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Abstrac t 

In a major theoretical paper, Gigerenzer and Goldstein 
(1996a )  argu e tha t  classica l  rationalit y shoul d b e rejecte d 
as a  nor m o f  goo d reasoning ,  an d tha t  thi s thesi s 
undermine s bot h rationa l  model s o f  huma n though t  an d th e 
alternativ e heuristics-and-biase s program .  The y illustrat e 
thei r  argumen t  b y proposin g tha t  a  specifi c  cognitiv e 
estimatio n proble m ma y b e carrie d ou t  b y th e 'Tak e th e 
Best "  algorithm ,  whic h i s  "fas t  an d frugal, "  bu t  no t 
rational .  W e argue :  (1 )  tha t  "fas t  an d frugal "  cognitiv e 
algorithm s ma y approximat e rationa l  norms ,  an d onl y i n 
thi s wa y ca n thei r  succes s b e explained ;  an d (2 )  tha t  ne w 
compute r  simulations ,  an d consideration s o f  spee d an d 
generality ,  sugges t  tha t  othe r  algorithm s ar e a t  leas t  a s 
psychologicall y plausibl e a s Tak e th e Best . 

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

Gigerenze r  an d Goldstei n (1996 ;  hencefort h G & G ;  se e als o 
Goldstei n &  Gigerenzer ,  1996 )  argu e tha t  huma n reasonin g 
violate s classica l  norm s o f  rationalit y bu t  nonetheles s i s 
adapte d t o th e problem s tha t  i t  face s i n th e rea l  world . 
H u m an reasonin g i s  fast ,  fruga l  an d effective—bu t  no t 
rational .  The y illustrat e thi s proposa l  i n th e settin g o f  a 
cognitiv e estimatio n problem :  Decidin g whic h i s th e large r 
of  tw o cities ,  base d o n a  lis t  o f  feature s o f  eac h city .  The y 
presen t  compute r  simulation s comparin g a  ver y simpl e 
decisio n procedure ,  Tak e th e Best ,  base d o n Gigerenzer' s 
probabilisti c  menta l  model s accoun t  (Gigerenzer ,  Hoffrag e & 
Kleinbolting ,  1991) ,  wit h a  rang e o f  alternativ e algorithms . 

G & G hav e take n importan t  step s i n developin g theorie s o f 
"fas t  an d frugal "  reasoning ,  an d provide d a  stimulatin g 
discussio n o f  th e relationshi p betwee n huma n reasonin g an d 
rationa l  norms .  However ,  w e believ e thei r  conclusion s t o b e 
mistaken .  I n thi s paper ,  w e pu t  forwar d tw o challenge s t o 
G & G ' s arguments .  First ,  w e argu e tha t  h u m a n reasonin g 
must  b e compare d agains t  rationa l  norms ,  i n orde r  t o explai n 
w hy people' s "fas t  an d frugal "  reasonin g strategie s ar e 
successful .  Specifically ,  w e sugges t  tha t  G & G ' s radica l 
rejectio n o f  classica l  rationalit y stem s fro m conflatin g tw o 
level s o f  explanation :  th e leve l  o f  rationa l  analysi s 
(Anderson ,  1990 ,  1991a ;  Oaksfor d &  Chater ,  1994 ,  1995 ) 

wher e classica l  rationalit y holds ;  an d th e leve l  o f  cognitiv e 
algorithm s whic h ar e bounde d b y cognitiv e limitations ,  bu t 
whic h m a y serv e a s approximation s t o rationa l  norms . 
Second ,  w e presen t  simulation s comparin g Tak e th e Bes t 
agains t  a  rang e o f  alternativ e model s whic h hav e bee n widel y 
use d i n psycholog y o r  artificia l  intelligence .  Al l  thes e 
algorithm s hav e simila r  level s o f  performanc e o n th e 
estimatio n proble m G & G consider ,  whic h indicate s tha t  thi s 
proble m doe s no t  usefull y discriminat e betwee n cognitiv e 
algorithms .  W e argu e tha t  consideration s o f  generalit y an d 
spee d sugges t  tha t  othe r  algorithm s ar e a t  leas t  a s 
psychologicall y plausibl e a s Tak e th e Best . 

Bounded Rationality and 
th e E x p l a n a t i o n o f  H u m a n I n f e r e n c e 

Almos t  al l  aspect s o f  cognitio n involv e uncertai n inference , 
fro m wor d perceptio n t o learnin g t o moto r  control .  Al l  o f 
thes e inference s ar e provisiona l  an d uncertain ,  an d m a y b e 
revise d i n th e ligh t  o f  mor e informatio n (e.g. ,  Oaksfor d & 
Chater ,  1991) .  But ,  overall ,  huma n uncertai n inferenc e i s 
spectacularl y successful—th e cognitiv e syste m vastl y 
outperform s th e mos t  sophisticate d artificia l  intelligenc e 
system s i n almos t  ever y real-worl d domain .  Explainin g ho w 
thi s succes s i s possibl e require s (1 )  specifyin g th e cognitiv e 
algorithm s underlyin g huma n uncertai n inference .  Bu t  i t  als o 
require s (2 )  explainin g w h y thes e algorithm s lea d t o 
successfu l  inference .  Thi s secon d issu e i s th e cente r  o f 
controvers y i n G & G ' s paper .  G & G argu e tha t  ther e ar e thre e 
possibl e viewpoints : 

1.  Th e "classical "  vie w tha t  th e algorithm s involve d i n 
human reasonin g follow s th e law s o f  probabilit y  theor y an d 
statistics ,  whic h defin e normativ e canon s fo r  uncertai n 
reasoning .  Thi s vie w i s hel d t o clai m tha t  th e min d i s "... a 
Laplacia n demo n equippe d wit h unlimite d time ,  knowledge , 
and computationa l  might...carryin g aroun d th e collecte d 
work s o f  Kolmogoroff ,  Fisher ,  o r  Neyman... "  (p .  650 ;  al l 
pag e reference s t o G & G ,  199 6 unles s otherwis e stated ) 

2.  Th e "heuristic s an d biases "  progra m (e.g. ,  Kahneman , 
Slovi c &  Tversky ,  1982 )  whic h suggest s tha t  "huma n 
inferenc e i s systematicall y biase d an d error-prone ,  suggestin g 
tha t  th e law s o f  inferenc e ar e quick-and-dirt y heuristics "  (p . 
650) .  G & G clai m tha t  thi s viewpoin t  "ha s retained  th e 

96 

mailto:n.chater@warwick.ac.uk
http://ac.uk


normativ e kerne l  o f  th e classica l  view "  a s definin g th e 
standar d agains t  whic h succes s i n reasonin g shoul d b e 
judged . 

3.  T h e "bounde d rationality "  approach ,  whic h assume s 
tha t  th e cognitiv e syste m mus t  satisfic e rathe r  tha n 
optimize .  Moreover ,  G & G stat e tha t  thi s approac h implie s 
tha t  "th e mind s o f  livin g system s shoul d b e understoo d 
relativ e t o th e environmen t  i n whic h the y evolve d rcahe r 
tha n t o th e tenet s o f  classica l  rationality... "  (p .  651 ) 
(emphasi s added) .  G & G clai m tha t  thi s viewpoin t  i s a  radica l 
departur e fro m bot h th e classica l  vie w an d it s traditiona l 
opponents ,  becaus e i t  reject s classica l  theorie s o f  rationalit y 
not  onl y a s description s o f  h u m a n reasoning ,  bu t  als o a s 
normativ e standards .  G & G illustrat e an d argu e fo r  thi s thir d 
position . 

We believ e tha t  th e bounde d rationalit y approac h shoul d 
not  b e formulate d a s a  radica l  alternativ e t o th e classica l 
viewpoin t  o r  t o th e heuristic s an d biase s programs .  Rathe r  i t 
shoul d b e viewe d a s a  synthesi s o f  th e insight s o f  bot h 
approaches ,  an d t o b e continuou s wit h both . 

What is Bounded Rationality? 
We argu e tha t  bounde d rationality ,  a s it s nam e implies , 
shoul d b e viewe d a s a n approximatio n t o (unbounded ) 
rationality .  Tha t  is ,  bounde d rationalit y involve s rationality , 
subjec t  t o constraints .  Thes e constraint s typicall y involv e 
resourc e limitations ,  includin g computationa l  restriction s 
impose d b y tim e an d m e m o r y spac e restrictions ,  an d mor e 
generall y b y th e capacitie s o f  th e computationa l  architectur e 
of  th e cognitiv e system . 

Simo n (1955 )  introduce d th e ide a o f  bounde d rationalit y t o 
be contraste d wit h optimization-base d model s o f  individua l 
behavio r  the n bein g develope d primaril y withi n economics , 
operation s research ,  an d decisio n theor y rathe r  tha n i n 
psychology .  Thes e model s assume d tha t  peopl e ca n b e 
viewe d a s choosin g betwee n course s o f  actio n t o maximiz e 
thei r  subjectiv e expecte d utility ,  a s schedulin g multipl e 
activitie s t o maximiz e productivit y an d s o on .  Simo n point s 
out  tha t  thes e optimizatio n problem s ar e typicall y 
computationall y intractable .  Hence ,  assumin g tha t  though t 
i s a  kin d o f  computation ,  peopl e ar e no t  capabl e o f  suc h 
optimization ;  a t  bes t  the y ca n satisfice—T\n A a n acceptable , 
thoug h typicall y no t  optimal ,  solution .  Notic e tha t  th e ver y 
ide a o f  satisficin g implie s tha t  ther e i s som e standar d whic h 
i s bein g approx imated—maximu m expecte d utility , 
productivity ,  an d th e like ;  bu t  i t  als o implie s tha t  t o 
understan d h o w wel l  thi s standar d i s achieved ,  w e mus t 
conside r  th e mechanism s b y whic h i t  i s approximated . 

Rationalit y m a y b e bounde d t o variou s degrees ,  dependin g 
on th e natur e an d severit y o f  th e constraints .  A t  on e 
extreme ,  a  computationa l  syste m exhibitin g bounde d 
rationalit y migh t  carr y ou t  th e sam e kin d o f  calculatio n a s 
woul d b e require d b y a n unbounde d rationa l  system ,  excep t 
tha t  th e calculation s ar e simplifie d i n som e way .  Fo r 
example ,  i n a n optimizatio n problem ,  th e syste m migh t  no t 
attemp t  t o find a  globa l  opt imum ,  bu t  migh t  settl e fo r  th e 
any solutio n whic h i s satisfactory ,  accordin g t o som e 
criterion ;  o r  probabilisti c  calculation s migh t  b e simplifie d 

by makin g stron g independenc e assumption s (e.g. ,  Peari , 
1988) .  A t  th e othe r  extreme ,  a  computationa l  syste m migh t 
exhibi t  bounde d rationalit y b y relyin g o n simpl e heuristics , 
whic h ar e eas y t o implement ,  an d wil l  typicall y (althoug h 
by necessit y no t  always )  giv e a n outcom e i n lin e wit h 
unbounde d rationality .  Suc h heuristic s ar e familia r  i n 
cognitiv e modellin g i n a  wid e rang e o f  domains .  Fo r 
example ,  i n model s o f  proble m solving ,  fo r  example , 
heuristic s rang e fro m genera l  purpos e "weak "  heuristics , 
suc h a s means-end s analysi s (Newel l  &  S imon ,  1972 )  t o 
specifi c  heuristic s tailore d t o th e proble m domai n (i n chess , 
fo r  example ,  thes e migh t  concer n th e value s o f  th e piece s o r 
feature s o f  th e boar d positio n conferrin g strategi c advantage) , 
and heuristic s base d o n pattern-matchin g wit h larg e number s 
of  pas t  exemplar s (Chas e &  Simon ,  1973) .  Thes e heuristic s 
ar e ver y eas y t o apply ,  an d ca n provid e usefu l 
approximation s t o th e informatio n tha t  woul d b e gaine d 
fro m th e rationall y justified ,  bu t  computationall y 
intractable ,  proces s o f  exhaustivel y searchin g th e entir e 
proble m space . 

At  al l  point s o n thi s continuu m o f  bounde d rationality , 
understandin g th e system' s performanc e require s specifyin g 
at  leas t  (i )  wha t  rationa l  goa l  i s  bein g approximated ;  (ii ) 
what  algorithm s ar e bein g used ,  an d h o w the y serv e t o 
approximat e th e rationa l  goa l  (subjec t  t o th e relevan t 
constraints) .  Thes e tw o aspect s o f  th e explanatio n o f  th e 
syste m sugges t  h o w understandin g a  syste m a s exhibitin g 
bounde d rationalit y ca n reconcil e th e intuition s behin d th e 
classica l  rationalit y an d th e heuristic s an d biase s approaches . 
Th e specificatio n o f  (i )  take s th e for m o f  a n (unbounded ) 
rationa l  analysis ;  an d (ii )  describe s th e particula r  algorithms , 
whic h m a y b e th e "fas t  an d frugal "  heuristic s tha t  Gigerenze r 
and Goldstei n suggest ,  whic h approximat e th e rationa l  goal . 
Thu s bounde d rationalit y ca n b e see n a s integratin g th e tw o 
previou s approache s t o understandin g h u m a n uncertai n 
reasoning ,  rathe r  tha n a s thir d option ,  oppose d t o both . 

Notic e tha t  ther e ar e possibl e extrem e positions ,  connecte d 
wit h th e classica l  rationalit y an d th e heuristic s an d biase s 
programs ,  whic h woul d no t  fit  withi n th e framewor k o f 
bounde d rationality .  Th e first  i s  tha t  th e cognitiv e syste m 
implement s unbounde d rationalit y -  an d henc e par t  (ii )  o f  th e 
bounde d rationalit y explanatio n i s unnecessary .  W e k n o w o f 
no cognitiv e scientis t  w h o advocate s thi s position — indeed , 
i t  woul d b e untenabl e o n purel y computationa l  grounds :  Th e 
computationa l  intractabilit y  o f  mos t  rationa l  account s o f 
thought ,  includin g probabilit y  theory ,  decisio n theor y an d 
logi c (e.g. ,  Paris ,  1992 ;  Reiner ,  1995 )  implie s tha t  n o 
physica l  devic e coul d implemen t  unbounde d calculation s i n 
th e time-scale s relevan t  fo r  h u m a n cognition . 

Th e secon d extrem e positio n i s tha t  th e cognitiv e syste m 
consist s o f  algorithms ,  whic h d o no t  approximat e an y 
rationa l  standard—an d henc e par t  (i )  o f  th e bounde d 
rationalit y explanatio n i s unnecessary .  I t  i s  no t  clea r  h o w 
m a ny theorist s woul d advocat e thi s position ,  bu t  w e suspec t 
tha t  ver y fe w woul d d o so .  T h e ver y wor d "heuristic " 
implie s a  shortcu t  t o achievin g som e goa l  b y longer , 
optima l  means .  Theorists ,  suc h a s Kahnema n an d Tversky , 
w ho describ e cognitiv e processe s a s heuristics ,  ar e thereb y 
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implicitl y  recognizin g tha t  som e kin d o f  normativ e rationa l 
explanatio n i s bein g approximated ,  i f  imperfectl y (a s G & G 
affir m i n thei r  characterizatio n o f  th e heuristic s an d biase s 
program) .  Moreover ,  th e ver y ide a tha t  huma n though t  ca n 
be understoo d a s reasonin g rathe r  tha n a s a  collectio n o f 
uninterprete d ;>roce<iMre 5 involve s th e assumptio n tha t  som e 
rationa l  norm s ar e bein g approximate d (se e Oaksford  & 
Chater ,  1995) .  Givin g u p th e ide a tha t  though t  involve s 
reasonin g ha s catastrophi c implications ,  no t  jus t  withi n 
psychology ,  bu t  mor e broadly :  assumption s o f 
(approximate )  h u m a n rationalit y ar e a t  th e cor e o f  "rationa l 
choice "  explanation s i n th e socia l  science s (e.g. ,  Elster , 
1986) ,  micro-economics ,  an d appea r  t o b e underpi n th e 
attributio n o f  meanin g bot h t o menta l  state s an d t o natura l 
languag e (Davidson ,  1984) . 

G & G clai m tha t  th e cognitiv e syste m i s fas t  an d frugal , 
but  no t  rational .  Bu t  w e hav e see n tha t  al l  o r  almos t  al l 
theorist s concerne d wit h h u m a n o r  anima l  behavior ,  whethe r 
fro m th e "classica l  rationality "  o r  "heuristic s an d biases " 
viewpoint s agre e o n th e framewor k o f  bounde d rationality , 
wher e thi s i s understoo d a s integratin g rationa l  an d 
algorithmi c style s o f  explanation .  Thu s the y agre e tha t  th e 
cognitiv e syste m i s fast ,  frugal ,  and ,  contr a G & G ,  rational . 
G & G provid e n o reaso n t o deviat e fro m thi s consensus . 

Recognizin g tha t  developin g rationa l  account s o f 
cognitio n i s a n empirica l  enterprise ,  Anderso n (1990 ,  1991 ) 
has propose d a n importan t  methodolog y fo r  discoverin g a 
"rationa l  analysis "  o f  bounde d rationa l  systems .  Hi s 
methodolog y involve s si x steps : 

1. Specify precisely the goals of the cognitive 
system . 
2.  Develo p a  forma l  mode l  o f  th e environmen t  t o 
whic h th e syste m i s adapted . 
3.  M a k e minima l  assumption s abou t 
computationa l  limitations . 
4.  Deriv e th e optima l  behavio r  functio n give n 1- 3 
above . 
5.  Examin e th e empirica l  evidenc e t o se e whethe r 
th e prediction s o f  th e behavio r  functio n ar e 
confirmed . 
6.  Repeat ,  iterativel y refinin g th e theory . 

Notice that the first two steps explicitly address the two 
empirica l  factor s determinin g th e correc t  rationa l  theor y 
mentione d above :  1 .  deal s wit h wha t  th e cognitiv e syste m 
take s th e tas k t o be ,  an d 2 .  concern s th e structur e o f  th e 
environment .  Th e thir d poin t  explicitl y  addresse s th e 
bounde d characte r  o f  cognitiv e processes .  Becaus e 
Anderson' s emphasi s i s o n th e rationa l  theory ,  rathe r  tha n 
h o w th e cognitiv e syste m approximate s tha t  theory ,  h e 
emphasize s case s wher e thes e assumption s ar e "minimal, "  t o 
plac e th e burde n o f  explanatio n a s m u c h a s possibl e o n th e 
rationa l  theory .  Moreover ,  Anderso n (i n th e traditio n o f 
economist s an d zoologist s mentione d above )  als o 
recommend s tha t  theorist s shoul d pus h purel y rationa l 
account s a s fa r  a s possibl e befor e introducin g cognitiv e 

constraints ,  becaus e thes e constraint s ar e relativel y poori y 
understood . 

Thes e step s ar e th e basi s o n whic h th e optima l  behavio r 
functio n i s calculated ,  an d compare d agains t  th e empirica l 
evidence .  Not e tha t  Anderso n i s no t  committe d t o th e ide a o f 
perfec t  optimaiity ,  rathe r  tha n satisficing ,  wit h respec t  t o 
thi s function ,  merel y tha t  i t  provide s a n idea l  t o whic h th e 
cognitiv e syste m approximatel y conforms .  Hence , 
Anderson' s metho d o f  rationa l  analysi s i s a  blueprin t  fo r 
attemptin g t o understan d th e "rational "  theor y underiyin g 
system s exhibitin g bounde d rationality ,  an d ha s bee n 
fruitfull y  applie d acros s a  rang e o f  cognitiv e domain s (e.g. , 
Anderson ,  1991) .  Thi s approac h t o understandin g bounde d 
rationa l  system s stand s i n direc t  contras t  t o th e approac h tha t 
G &G advocate ,  becaus e i t  place s a  rationa l  standar d a t  th e 
cente r  o f  psychologica l  explanation ,  rathe r  tha n dispensin g 
wit h suc h a  standar d entirely . 

How Plausible is Take the Best? 
We n o w tur n fro m genera l  question s concernin g rationality , 
t o th e specifi c  questio n o f  th e plausibilit y  o f  Tak e th e Bes t 
as a  psychologica l  hypothesi s concernin g cognitiv e 
estimation .  Specifically ,  G & G conside r  th e proble m o f 
estimatin g answerin g question s suc h a s "Whic h cit y ha s th e 
large r  population ? (a )  Hambur g (b )  Cologne .  The y assum e 
tha t  th e participan t  doe s no t  k n o w th e answer ,  bu t  mus t 
decid e o n th e basi s o f  fact s tha t  the y kno w abou t  th e tw o 
cities :  e.g. ,  whethe r  th e citie s hav e a  majo r  professiona l 
socce r  team ,  whethe r  i t  i s  i n Eas t  o r  Wes t  Germany) . 
Becaus e correlation s ca n b e foun d betwee n som e o f  thes e 
feature s an d populatio n siz e (e.g. ,  majo r  socce r  team s ten d t o 
be i n larg e cities) ,  thes e feature s ca n b e use d a s a  basi s fo r 
answerin g question s concernin g whic h o f  a  pai r  o f  citie s i s 
larger .  Specifically ,  G & G ' s simulation s involv e answerin g 
thes e question s o n th e basi s o f  nin e binar y feature s 
associate d wit h eac h city . 

G &G argu e fo r  th e cognitiv e plausibilit y  o f  thei r  "fas t  an d 
frugal "  algorithm .  Tak e th e Best ,  th e cor e o f  whic h i s a s 
follows .  Peopl e ar e assume d t o ran k feature s i n orde r  o f  ho w 
reliabl e the y determinin g cit y size .  Compariso n o f  tw o citie s 
the n involve s runnin g throug h eac h th e feature s fro m th e 
most  t o th e leas t  reliable ,  unti l  a  featur e i s foun d o n whic h 
th e tw o citie s differ—thi s featur e the n determine s whic h cit y 
i s judge d t o b e th e larger .  Thi s algorith m thu s make s a 
decisio n purel y o n th e basi s o f  a  singl e feature ,  rathe r  tha n 
integratin g informatio n fro m al l  features .  Thi s i s on e o f  th e 
reason s tha t  G & G clai m tha t  thei r  algorith m i s non-rational . 
G & G ' s origina l  competitio n showe d tha t  thi s simpl e 
algorith m performe d jus t  a s wel l  i n judgin g cit y population s 
as algorithm s suc h a s multipl e linea r  regression ,  an d 
algorithm s base d o n tallyin g (se e G & G ,  1 9 % fo r  details) . 

G &G argu e tha t  th e goo d performanc e o f  Tak e th e Bes t  i n 
thei r  competition ,  an d it s speed ,  i s evidenc e fo r  it s cognitiv e 
plausibility .  I n thi s section ,  w e (1 )  presen t  result s o f  a  ne w 
competition ,  betwee n Tak e th e Bes t  an d a  rang e o f  genera l 
purpos e learnin g algorithm s fro m psycholog y an d artificia l 
intelligence ,  i n whic h al l  algorithm s obtai n simila r  level s o f 
performance ;  (2 )  w e argu e tha t  thes e othe r  approache s ar e t o 
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be preferre d o n ground s o f  thei r  generality ,  i n particula r 
regardin g thei r  abilit y  t o integrat e information ;  (3 )  w e argu e 
tha t  G & G ' s clai m tha t  Tak e th e Bes t  i s preferabl e t o othe r 
algorithm s o n ground s o f  spee d depend s o n implici t 
assumption s abou t  th e cognitiv e architecture .  W e aiiiclud e 
tha t  genera l  purpos e learnin g algorithm s ar c a t  leas t  a s 
plausibl e a s Tak e th e Best . 

A New Competition 
G & G ' s Tak e th e Bes t  algorith m i s speciall y tailore d fo r  th e 
cit y populatio n problem .  W e compar e it s performanc e wit h 
thre e kind s o f  genera l  purpos e algorithms ,  whic h hav e al l 
bee n use d extensivel y i n cognitiv e scienc e an d artificia l 
intelligenc e research:  (1 )  exemplar-base d algorithms ,  whic h 
assume tha t  peopl e stor e previou s examples ,  an d judg e ne w 
example s i n relatio n t o thei r  similarit y t o store d examples ; 
(2 )  multilayered ,  feedforwar d neura l  networks ,  traine d b y 
back-propagation ;  (3 )  th e decisio n tre e classifier . 

One differenc e betwee n G & G ' s simulation s an d thos e 
reporte d her e i s tha t  w e hav e assume d tha t  peopl e onl y hav e 
t o compar e betwee n familia r  cities .  G & G als o us e a 
"recognitio n principle: "  tha t  citie s whic h ar e recognize d ar e 
assumed t o b e large r  tha n citie s whic h ar e no t  recognized . 
Thi s principl e coul d b e combine d wit h an y o f  th e algorithm s 
i n ou r  competitio n an d henc e doe s no t  hel p distinguis h 
betwee n them .  W e hav e therefor e lef t  ou t  thi s aspec t  o f 
G & G ' s analysi s below . 

Representatio n o f  data .  G & G represent  eac h cit y a s a 
vecto r  o f  nin e binar y ( 0 o r  1 )  cu e values .  T o facilitat e 
compariso n betwee n algorithms ,  w e represented a  pai r  o f 
tw o citie s b y nin e feature s representin g th e differenc e 
betwee n th e nin e cu e value s fo r  eac h city .  Fo r  example ,  fo r 
th e citie s wit h feature s (1 ,  1 ,  0 ,  0 ,  1 ,  0 ,  0 ,  1 ,  1 )  an d (1 ,  0 , 
1,  1 ,  1 ,  0 ,  1 ,  I ,  0 ) ,  th e correspondin g trainin g patter n woul d 
be (0 ,  I ,  -1 ,  -1 ,  0 ,  0 ,  -1 ,  0 ,  1) .  A  tent h valu e fo r  eac h 
patter n indicate d whethe r  th e populatio n o f  th e first  o f  eac h 
pai r  wa s smaller ,  equa l  to ,  o r  large r  tha n th e populatio n o f 
th e second .  Takin g al l  pair s o f  distinc t  citie s i n bot h order s 
yielde d a  possibl e 8 3 x  8 2 =  680 6 trainin g patterns . 
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Figure 1. Results of the Competition. 
Percentag e o f  correc t  inference s abou t  th e 

populatio n o f  G e r m a n citie s a s a  functio n o f  th e 
percentag e o f  compar ison s see n durin g training . 

In order to capture the effects of limited knowledge, we 
traine d eac h o f  th e algorithm s o n a  subse t  o f  th e 680 6 
comparisons .  I n Figur e 1 ,  th e percentag e o f  trainin g 
example s refers  t o th e percentag e o f  thes e comparison s 
presente d durin g th e trainin g o f  eac h algorithm .  Th e value s 
show n i n Figur e 1  ar e fo r  generalisatio n performance ,  fo r 
predictin g th e outcom e o f  al l  680 6 comparisons .  Thi s 
approac h allowe d th e algorithm s t o b e assesse d o n a n equa l 
footing . 

Tak e th e Best .  A s describe d b y G & G ,  w e too k a  subse t  o f 
th e 680 6 comparison s an d treate d the m a s trainin g examples . 
Th e cu e validit y fo r  eac h featur e wa s calculate d a s th e 
fractio n o f  case s i n whic h th e featur e wa s large r  i n valu e fo r 
th e large r  cit y divide d b y th e tota l  numbe r  o f  trainin g 
examples .  Thi s gav e th e sam e cu e validitie s a s thos e 
calculate d b y G & G whe n th e entir e dat a se t  wa s use d fo r 
training .  Havin g foun d th e cu e validities ,  th e tes t  se t  wa s 
evaluate d i n th e ran k orde r  specifie d b y th e cu e validities ,  an d 
th e first  featur e i n thi s orde r  tha t  discriminate d betwee n th e 
tw o citie s wa s take n t o b e th e model' s answer . 

Neares t  neighbor .  Th e respons e o f  th e mode l  o n tes t 
example s wa s tha t  o f  th e neares t  neighbou r  i n th e nin e 
dimensiona l  spac e o f  trainin g examples ,  usin g a  Euclidea n 
distanc e metric . 

Generalise d Contex t  Model .  Th e Generalise d Contex t 
Model  (Nosofsky ,  1990 )  i s simila r  t o Neares t  Neighbor ,  bu t 
th e respons e i s determine d b y al l  trainin g examples ,  rathe r 
tha n jus t  th e neares t  neighbor ,  i n proportio n t o thei r 
similarit y t o th e tes t  example .  Specifically ,  thi s metho d 
use s a  Euclidea n distanc e metric ,  an d th e influenc e o f  eac h 
trainin g exampl e i s a  Gaussia n functio n o f  it s  distanc e fro m 
th e tes t  example .  Nosofsky' s mode l  ha s adjustabl e 
parameter s concernin g th e relativ e weightin g o f  eac h feature , 
and als o allow s bia s term s fo r  differen t  response .  Fo r 
simplicit y w e di d no t  includ e suc h parameters ,  an d thu s eac h 
featur e wa s weighte d equally ,  an d ther e wer e n o biase s 
betwee n responses .  W e include d jus t  on e adjustabl e 
parameter ,  th e standar d deviatio n o f  th e Gaussian ,  whic h wa s 
optimise d straightforwardl y b y measurin g generalisatio n 
scor e fo r  man y differen t  value s an d choosin g th e best . 

Feedforwar d connectionis t  network .  W e use d a  three-laye r 
feedforwar d networ k wit h nin e inpu t  units ,  tw o hidde n units , 
and on e output ,  traine d usin g th e backpropagatio n 
algorithm .  Th e input s wer e th e differenc e patterns ,  an d th e 
outpu t  corresponde d t o th e decisio n abou t  whic h cit y i s 
larger .  Th e targe t  value s fo r  th e outpu t  wer e 0 ,  0.5 ,  an d 1 , 
fo r  smaller ,  equa l  to ,  an d bigger ,  respectively .  Weight s wer e 
initialise d t o rando m value s withi n th e rang e (-.5,.5) .  Th e 
net  wa s traine d fo r  10 0 epoch s (passe s throug h eac h trainin g 
sample) ,  wit h a  learnin g rat e o f  0.01 ,  an d a  m o m e n t u m o f 
0.9 .  Th e orde r  o f  th e trainin g example s wa s randomise d 
withi n eac h epoch .  Durin g test ,  outpu t  value s les s tha n 0. 5 
wer e classe d a s "smaller, "  an d value s greate r  tha n 0. 5 wer e 
classe d a s bigger . 
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Decisio n trees :  C4.5 .  Th e decisio n tre e buildin g algorith m 
C4. 5 (Quinlan ,  1993 )  wa s use d t o construc t  a  decisio n tre e 
on th e basi s o f  th e nin e featur e trainin g vectors ,  an d the n 
use d t o classif y th e compariso n vector s i n th e tes t  set .  Se e 
Quinla n (1993 )  fo r  a  detaile d descriptio n an d sourc e cod e fo r 
th e C4. 5 algorithm . 

Result s an d discussion .  Th e result s show n i n Figur e 1 
sho w simila r  level s an d pattern s o f  performanc e fo r  al l  th e 
algorithm s tested .  Th e onl y substantia l  differenc e betwee n 
algorithm s i s  tha t  Tak e th e Bes t  i s mos t  successfu l  wit h a 
smal l  numbe r  o f  trainin g examples ,  an d leas t  successfu l 
wit h a  larg e numbe r  o f  trainin g examples .  Th e overal l  level s 
of  performanc e betwee n Tak e th e Bes t  an d th e othe r 
algorithm s ar e ver y similar .  Combine d wit h G & G ' s 
observatio n tha t  Tak e th e Bes t  ha d almos t  exactl y th e sam e 
performanc e profil e a s tallying ,  weighte d tallyin g an d 
multipl e regression ,  thi s suggest s tha t  thi s populatio n 
estimatio n tas k i s a  poo r  discriminato r  betwee n algorithms . 
Thus ,  fro m th e result s o f  th e competition ,  ther e seem s n o 
reason  t o favo r  Tak e th e Bes t  ove r  standar d an d widel y use d 
learnin g method s fro m psycholog y an d artificia l  intelligence . 
We n o w argu e tha t  Tak e th e Bes t  i s implausibl e o n ground s 
of  generality ,  an d that ,  despit e G & G ,  ther e i s n o reaso n t o 
favo r  i t  o n ground s o f  speed . 

Generality 
Tak e th e Bes t  i s a  highl y specialize d algorithm ,  alon g tw o 
dimensions .  First ,  i t  i s  specialize d wit h respec t  t o domain :  i t 
applie s onl y t o th e ver y restricte d clas s o f  problems ,  i n 
whic h som e magnitud e mus t  b e compare d betwee n pair s o f 
items ,  wher e thos e item s ar e represented  b y binar y features . 
Second ,  i t  i s  specialize d becaus e i t  make s stron g 
assumption s abou t  th e structur e o f  th e dat a tha t  i t  ca n solv e 
successfully :  Specifically ,  Tak e th e Bes t  wil l  succee d onl y 
fo r  problem s i n whic h individua l  feature s ca n b e 
meaningfull y b e considere d independently .  Th e othe r 
algorithm s i n th e competitio n ar e mor e genera l  tha n Tak e 
th e Best ,  o n bot h dimensions .  The y hav e al l  bee n use d 
acros s a  wid e range  o f  domains ,  includin g th e modellin g o f 
disparat e psychologica l  processes .  The y als o mak e weake r 
assumption s abou t  th e structur e o f  th e data—specifically , 
the y ca n integrat e informatio n i n comple x way . 

Thes e genera l  algorithm s ar e abl e t o perfor m a s wel l  a s 
Tak e th e Bes t  i n th e competitio n w e hav e reported. 
Accordin g t o th e standan j  principle s o f  scientifi c 
methodolog y (e.g. ,  H o w s o n &  Urbach ,  1989) ,  othe r  thing s 
bein g equal ,  mor e genera l  algorithms ,  whic h migh t 
potentiall y b e c o m m o n t o m a n y othe r  cognitiv e processes , 
shoul d b e preferred . 

Speed 
G &G discus s on e featur e o f  Tak e th e Best ,  whic h ma y 
appea r  t o provid e ground s fo r  favorin g thi s algorith m ove r 
th e genera l  purpos e algorithm s w e hav e considered :  tha t 
Tak e th e Bes t  draw s inference s faste r  tha n th e othe r 
algorithm s i n thei r  competition ,  "measure d b y th e amoun t 
of  informatio n searche d i n memory "  (p .  658) . 

We not e simpl y tha t  th e appropriatenes s o f  thi s measur e 
depend s o n assumption s abou t  th e architectur e o f  th e 
cognitiv e system .  O n a  seria l  architecture ,  i n whic h i t  ma y 
be presume d tha t  informatio n i s  searche d i n memor y a t  a 
constan t  rate .  Tak e th e Bes t  woul d b e mor e rapid  than ,  fo r 
example ,  multipl e regression ,  o r  th e neura l  networ k mode l 
and exempla r  account s w e hav e considere d here .  Bu t  i n a 
paralle l  architecture ,  spee d o f  processin g wil l  no t  generall y 
be relate d t o th e amoun t  o f  informatio n searche d i n memory , 
becaus e larg e amount s o f  informatio n ca n b e searche d i n 
memory simultaneously .  So ,  fo r  example ,  bot h th e learnin g 
and applicatio n o f  multipl e regressio n ca n b e implemente d 
i n paralle l  usin g a  connectionis t  networ k wit h a  singl e laye r 
of  connections .  Thi s implementatio n coul d operat e ver y 
rapidly—in  th e tim e i t  take s t o propagat e activit y acros s on e 
laye r  o f  connections .  Similari y th e back-propagatio n accoun t 
coul d als o b e rapidly  implemente d i n parallel ,  i n 
connectionis t  hardware .  I n th e sam e way ,  a n instance-base d 
architecture ,  i n whic h instance s ca n b e retrieve d i n parallel , 
th e neares t  neighbo r  an d genera l  contex t  mode l  algorithm s 
woul d b e th e quickest . 

Onl y b y makin g specifi c  assumption s abou t  th e cognitiv e 
architectur e tha t  run s a n algorith m i s i t  possibl e t o usefull y 
compar e th e spee d o f  Tak e th e Bes t  agains t  th e alternative s 
we hav e discussed .  Ther e ar e extensiv e research  program s 
aime d a t  establishin g th e viabilit y o f  instance-base d an d 
connectionis t  architecture s a s genera l  account s o f  cognitiv e 
architectur e (e.g. ,  Kolodner ,  1993 ;  Rumelhar t  & 
McClelland ,  1986) .  Althoug h th e succes s o f  thes e 
programme s i s ye t  t o b e decided ,  w e shoul d no t  appl y a 
measur e o f  speed ,  suc h a s amoun t  o f  informatio n searche d i n 
memory,  whic h assume s tha t  th e appropriat e standar d b y 
whic h simplicit y i s  t o b e judge d i s  give n b y a  seria l 
architecture . 

I n thi s section ,  w e hav e argue d tha t  genera l  purpos e 
learnin g method s giv e comparabl e result s t o Tak e th e Bes t 
on G & G ' s populatio n estimatio n task ,  ar e preferabl e o n 
ground s o f  generality ,  an d equall y plausibl e o n ground s o f 
speed .  W e conclud e tha t  th e cognitiv e plausibilit y o f  Tak e 
th e Bes t  remain s t o b e established . 

Conclusions 
I n thi s paper ,  w e hav e argue d fo r  tw o claims .  First , 

cognitiv e processe s exhibitin g bounde d rationality  shoul d b e 
understoo d a s approximatin g som e rational  standar d tha t  ma y 
need t o b e discovered .  Second ,  a  rang e o f  genera l  purpos e 
learnin g algorithm s ar e a t  leas t  a s plausibl e a s th e highl y 
specialize d Tak e th e Bes t  algorithm . 

We hop e tha t  th e approac h w e hav e advocate d regarding 
th e relatio n betwee n rationality  an d algorithmi c account s 
m ay hav e broa d applicatio n i n understandin g cognitio n i n 
psychology ,  anima l  behavio r  an d th e socia l  sciences .  I t 
promise s t o reconcil e rational  an d mechanisti c constraint s i n 
a rang e o f  context s wher e th e debat e focuse s o n th e differen t 
emphasi s place d o n thes e constraints .  Bot h rational  an d 
mechanisti c factor s ar e important ,  becaus e th e syste m unde r 
stud y i s  presume d onl y t o approximate ,  perhap s quit e 
accuratel y o r  perhap s ver y coarsely ,  a  rational  solution . 
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Withi n thi s framework ,  th e debat e betwee n rationality-based 
versu s mechanisti c explanatio n become s a  matte r  o f 
emphasi s an d degree ,  rathe r  tha n a  fundamenta l  divide .  W e 
sugges t  tha t  i n an y debat e o f  thi s kind ,  ther e shoul d b e a 
methodologica l  imperativ e t o explor e rationality-based 
explanations—onl y b y doin g s o ca n th e scop e o f  thi s leve l 
of  explanatio n b e assessed ;  an d w e cautio n tha t  rationality-
base d explanatio n canno t  b e abandone d wholesale ,  withou t 
losin g th e abilit y  t o explai n wh y th e syste m unde r  stud y i s 
adaptiv e o r  successful . 
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