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D o e s C o m p l e x Behav io r  R e q u i r e C o m p l e x Representat ions ? 

James S .  Magnuso n (MAGNUSON@BCS.ROCHESTER.EDU) 
Departmen t  o f  Brai n an d Cognitiv e Sciences ,  Universit y o f  Rocheste r 

Melior a Hall ,  Rochester ,  N Y 1462 7 U S A 

Abst rac t 

Models in cognitive science often postulate that 
individual s maintai n comple x representation s o f  thei r 
environmen t  whe n simple r  explanations ,  base d o n simpl e 
behavior s interactin g wit h eac h othe r  an d environmenta l 
constraints ,  woul d suffice .  A s a n example ,  I  conside r 
representationa l  approache s t o anima l  behavio r  (e.g. , 
Gallistel ,  1990 ;  Myerso n an d Miezin ,  1980) ,  whic h posi t 
tha t  comple x grou p behavio r  result s fro m comple x 
representation s o f  event s withi n th e centra l  nervou s 
system s o f  individua l  animals .  Fo r  example ,  duck s feedin g 
fro m tw o foo d source s distribut e themselve s 
proportionatel y t o th e densit y o f  foo d availabl e a t  eac h 
source .  Thi s phenomenon ,  probabilit y  matching ,  i s 
typicall y explaine d b y attributin g representation s o f  th e 
densit y o f  foo d availabl e a t  eac h sourc e withi n th e centra l 
nervou s syste m (CNS )  o f  eac h duck .  Ar e suc h comple x 
representation s require d t o explai n thi s phenomenon ? I 
wil l  compar e th e result s o f  tw o simulation s o f  probabilit y 
matchin g i n groups .  I n one ,  individual s maintai n an d 
updat e representation s o f  foo d availabl e a t  eac h source . 
Althoug h probabilit y  matchin g emerges ,  th e organism s 
exhibi t  variou s unrealisti c behaviors .  I n th e second ,  eac h 
individua l  follow s simpl e behaviora l  rule s bu t  ha s n o 
representatio n o f  th e foo d densit y a t  eac h source . 
Probabilit y  matchin g emerge s an d th e behavio r  observe d i s 
more realisti c tha n tha t  i n th e first  simulation .  Thi s add s t o 
demonstration s i n othe r  domain s tha t  complexit y a t  on e 
leve l  o f  analysi s nee d no t  resul t  fro m complexit y a t  lowe r 
level s (e.g. ,  Resnick ,  1994 ;  Sigmund ,  1993) . 

Centralized versus decentralized analysis 
I t  use d t o b e sai d tha t  ou r  abilit y t o buil d arche s 
distinguishe d human s fro m lesse r  specie s — arche s requir e 
plannin g an d engineering .  I t  turn s ou t  tha t  a t  leas t  on e 
lesse r  specie s -  termite s -  build s arches .  I n fact ,  i t  appear s 
tha t  thei r  arc h buildin g depend s o n highl y organize d 
cooperation .  Score s o f  the m deposi t  excrement ,  eventuall y 
formin g severa l  columns ,  whic h eventuall y joi n t o for m 
arches .  T h e arche s for m th e foundatio n fo r  thei r  nests .  H o w 
i s suc h a n amazin g join t  activit y organized ? O n e possibilit y 
i s  tha t  eac h insec t  i s actin g a s par t  o f  a  team .  A t  firs t  blush , 
i t  appear s tha t  eac h insec t  monitor s an d represent s th e 
activitie s o f  th e other s an d thei r  collectiv e progress .  A s 
Braitenber g (1984 )  point s out ,  w e ofte n prefe r  suc h 
explanations ,  eve n fo r  simple r  systems ,  an d ar e quit e willin g 
t o attribut e comple x representation s an d motivation s whe n 
simple r  explanation s woul d suffice .  Anothe r  possibilit y i s 

tha t  th e comple x grou p behavio r  emerge s fro m th e 
interaction s o f  larg e number s o f  insect s actin g o n th e sam e 
smal l  behaviora l  repertoire .  Indeed ,  thi s i s th e case .  Eac h 
termit e develop s a  seasona l  sensitivit y t o a  particula r 
pheromon e secrete d i n thei r  waste .  Wher e termite s deposi t 
thei r  wast e i s  guide d b y gradient s o f  pheromon e 
concentration .  Eventually ,  column s for m wher e th e 
concentration s ar e strongest .  Competitio n betwee n adjacen t 
column s lead s t o thei r  bein g joine d int o (se e Kugle r  e t  al. , 
1989 ,  fo r  a  detaile d analysis) .  Resnic k (1994 )  describe s 
thes e tw o way s o f  analyzin g problem s a s centralize d an d 
decentralize d thinkin g (fo r  m a n y mor e example s o f 
decentralize d analysis ,  se e Resnick ,  1994 ;  Braitenberg , 
1984 ;  Sigmund ,  1993 ;  an d Langton ,  1989) . 

Decentralize d thinkin g i s  no t  n e w i n cognitiv e science . 
Conside r  thi s lis t  o f  demonstration s tha t  decomposin g a 
syste m int o simple r  component s ca n reduc e th e complexit y 
of  representation s required :  Wiener' s (1948 )  treatmen t  o f 
self-organizin g systems ,  Gibson' s analysi s o f  opti c flo w 
(e.g. ,  Gibson ,  O l u m ,  an d Rosenblatt ,  1955) ,  th e "active "  o r 
"animate "  approac h t o visio n (e.g. ,  Ballard ,  1991) , 
Reynolds '  (1987 )  treatmen t  o f  flockin g behavior ,  an d th e 
literatur e cite d above .  Despit e thes e compellin g 
demonstrations ,  decentralize d analysi s ha s no t  receive d th e 
attentio n i t  warrants .  M a n y model s i n cognitiv e scienc e 
star t  ou t  "representation-heavy. "  I  d o no t  wis h t o impl y tha t 
ther e i s n o plac e fo r  representatio n i n model s o f  behavio r  an d 
cognition .  M y thesi s i s tha t  a s a  startin g point ,  model s o f 
comple x system s nee d no t  postulat e complexit y a t  th e 
lowes t  level .  T o demonstrat e thi s point ,  I  wil l  appl y 
decentralize d analysi s t o th e phenomeno n o f  probabilit y 
matchin g i n group s o f  foragin g animals . 

Probability matching 

Variou s specie s adap t  quickl y t o change s i n th e 
probabilit y  o f  importan t  stimul i  i n thei r  environments .  Fo r 
example ,  w h e n presente d wit h multipl e source s o f  foo d i n a n 
environment ,  individual s quickl y divid e int o group s wit h 
size s proportiona l  t o th e densit y o f  foo d availabl e fro m eac h 
sourc e (se e Gallistel ,  1990 ,  chapte r  11 ,  fo r  a n overview) .  I t 
i s importan t  t o not e tha t  th e overal l  densit y o f  foo d i s wha t 
determine s th e siz e o f  th e groups .  Give n tw o source s 
dispersin g morsel s o f  equivalen t  magnitude s a t  equivalen t 
rates ,  th e animal s divid e int o tw o group s o f  approximatel y 
equa l  number s clustere d aroun d eac h o f  th e sources .  I f  th e 
amount  o f  foo d availabl e fro m on e sourc e increases ,  du e t o 
an increas e i n eithe r  it s rat e o f  dispersa l  o r  th e magnitud e o f 
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th e morsel s o f  food ,  th e size s o f  th e group s o f  animal s 
chang e proportionately .  Galliste l  (1990 )  an d other s (e.g. , 
Myerso n an d Miezin ,  1980 )  hav e explaine d suc h 
"probabilit y  matching "  behavio r  a s th e resul t  o f  coinplo x 
and specifi c  representation s o f  th e foo d sourc e characlcnsiic s 
i n th e centra l  nervou s system s o f  individua l  organisms : 

[Result s suggest ]  tha t  bird s accuratel y represen t 
rates ,  tha t  the y accuratel y represen t  morse l 
magnitudes ,  an d tha t  the y ca n multipl y th e 
representatio n o f  morsel s pe r  uni t  tim e b y th e 
representatio n o f  morse l  magnitud e t o comput e th e 
interna l  variable s tha t  determin e th e relativ e 
likelihoo d o f  thei r  choosin g on e foragin g patc h 
ove r  th e other ,  (p .  358 ) 

Galliste l  goe s o n t o presen t  thi s a s a  particula r  challeng e 
t o nonrepresentationa l  models : 

The challeng e fo r  nonrepresentationa l  theorie s .. .  i s 
t o propoun d a  nonrepresentationa l  mode l  o f  .. .  a 
syste m tha t  i s  altere d b y it s pas t  experience s i n 
suc h a  wa y tha t  i t  choose s patche s i n proportio n t o 
thei r  relativ e [densities ]  .. .  fro m .. .  observation s 
alon e .. .  withou t  th e system' s havin g an y interna l 
variable[s ]  .. .  o r  a  fortior i  an y operation s tha t 
appropriatel y combin e thes e nonexisten t 
representative s o f  number ,  time ,  an d magnitude .  I s 
i t  possibl e t o propoun d a  mode l  o f  th e interna l 
causatio n o f  th e duck' s behavio r  tha t  avoid s 
postulatin g a n isomorphis m betwee n a  syste m o f 
variable s an d operation s insid e th e duc k an d th e 
correspondin g syste m o f  number ,  tim e an d 
magnitud e externa l  t o th e duck ? (p .  359 ) 

Ar e th e comple x representation s Galliste l  an d other s 
describ e trul y crucia l  fo r  explainin g probabilit y  matchin g 
by ,  fo r  example ,  group s o f  ducks ? Coul d animal s instea d 
follo w simpl e rules ,  wit h th e resul t  tha t  th e probabilit y o f 
foo d densit y woul d b e represente d i n th e distributio n o f  th e 
group ,  rathe r  tha n th e C N S o f  eac h individual ? Indeed ,  th e 
equation s tha t  describ e a  syste m d o no t  necessaril y  revea l 
causation .  Reaction-diffusio n equation s (se e Winfree ,  1980 ) 
predic t  pattern s o f  diffusio n i n variou s system s (e.g. ,  slim e 
molds) ,  bu t  thos e system s ca n b e simulate d i n cellula r 
automat a usin g simple ,  locally-define d rule s (e.g. ,  Resnick , 
1994) .  I n th e nex t  section ,  I  conside r  a  nonrepresentationa l 
approac h t o probabilit y  matchin g tha t  doe s no t  requir e 
interna l  representation s o f  environmenta l  variable s o r  pas t 
experiences . 

A nonrepresentational approach 

Fro m th e decentralize d perspective ,  th e proble m i s no t  a 
matte r  o f  constructin g a  mode l  b y whic h eac h organis m ca n 
represen t  th e complexit y o f  th e environment .  Rather ,  i t  i s a 
matte r  o f  determinin g th e simples t  possibl e representation s 
and behaviors ,  an d constraint s o f  th e environmen t  which , 
when the y interact ,  coul d resul t  i n th e emergenc e o f  th e 
large r  grou p phenomenon .  Th e approac h take n her e i s 
influence d b y th e wor k cite d i n th e firs t  section ,  a s wel l  a s 
Simon' s (1957 )  notion s o f  '  satisficing "  (rathe r  tha n 
optimizin g o r  maximizing )  algorithms ,  a s expresse d b y 
Gigerenze r  an d hi s colleague s (e.g. ,  Gigerenzere t  al. ,  1991) . 

^^^ B ^^ y »  ^^^^ ^ 
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Duck 

c Foo d 

•  Eatin g 
duc k 

3 Foo d 
Ducks :  5: 1 
M ag Densit y 
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I n th e duc k feedin g example ,  rathe r  tha n maintainin g 
comple x representations ,  th e duck s m a y follo w a  rul e a s 
simpl e a s 'g o t o th e closes t  morse l  o f  food. " 
Environmenta l  constraint s migh t  als o contribut e t o th e 
emergenc e o f  th e comple x behavior .  Fo r  example ,  morse l 
magnitud e migh t  b e reflecte d i n th e siz e o f  th e group s 
forme d simpl y becaus e i t  take s longe r  t o ea t  larg e morsels , 
resultin g i n a  large r  numbe r  o f  visibl e morsel s nea r  a  sourc e 
of  large r  food .  Suppos e th e morsel s a t  on e foo d sourc e ar e 
large r  tha n thos e a t  anothe r  sourc e wit h a n equa l  rat e o f 
dispersal ,  and ,  a t  a  give n moment ,  ther e ar e equa l  number s 
of  duck s a t  eac h foo d source .  Soon ,  mor e foo d wil l  b e 
availabl e a t  th e sourc e wit h th e large r  magnitude ,  becaus e 
duck s a t  tha t  sourc e wil l  requir e mor e tim e t o consum e eac h 
morsel . 

Simulations 

The general simulator 

The environmen t  wa s a  3 0 b y 3 0 gri d (th e "pond" )  wit h tw o 
source s o f  foo d locate d a t  th e to p an d botto m edges .  Variou s 
characteristic s o f  th e source s coul d b e specifie d (an d change d 
interactivel y durin g a  simulatio n — althoug h n o interactiv e 
change s wer e mad e durin g th e simulation s reporte d here) . 
For  example ,  th e rat e o f  dispersa l  fro m th e sourc e (actuall y 
th e interva l  betwee n dispersals ,  s o tha t  a  rat e o f  "2 "  i s 
slowe r  tha n a  rat e o f  "1") ,  an d th e magnitud e o f  th e 
"morsels "  o f  foo d coul d b e specified . 

Figure 1: The simulator. In all simulations reported, 30 
duck s wer e place d i n a  3 0 x  3 0 "pond, "  wit h a  foo d sourc e a t 

th e top ,  an d anothe r  a t  th e bottom .  Rat e o f  dispersa l  an d 
morse l  magnitud e coul d b e specifie d fo r  eac h source . 

In the simulations, when a duck made contact with a 
morse l  o f  food ,  th e duc k woul d remai n stationar y unti l  i t 
was finished  "eating. "  Eatin g time ,  i n updat e cycles ,  wa s 
define d a s th e magnitud e o f  a  morse l  o f  food ;  give n a 
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morse l  o f  magnitud e 5 ,  a  duc k eatin g tha t  morse l  woul d 
remai n stationar y fo r  5  updat e cycles .  A t  th e beginnin g o f  a 
simulation ,  a  specifie d numbe r  o f  duck s wa s randoml y 
distribute d throughou t  th e pond .  A t  eac h tim e step ,  o r 
cycle ,  foo d wa s distribute d fro m a  sourc e (t o a  random , 
unoccupie d locatio n withi n a  specifie d distanc e fro m th e 
source )  i f  th e cycl e numbe r  wa s divisibl e b y it s rat e o f 
dispersal .  Subsequently ,  th e location s o f  th e duck s wer e 
update d i n rando m order ,  i n accordanc e wit h th e constraint s 
describe d i n th e nex t  section .  Simpl e obstacl e avoidanc e 
procedure s wer e implemented .  If ,  fo r  example ,  a  duc k e n 
rout e t o a  morse l  encountere d a  stationar y duck ,  i t  coul d 
chang e directio n t o fin d a n unimpede d pat h t o th e neares t 
morse l  o f  food .  A n exampl e simulato r  w indo w i s show n i n 
Figur e 1 . 

Nonrepresentational implementation 

I n th e nonrepresentationa l  implementation ,  duc k behavio r 
was determine d b y on e rul e an d on e explici t  constrain t  o f  th e 
environment .  Th e rul e wa s simpl y t o approac h th e neares t 
morse l  o f  food .  Th e environmenta l  constrain t  wa s tha t  onc e 
a duc k contacte d a  morse l  o f  food ,  i t  ha d t o remai n stationar y 
whil e i t  ate. "  A s mentione d i n th e previou s section ,  a 
morse l  o f  foo d o f  magnitud e 5  woul d requir e th e duc k t o 
remai n stationar y fo r  5  updat e cycles . 

Certainly ,  othe r  behavior s an d constraint s ar e possible . 
However ,  thes e tw o wer e chose n a s th e simples t  possible . 
I f  other s wer e use d (e.g. ,  duck s coul d maintai n a 
representatio n o f  h o w m u c h foo d the y obtaine d a t  a  sourc e 
and probabilisticall y decid e t o chang e source s whe n the y 
obtaine d to o little) ,  a  behavio r  ver y m u c h lik e th e on e use d 
woul d stil l  b e neede d t o m o v e th e duck s t o thei r  desire d 
sourc e an d t o find  food . 

Representational approach 

Galliste l  (1990 )  present s a  computationa l  mode l  (base d o n 
Myerso n an d Miezin' s 198 0 model )  tha t  accuratel y predict s 
th e behavio r  o f  foragin g animals .  I n th e model ,  eac h duc k 
represent s th e rat e o f  foo d distributio n a t  eac h foo d sourc e 
and th e magnitud e o f  morsel s bein g distributed .  Thes e 
variable s ar e the n combine d neurall y t o represen t  foo d 
densit y a t  eac h source ,  yieldin g "relativ e patc h affinities " 
(equivalen t  t o th e proportio n o f  foo d a t  eac h source) . 
Relativ e patc h affinitie s multiplie d b y a  "switchiness " 
constan t  (ho w ofte n th e anima l  i s willin g t o chang e sources ) 
ar e assume d t o b e equa l  t o a  Poisso n proces s whic h predict s 
h o w m u c h tim e a  duc k wil l  spen d a t  eac h foo d source . 

I n thi s implementation ,  eac h duc k maintaine d a n explici t 
representatio n o f  eac h source' s density .  Relativ e patc h 
affinitie s wer e simpl y th e proportio n o f  foo d availabl e a t 
eac h source .  However ,  i t  i s  no t  clea r  exactl y h o w o r  whe n 
duck s shoul d updat e thei r  representations .  Thi s questio n 
becomes crucia l  i f  on e attempt s t o implemen t  th e mode l  a s a 
simulation .  I f  duck s constantl y evaluat e whic h sourc e the y 
prefe r  i n a  probabilisti c  fashion ,  h o w wil l  the y eve r  sw i m 
acros s th e pon d t o th e les s dens e source ? I f  ther e i s a 
probabilit y  o f  .7 0 o f  choosin g on e sourc e (du e t o relativ e 
patc h affinities) ,  bu t  th e othe r  sourc e i s 2 0 cell s awa y 
(requirin g 2 0 updat e cycles '  travel) ,  a  duc k mus t  choos e th e 
les s likel y sourc e fo r  severa l  cycle s runnin g — a n unlikel y 

event .  Eithe r  complicate d rule s abou t  whe n t o updat e a 
representatio n o r  som e sor t  o f  switchines s facto r  i s als o 
required ,  an d on e wa s implemented .  Fo r  example ,  i f 
switchines s wa s se t  t o 80 ,  thi s woul d mea n tha t  i f  th e 
curren t  preferenc e (base d o n relativ e patc h affinity )  require d 
switchin g sources ,  a  second  decisio n wa s mad e wit h a n 8 0 % 
chanc e o f  changin g sources . 

Wit h switchines s se t  t o 10 0 (s o tha t  i t  woul d hav e n o 
effect) ,  probabilit y  matchin g di d no t  occur .  Instead ,  al l  o f 
th e duck s woul d see k th e denses t  source ,  sinc e i t  wa s s o 
unlikel y tha t  the y woul d "choose "  th e les s dens e sourc e 
enoug h time s i n on e perio d o f  tim e t o actuall y m o v e there . 
I n fact ,  simpl y settin g switchines s substantiall y  belo w 10 0 
was no t  sufficient .  Fo r  probabilit y  matchin g t o emerge ,  I 
had t o modif y th e switchines s facto r  t o onl y com e int o pla y 
when a  decisio n wa s bein g mad e t o chang e preference s from 
leas t  t o mos t  plentifu l  (i.e. ,  i t  woul d neve r  c o m e int o pla y i f 
a duc k decide d t o leav e th e mor e plentifu l  source) .  Tria l  an d 
erro r  determine d tha t  th e optima l  switchines s facto r  wa s 80 . 

Finally ,  althoug h Gallistel' s  mode l  i s supposedl y on e o f 
"interna l  causation, "  w e mus t  conside r  exactl y wha t  i t  i s  i t 
cause s duck s t o do .  "Choosing "  a  sourc e i s no t  enough . 
We mus t  als o conside r  h o w duck s implemen t  thei r  choice : 
h o w the y trave l  betwee n source s an d arriv e a t  a  morse l  o f 
food .  Th e mode l  doe s no t  addres s thi s level .  I n orde r  t o 
giv e th e duck s behavio r  i n thi s implementation ,  the y 
followe d a  slightl y modifie d versio n o f  th e behavio r  use d i n 
th e nonrepresentationa l  implementation :  see k th e neares t 
foo d a t  th e preferre d source . 

General parameters 

I n ever y simulation ,  3 0 duck s wer e used .  A s mentione d 
above ,  switchines s wa s se t  t o 8 0 i n al l  simulation s ru n wit h 
th e representationa l  implementation .  Al l  simulation s wer e 
ru n fo r  30 0 updat e cycles .  Th e tw o implementation s wer e 
compare d b y runnin g tw o set s o f  simulations . 

First ,  10 0 simulation s wer e ru n wit h eac h implementatio n 
wit h tw o foo d source s tha t  differe d i n rat e o f  dispersal .  Th e 
rat e o f  on e sourc e wa s se t  t o 2  (i.e. ,  a  morse l  o f  foo d wa s 
disperse d fro m tha t  sourc e ever y secon d cycle) ,  an d th e rat e 
of  th e othe r  wa s se t  t o 1 0 (i.e. ,  a  morse l  o f  foo d wa s 
disperse d fro m tha t  sourc e ever y tent h cycle) .  Morse l 
magnitud e wa s se t  t o 3 0 a t  bot h source s (therefore ,  an y 
morse l  o f  foo d require d 3 0 updat e cycle s t o consume) .  I n 
thi s case ,  th e expecte d distributio n rati o o f  duck s woul d b e 
5:1 ,  sinc e th e rat e o f  dispersa l  a t  th e first  sourc e wa s five 
time s greate r  tha n tha t  a t  th e secon d sourc e (i.e. ,  th e syste m 
shoul d settl e wit h 2 5 duck s a t  th e sourc e wit h th e faste r 
dispersa l  rate ,  an d 5  a t  th e other ,  slowe r  source) . 

I n th e secon d se t  o f  simulations ,  rat e wa s hel d constant , 
but  magnitud e differe d betwee n th e tw o sources .  10 0 
simulation s wer e ru n wit h eac h implementation .  Rat e o f 
dispersa l  wa s se t  t o 5  a t  eac h sourc e (i.e. ,  a  morse l  o f  foo d 
was disperse d fro m eac h sourc e o n ever y fifth  cycle) .  Morse l 
magnitud e wa s se t  t o 8 0 a t  on e source ,  an d t o 4 0 a t  th e 
other .  Thus ,  th e expecte d distributio n rati o woul d b e 2:1 , 
sinc e th e densit y a t  th e sourc e wit h large r  morse l  magnitud e 
was twic e tha t  o f  th e othe r  sourc e (i.e. ,  th e syste m shoul d 
settl e wit h 2 0 duck s a t  th e dense r  source ,  an d 1 0 a t  th e other , 
les s dens e source) . 
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Figur e 2 :  Probabilit y  matchin g t o difference s i n rat e i n th e 
tw o implementations .  Morse l  magnitud e wa s se t  t o 3 0 fo r 
bot h foo d sources .  Th e dispersa l  rat e o f  th e dense r  sourc e 

was se t  t o 2 .  Th e dispersa l  rat e o f  th e othe r  sourc e wa s se t  t o 
10.  Wit h 3 0 ducks ,  th e predicte d numbe r  o f  duck s a t  th e 

dense r  sourc e i s 25 . 
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Figur e 3 :  Probabilit y  matchin g t o difference s i n morse l 
magnitud e i n th e tw o implementations .  Dispersa l  rat e wa s 
set  t o 5  fo r  bot h foo d sources .  Th e magnitud e o f  th e dense r 
sourc e wa s se t  t o 80 .  Th e dispersa l  rat e o f  th e othe r  sourc e 

was se t  t o 40 .  Wit h 3 0 ducks ,  th e predicte d numbe r  o f  duck s 
at  th e dense r  sourc e i s 20 . 

Result s 

I n general ,  th e result s o f  th e bot h implementation s fit  th e 
reporte d dat a -  tha t  is ,  probabilit y  matchin g wa s observed . 
Ducks divide d int o tw o group s proportiona l  t o th e foo d 
densit y a t  th e tw o sources ;  the y matche d change s du e t o 
difference s i n rat e an d magnitude .  However ,  no t  al l 
combination s o f  numbe r  o f  ducks ,  rate s an d magnitude s 
resulte d i n probabilit y  matching .  A n examinatio n o f  th e 
environmenta l  constraint s - -  th e siz e o f  th e pond ,  th e 
distanc e betwee n th e sources ,  th e siz e o f  th e are a a  sourc e 
disperse s foo d into ,  th e rat e an d magnitud e value s fo r  th e 
sources ,  an d th e numbe r  o f  duck s — explain s why . 

For  example ,  conside r  th e relationshi p betwee n magnitud e 
and rat e o f  dispersa l  i n th e simpler ,  nonrepresentationa l 
implementation .  A  chang e i n magnitud e wil l  no t  hav e an y 
effec t  unles s th e magnitud e i s approximatel y a  multipl e o f 
th e rate ,  sinc e foo d disperse d a t  tim e t  ca n b e consume d b y 
tim e /  +  magnitud e +  I  (th e min imu m tim e fo r  a  duc k t o 
move t o a n adjacen t  morse l  o f  foo d i s on e updat e cycle) . 
For  a  duc k t o chang e sources ,  th e onl y foo d availabl e i n th e 
environmen t  mus t  b e fro m a  differen t  source .  Thi s 
conditio n mus t  remai n tru e unti l  th e duc k i s close r  t o th e 
new source' s foo d tha n an y ne w foo d fro m it s  origina l 
source ,  sinc e th e duc k wil l  see k th e closes t  food .  Therefore , 
fo r  th e syste m t o converg e o n th e distributio n o f  duck s 
predicte d b y foo d density ,  foo d ca n b e neithe r  to o plentifu l  -
i n whic h cas e duck s hav e n o reaso n t o chang e source s — no r 
to o scarc e - -  i n whic h cas e foo d wil l  b e consume d b y a  duc k 
clos e t o a  sourc e befor e othe r  duck s ca n chang e source s 
(Gallistel ,  1990 ,  note s tha t  simila r  deviation s fro m predicte d 
probabilit y  matchin g hav e bee n reporte d i n th e literature ;  h e 

explain s the m a s a  resul t  o f  foo d bein g consume d befor e 
othe r  duck s ca n updat e thei r  representations) .  However ,  b y 
varyin g onl y rat e o r  magnitude ,  i t  i s  possibl e t o observ e 
behavio r  whic h closel y resemble s probabilit y  matching . 

Differences in Rate Both implementations match the 
probabilit y  matchin g prediction s fo r  difference s i n rate . 
Wit h th e tw o sources '  morse l  magnitude s se t  t o 30 ,  on e 
sourc e wit h a  rat e o f  2 ,  an d th e othe r  wit h a  rat e o f  1 0 ( 5 
time s slowe r  tha n th e first),  th e grou p o f  3 0 duck s spli t  int o 
tw o group s o f  approximatel y 2 5 (nea r  th e first  source )  an d 5 
(nea r  th e slowe r  source )  withi n 10 0 updat e cycle s i n bot h 
implementation s (se e Figur e 2) . 

Differences in Magnitude Both implementations 
matc h th e probabilit y  matchin g prediction s fo r  difference s i n 
magnitude ,  althoug h effect s o f  magnitud e ar e mor e difficul t 
t o observ e tha n thos e o f  rate .  Fo r  th e differenc e betwee n 
sources '  magnitude s t o affec t  th e distributio n o f  ducks ,  i t 
must  b e s o larg e tha t  foo d from  th e sourc e wit h th e large r 
magnitud e remain s availabl e lon g enoug h tha t  duck s a t  th e 
opposit e sourc e ca n ge t  close r  t o i t  befor e mor e foo d i s 
distribute d fro m th e opposit e source .  S o th e "swimmin g 
speed "  o f  th e duck s an d th e distanc e betwee n th e source s als o 
come int o play .  I f  magnitude s ar e se t  sufficientl y high , 
however ,  th e relativ e contribution s o f  thos e secondar y 
factor s decrease ,  an d probabilit y  matchin g emerges .  Wit h th e 
tw o sources '  dispersa l  rate s se t  t o 5 ,  on e sourc e wit h a 
morse l  magnitud e o f  80 ,  an d th e othe r  wit h a  morse l 
magnitud e o f  4 0 (hal f  th e siz e o f  th e first),  th e grou p o f  3 0 
duck s spli t  int o tw o group s o f  approximatel y 2 0 (nea r  th e 
first  source )  an d 1 0 (nea r  th e othe r  source )  withi n 
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Figur e 4 :  Example s o f  observe d on-lin e difference s 
betwee n th e implementation s durin g simulation s whe n 
magnitude s differed .  Th e lef t  pane l  i s  a  snapsho t  o f  th e 

nonrepresentationa l  implementation ,  an d th e righ t  pane l  i s a 
snapsho t  o f  th e representationa l  implementation .  I n bot h 
cases ,  approximatel y 15 0 updat e cycle s hav e take n place . 

approximately 300 update cycles in both implementations 
(se e Figur e 3) . 

Discussion 

Althoug h i t  i s  no t  clea r  h o w t o equat e updat e cycle s wit h 
rea l  tim e ~  with ,  e.g. ,  th e rea l  swimmin g an d eatin g rate s o f 
duck s -  th e differenc e betwee n convergenc e time s fo r  rat e 
and magnitud e difference s ar e similar ,  i n general ,  t o thos e 
observe d wit h rea l  animals .  Harpe r  (1982 )  foun d tha t 
distribution s o f  rea l  duck s matche d difference s i n rat e withi n 
approximatel y 9 0 seconds .  Th e sam e grou p o f  duck s 
matche d difference s i n morse l  magnitud e withi n 
approximatel y 30 0 seconds .  Compar e thes e number s wit h 
Figure s 2  an d 3 :  difference s i n rat e wer e matche d afte r 
approximatel y 6 0 cycles ,  an d th e matc h t o difference s i n 
magnitud e di d no t  asymptot e unti l  nearl y 20 0 cycle s ha d 
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Figur e 5 :  Th e numbe r  o f  duck s changin g source s a t  eac h 
cycl e i n th e tw o implementation s whe n magnitud e differed . 

Figur e 6 :  Th e amoun t  o f  foo d lef t  uneate n a t  eac h cycl e i n 
th e tw o implementation s whe n magnitud e differed . 

passed. 
Bot h implementation s provid e simila r  simulation s o f  th e 

phenomenon .  However ,  ther e wer e tw o majo r  difference s 
betwee n them :  th e representationa l  simulatio n wa s les s 
realisti c an d les s stabl e tha n th e nonrepresentationa l 
simulation . 

Th e differenc e i n realis m i s  illustrate d i n Figur e 4 . 
Snapshot s o f  bot h implementation s o f  th e simulato r  ar e 
show n afte r  approximatel y 15 0 updat e cycle s whe n 
magnitude s differed .  I n th e representationa l  implementatio n 
(lowe r  panel) ,  ther e i s m u c h mor e uneate n foo d an d ther e ar e 
severa l  duck s tha t  ar e no t  clos e t o eithe r  source .  Durin g th e 
representationa l  simulations ,  duck s woul d ofte n ignor e th e 
closes t  foo d -  eve n immediatel y adjacen t  foo d -  whe n thei r 
sourc e preferenc e ha d change d fro m thei r  curren t  location . 
Also ,  i t  wa s c o m m o n t o observ e severa l  duck s "stuck "  i n 
th e regio n betwee n source s fo r  lon g periods ,  a s thei r 
preference s oscillate d betwee n sources . 

Thes e difference s betwee n implementation s ar e quantifie d 
i n Figure s 5  an d 6 .  I n Figur e 5 ,  th e rat e o f  sourc e switchin g 
i s plotte d fo r  simulation s i n whic h magnitud e differed .  O n 
average ,  ther e wer e man y mor e duck s changin g source s a t  a 
give n tim e i n th e representationa l  simulations .  I n Figur e 6 , 
th e amoun t  o f  uneate n foo d availabl e i s  plotte d fo r 
simulation s whe n magnitud e differed .  (Th e cycli c patter n i n 
Figure s 5  an d 6  i s du e t o ne w foo d bein g introduce d ever y 
fifth  updat e cycle ,  a s dispersa l  rat e wa s se t  t o 5  fo r  bot h 
source s i n eac h implementation. )  I n th e nonrepresentationa l 
implementation ,  a  relativel y stead y stat e wa s reache d afte r 
approximatel y 10 0 cycles ,  wit h approximatel y 1  uneate n 
morse l  available .  O n average ,  i n th e representationa l 
implementation ,  ther e wa s mor e tha n twic e a s muc h uneate n 
foo d availabl e afte r  th e nonrepresentationa l  implementatio n 
reache d it s stead y state . 

Whil e i t  woul d b e simpl e t o ad d rule s designe d t o preven t 
th e unrealisti c behavior s i n th e representationa l 
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implementation ,  th e crucia l  poin t  i s  tha t  i t  become s mor e 
difficul t  t o simulat e probabilit y  matchin g whe n calculation s 
and representation s ar e incorporate d int o th e behavio r  o f  th e 
individua l  ducks .  Simulatin g a  mode l  lik e Gaiiistel' s  wil l 
requir e devisin g a  se t  o f  behaviora l  rule s i n a n a d ho c fashio n 
t o contro l  behavio r  when ,  fo r  example ,  th e closes t  foo d i s 
not  a t  th e dense r  source .  I n contrast ,  th e simple r 
nonrepresentationa l  approac h succeed s i n fittin g th e dat a 
wit h onl y on e behavio r  an d on e environmenta l  constraint . 

Gaiiistel' s  (1990 )  mode l  i s a n extensio n o f  a  mode l  o f 
individua l  probabilit y  matching ,  an d i s mean t  t o serv e a s 
model  fo r  bot h individua l  an d grou p probabilit y  matching . 
However ,  th e result s  o f  th e simulation s indicat e tha t  whil e i t 
may accoun t  fo r  individua l  data ,  i t  i s  no t  clea r  ho w t o 
implemen t  i t  i n orde r  t o accoun t  fo r  grou p data .  I t  ma y wel l 
be tha t  th e tw o phenomen a ar e no t  a s directl y relate d a s i s 
typicall y assumed .  Anothe r  possibilit y  i s  tha t  th e individua l 
case coul d b e modele d mor e simply .  Thi s i s a  questio n I 
pla n t o pursu e i n th e nea r  future . 

Conclusions 

By considerin g simple ,  loca l  rule s an d environmenta l 
constraints ,  th e nonrepresentationa l  implementatio n 
successfull y simulate s probabilit y  matchin g i n group s o f 
foragin g animals .  Thi s demonstrate s tha t  i t  i s  indee d 
"possibl e t o propoun d a  mode l  o f  th e interna l  causatio n o f 
th e duck' s behavio r  tha t  avoid s postulatin g a n isomorphis m 
betwee n a  syste m o f  variable s an d operation s insid e th e duc k 
and th e correspondin g syste m o f  number ,  tim e an d 
magnitud e externa l  t o th e duck. "  I n addition ,  implementin g 
th e representationa l  mode l  reveal s tw o critica l  weaknesses . 
First ,  th e necessit y o f  makin g animal s mov e aroun d require s 
tha t  behaviora l  rule s b e adde d (i n fact ,  th e ver y rule s tha t 
allo w th e nonrepresentationa l  implementatio n t o fi t  th e dat a 
withou t  comple x representations) .  Second ,  relyin g o n 
"relativ e patc h affinities "  lead s t o unrealisti c behavior s 
whic h woul d requir e th e ad-ho c additio n o f  behaviora l  rule s 
t o preven t  them . 

The curren t  simulation s ad d t o demonstration s i n othe r 
domain s tha t  decomposin g comple x task s int o simpl e 
component s ca n reduc e th e complexit y  o f  th e representation s 
required .  Optima l  individua l  representation s ar e no t 
necessar y t o explai n comple x grou p behavior . 
Quantitatively-equivalent ,  "satisficing "  procedures ,  base d o n 
interaction s betwee n individuals ,  allo w u s t o attribut e les s 
complexit y a t  th e individua l  level .  Whil e explanation s 
based o n suc h model s ma y no t  tur n ou t  t o b e accurate ,  the y 
shoul d b e considere d alon g wit h mor e comple x explanations . 
Finally ,  th e simulato r  itsel f  i s  a  usefu l  too l  fo r  preliminar y 
test s o f  prediction s abou t  th e behavio r  o f  rea l  organisms ,  an d 
studyin g th e interactio n o f  experimenta l  an d environmenta l 
variables . 
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