o 

be abl e t o expres s th e solutio n t o thes e optimizatio n problems . 

Thus the theory is in the framing of the information processing problem and the 

architecture s provid e notatio n fo r  expressin g th e solution s t o th e optimizatio n problem s I 

se e a  one-to-man y mappin g betwee n f-aming s an d architectures .  Tha t  is ,  on e ca n tak e a 

singl e framin g an d fo r  ever y architectur e fin d som e configuratio n o f  it s  mechanism s tha t 

enabl e th e optima l  behavio r  t o b e computed .  Choic e amon g architecture s i s the n no t  t o b e 

determine d b y veracit y o f  empirica l  predictions .  Rathe r  i t  i s  t o b e determine d b y ho w eas y 

it  i s  t o wor k ou t  th e optima l  behavio r  i n tha t  architecture .  Eas e o f  us e i s th e classi c 

criterio n fo r  selectin g amon g notations .  Empirica l  veracit y i s reserve d fo r  theories , 
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