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Abstrac t 

Thi s pape r  discusse s th e rol e o f  cultur e i n th e evolutio n o f  cog -
nitiv e systems .  W e defin e "culture "  a s an y informatio n trans -
mitte d betwee n individual s an d betwee n generation s b y non -
geneti c means .  Experiment s ar e presente d tha t  us e geneti c pro -
grammin g system s tha t  includ e specia l  mechanism s forculoira l 
transmissio n o f  information .  Thes e system s evolv e compute r 
program s tha t  perfor m cognitiv e task s includin g mathematica l 
functio n mappin g an d actio n selectio n i n a  virtua l  world .  Th e 
dat a sho w tha t  th e presenc e o f  culnire-supportin g mechanism s 
can hav e a  clea r  beneficia l  impac t  o n th e evolvabilit y  o f  cor -
rec t  programs .  Th e implication s tha t  thes e result s ma y hav e 
fo r  cognitiv e scienc e ar e briefl y discussed . 

Introduction 

Interaction s betwee n cultura l  an d evolutionar y processe s ar e 
discusse d i n th e literature s o f  severa l  fields,  includin g cog -
nitiv e scienc e (Donald ,  1991) ,  etholog y (Bonner ,  1980) ,  so -
ciobiolog y (Lumsde n an d Wilson ,  1981) ,  an d primatolog y 
(Quiat t  an d Itani ,  1994) .  Thi s pape r  report s relate d wor k i n 
th e field  o f  evolutionar y computation ,  i n whic h problem s ar e 
solve d b y us e o f  computationa l  mechanism s tha t  hav e bee n 
derive d fro m evolutionar y processes .  I n particular ,  result s 
ar e presente d fo r  geneti c programmin g systems ,  i n whic h 
executabl e compute r  program s ar e automaticall y produce d 
throug h processe s o f  recombinatio n an d natura l  selectio n 
(Koza ,  1992) .  Geneti c programmin g system s ca n automat -
icall y produc e compute r  program s fo r  a  variet y o f  interestin g 
cognitiv e task s includin g circui t  design ,  gramma r  induction , 
bloc k stacking ,  an d actio n selectio n (Koza ,  1992 ;  Spector , 
1994 ,  1996) . 

The representation s an d algorithm s employe d b y artificiall y 
evolve d cognitiv e system s ma y bea r  littl e resemblanc e t o 
thos e o f  natura l  cognitiv e systems .  The y nonetheles s exem -
plif y possibl e cognitiv e mechanisms ,  an d a s suc h the y ma y 
be o f  interes t  t o cognitiv e scienc e mor e broadly .  Fo r  purpose s 
of  cognitiv e modelin g on e ca n als o constrai n th e evolutionar y 
proces s i n variou s ways .  Fo r  example ,  on e ca n restric t  th e 
set  o f  function s an d dat a structure s ou t  o f  whic h program s ar e 
constructe d t o a  se t  tha t  ha s bee n deeme d cognitivel y plau -
sible .  Th e overal l  architectur e o f  evolve d program s ca n b e 
similarl y constrained . 

One ca n measur e th e computationa l  effor t  require d t o 
evolv e system s unde r  differen t  condition s (e.g. ,  whe n th e sys -
tem s ar e architecturall y constraine d i n variou s ways) .  B y 
use o f  suc h measurement s on e ca n asses s th e evolvabilit y  o f 
cognitiv e system s o f  variou s sort s give n th e specifie d con -
ditions .  Becaus e al l  natura l  cognitiv e system s presumabl y 

aros e throug h evolutionar y processes ,  thi s informatio n ma y 
be use d a s evidenc e fo r  o r  agains t  hypothese s abou t  cognitiv e 
mechanism s i n natura l  systems . 

Thi s stud y examine s th e effec t  tha t  cultur e ha s o n th e evolv -
abilit y  o f  cognitiv e systems .  W e defin e "culture "  a s an y infor -
matio n transmitte d betwee n individual s an d betwee n genera -
tion s b y non-geneti c means. '  Relate d notion s o f  cultur e hav e 
bee n explore d i n othe r  evolutionar y computatio n paradigm s 
(Bankes ,  1995 ;  Reynolds ,  1994 ;  Hutchin s an d Hazlehurst , 
1993) .  I n thi s pape r  experiment s ar e presente d i n whic h ge -
neti c programmin g system s evolv e program s tha t  perfor m 
cognitiv e task s (mathematica l  functio n mappin g an d actio n 
selection) .  Specia l  mechanism s ar e adde d t o suppor t  cul -
tura l  transmissio n o f  information ,  an d th e resultin g impact s 
on evolvabilit y  ar e observed .  Th e dat a sho w tha t  th e presenc e 
of  culture-supportin g mechanism s ca n hav e a  clea r  beneficia l 
impac t  o n th e evolvabilit y  o f  correc t  programs . 

Fro m a n engineerin g perspective ,  th e result s sho w tha t  th e 
efficienc y o f  geneti c programmin g ca n b e improve d throug h 
th e additio n o f  culture-supportin g mechanisms ;  sinc e th e 
mechanism s ar e als o simpl e an d eas y t o add ,  practitioner s o f 
evolutionar y computatio n shoul d conside r  thei r  us e fo r  othe r 
problems .  Fro m a  cognitiv e scienc e perspective ,  th e result s 
may she d som e ligh t  o n th e relation s betwee n evolutio n an d 
cultur e mor e broadly ,  an d the y ma y als o sugges t  ne w use s o f 
evolutionar y computatio n i n cognitiv e modeling . 

The nex t  sectio n describe s th e experimenta l  metho d use d 
i n thi s study ,  wit h subsection s o n geneti c programming ,  th e 
measuremen t  o f  computationa l  effort ,  indexe d memor y (th e 
mechanis m o n whic h th e implementatio n o f  cultur e i s  based) , 
culture ,  an d tw o tes t  problems:  symboli c regressio n o f  y  = 
x^  +  x ^  +  x ^  +  X  an d actio n selectio n i n W u m p us world . 
Result s ar e the n presente d i n th e for m o f  computationa l  effor t 
measurements ,  an d th e meanin g an d generalit y o f  th e result s 
ar e discussed . 

Method 

Geneti c P r o g r a m m i n g 

Geneti c programmin g i s a  techniqu e fo r  th e automati c gen -
eratio n o f  compute r  program s b y mean s o f  natura l  selectio n 
(Koza ,  1992) .  Th e geneti c programmin g proces s start s b y cre -
atin g a  larg e initia l  populatio n o f  program s tha t  ar e rando m 
combination s o f  element s fro m problem-specifi c  functio n an d 
termina l  sets .  Eac h progra m i n th e initia l  populatio n i s the n 
assesse d fo r  fitness,  an d th e fitness  value s ar e use d i n produc -

'Boime r  (1980 )  provide s a  simila r  definition . 
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in g th e nex t  generatio n o f  program s b y mean s o f  a  variet y o f 
geneti c operation s includin g reproduction ,  crossover ,  an d mu -
tation .  Afte r  a  preestablishe d numbe r  o f  generations ,  o r  afte r 
th e fitness  improve s t o som e preestablishe d level ,  th e best -
of-ru n individua l  i s  designate d a s th e resul t  an d i s produce d 
as th e outpu t  fro m th e geneti c programmin g system .  Ektail s 
of  progra m representatio n an d algorithm s fo r  al l  geneti c op -
erators ,  alon g wit h ful l  sourc e cod e fo r  geneti c programmin g 
systems ,  ca n b e foun d i n (Koza .  1992 )  an d (Koza ,  1994) . 

Computational Effort 

Koza ha s develope d a  techniqu e fo r  measurin g th e compu -
tationa l  effor t  require d t o solv e a  proble m wit h geneti c pro -
grammin g (Koza ,  1994) .  Becaus e th e geneti c programmin g 
algorith m include s rando m choice s a t  severa l  steps ,  dat a i s 
collecte d fro m a  larg e numbe r  o f  independen t  runs .  O n e first 
calculate s P(M,i) ,  th e cumulativ e probabilit y  o f  succes s b y 
generatio n i  usin g a  populatio n o f  siz e M .  Fo r  eac h generatio n 
I  thi s i s simpl y th e tota l  numbe r  o f  run s tha t  succeede d o n 
or  befor e th e it h generation ,  divide d b y th e tota l  numbe r  o f 
run s conducted .  O n e the n calculate s I{M,i,z) ,  th e numbe r  o f 
individual s tha t  mus t  b e processe d t o produc e a  solutio n b y 
generatio n /  wit h probabilit y  greate r  tha n z  (wher e z  i s usuall y 
99%) .  I{M,i,z )  i s calculate d usin g th e formula : 

/(M,i,z )  =  M * ( t - l - l ) * 
log(l-a: ) 

l o g ( l - P ( M , i ) ) 

The min imu m o f  I(M,i,z )  ove r  th e rang e o f  /  i s define d a s 
th e "computationa l  effort "  require d t o solv e th e proble m wit h 
th e give n syste m (Koza ,  1994) . 

Indexed Memory 

Indexe d memor y i s a  mechanis m tha t  allow s program s devel -
oped b y geneti c programmin g t o mak e us e o f  runtim e memor y 
(Teller ,  1994) .  Th e mechanis m consist s o f  a  linea r  arra y o f 
memory location s an d tw o functions ,  R E A D an d W R I T E ,  tha t 
ar e adde d t o th e se t  o f  function s from  whic h program s ar e 
created .  Th e memor y i s initialize d a t  th e star t  o f  eac h pro -
gra m execution .  R E A D take s a  singl e argumen t  an d return s 
th e content s o f  th e memor y locatio n indexe d b y tha t  argu -
ment .  W R I T E take s tw o arguments ,  a  memor y inde x an d a 
dat a item ,  an d store s th e dat a ite m i n th e memor y a t  th e speci -
fied  index .  W R I T E return s th e previou s valu e o f  th e specifie d 
memory location .  Telle r  (1994 )  showe d tha t  indexe d m e m-
or y ca n hel p t o evolv e correc t  program s fo r  certai n problems , 
and tha t  th e combinatio n o f  indexe d memor y an d iteratio n al -
low s geneti c programmin g t o produc e an y Turing-computabl e 
function .  Other s hav e furthe r  examine d th e utilit y  o f  indexe d 
memory;  fo r  example ,  Andr e (1995 )  ha s experimente d wit h 
problem s tha t  requir e th e us e o f  memory ,  an d ha s explore d 
th e way s i n whic h evolve d program s us e indexe d memor y i n 
solvin g thes e problems . 

Culture 

"Culture "  ca n b e implemente d b y modifyin g Teller' s indexe d 
memory mechanis m t o caus e al l  individual s t o shar e th e sam e 
memory.  Th e memor y shoul d b e initialize d onl y a t  th e star t 
of  a  geneti c programmin g run .  Subsequen t  change s t o th e 
memory b y an y individua l  wil l  persis t  an d b e availabl e t o 
othe r  individuals .  Thi s make s i t  possibl e fo r  a  progra m t o 

pas s informatio n t o itsel f  (i n late r  execution s i n th e run) ,  t o 
it s  contemporaries ,  t o it s offspring ,  an d t o unrelate d member s 
of  futur e generations .  Th e orde r  i n whic h th e populatio n i s 
evaluate d fo r  fitness  ca n clearl y hav e a n effect ;  th e evaluatio n 
orde r  withi n eac h generatio n ca n b e randomize d t o preven t 
systemati c exploitatio n o f  thi s effect . 

A cultur e i s th e collectiv e produc t  o f  al l  individual s 
throughou t  evolutionar y time .  Thi s mean s tha t  an y "goo d 
idea "  develope d b y an y individua l  m a y b e preserve d fo r  us e 
by al l  othe r  individuals .  Unfortunately ,  i t  als o mean s tha t  a 
singl e destructiv e individua l  ca n eras e a  grea t  dea l  o f  valu -
abl e information .  Fo r  mos t  o f  th e problem s studie d s o far ,  th e 
positive s outweig h th e negatives—th e availabilit y  o f  a  cultur e 
speed s evolution . 

A progra m evolve d wit h cultur e wil l  generall y functio n 
correctl y onl y whe n ru n i n a n appropriat e cultura l  context . 
The cultura l  contex t  withi n whic h a  progra m wa s evolve d 
i s therefor e a n intrinsi c par t  o f  th e program ,  an d th e geneti c 
programmin g syste m shoul d repor t  th e appropriat e cultura l 
contex t  (initia l  cultura l  memor y state )  alon g wit h th e best-of -
ru n program . 

Test Problems 

Symbolic Regression The goal of the symbolic regression 
problem ,  a s describe d b y Koz a (1992) ,  i s  t o produc e a  func -
tion ,  i n symboli c form ,  tha t  fits  a  provide d se t  o f  dat a points . 
For  eac h elemen t  o f  a  se t  o f  {x ,  y )  points ,  th e functio n shoul d 
m ap th e x  valu e ont o th e appropriat e y  value .  Thi s i s th e sor t 
of  proble m face d b y a  scientis t  w h o ha s obtaine d a  se t  o f  ex -
perimenta l  dat a point s an d suspect s tha t  a  simpl e formul a wil l 
suffic e t o explai n th e data .  Th e scientis t  m a y furthe r  suspec t 
tha t  suc h a  formul a ca n b e constructe d fro m a  particula r  se t  o f 
arithmeti c an d trigonometri c operators .  I n searchin g fo r  th e 
correc t  formul a th e scientis t  i s attemptin g t o solv e a  symboli c 
regressio n problem .  Onc e th e correc t  formul a i s foun d th e 
scientis t  m a y us e i t  t o m a p n e w x  value s ont o thei r  y  values . 

Figur e 1 :  Th e targe t  functio n fo r  th e symboli c regressio n 
problem :  y  =  x *  +  x ^  +  x ^  +  x . 
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For  th e describe d experiment s dat a point s wer e obtaine d 
fro m th e equatio n y  =  x *  +  x ^  +  x ^  +  x  (se e Figur e 1) , 
whic h i s a  standar d exampl e fro m th e literatur e (Koza ,  1992) . 
O ne ca n vie w th e tas k o f  th e geneti c programmin g syste m a s 
tha t  o f  "rediscovering "  o r  inducin g thi s formul a fro m th e dat a 
point s use d a s fitnes s cases .  2 0 fitnes s case s wer e use d fo r  th e 
dat a presente d here ,  wit h randoml y selecte d x  value s betwee n 
- 1 an d 1 .  A  progra m wa s considere d t o b e successfu l  i f  i t 
returne d a  valu e withi n 0.0 1 o f  th e targe t  y  valu e fo r  al l  2 0 
cases . 

The function s tha t  coul d b e use d i n evolve d program s wer e 
th e 2-argumen t  additio n functio n + ,  th e 2-argumen t  subtrac -
tio n functio n - ,  th e 2-argumen t  multiplicatio n functio n * ,  th e 
2-argumen t  protecte d divisio n functio n %,  tw o 1-argumen t 
trigonometri c function s S I N an d C O S,  th e 1-argumen t  expo -
nentia l  functio n E X P ,  an d th e 1-argumen t  protecte d logarith m 
functio n R L O G (a s i n (Koza ,  1992)) .  Program s coul d als o re -
fe r  t o th e independen t  variabl e X ,  an d t o "ephemera l  rando m 
constants "  betwee n - 1 an d 1  (als o a s i n (Koza ,  1992)) .  Tour -
nament  selectio n wa s use d (tournamen t  siz e =  5) ,  alon g wit h 
a 9 0 % crossove r  rate ,  a  1 0 % reproductio n rate ,  n o mutation , 
a populatio n siz e o f  1000 ,  an d a  m a x i m u m o f  5 1 generation s 
per  run .  Detaile d description s o f  th e meaning s o f  thes e pa -
rameter s ca n b e foun d i n (Koza ,  1992) ;  i t  suffice s her e t o not e 
tha t  thes e value s ar e reasonabl y standard . 

For  th e run s wit h indexed-memor y an d fo r  thos e wit h cul -
tur e a  1  (X)-elemen t  m e m o r y arra y wa s added ,  alon g wit h R E A D 
and W R I T E function s tha t  behav e a s describe d above .  Th e 
"index "  argument s o f  thes e function s wer e coerce d t o th e 
prope r  rang e ([0-99] )  b y multiplyin g the m b y 10 0 an d b y 
the n takin g the m modul o 100 . 

W u m p us Wor l d W u m p us worl d (Russel l  an d Norvig , 
1995 )  i s a  proble m environmen t  withi n whic h a n agen t  mus t 
selec t  action s t o navigat e withi n a  dangerou s worl d t o achiev e 
goals .  Th e us e o f  geneti c programmin g fo r  th e evolutio n o f 
W u m p us worl d agent s ha s bee n describe d elsewher e (Spec -
tor ,  1996) .  Thi s sectio n describe s th e proble m informally ; 
see (Spector ,  1996 )  fo r  a  detaile d descriptio n o f  th e W u m p us 
worl d simulator ,  th e functio n set ,  an d othe r  parameters . 

W u m p us worl d i s cav e represente d a s a  gri d o f  square s 
surrounde d b y walls .  A  6-by- 6 gri d wa s use d fo r  th e ex -
perimen u describe d here. ^  Th e agent' s tas k i s t o star t  i n a 
particula r  square ,  t o m o v e throug h th e worl d t o find  an d t o 
pic k u p th e piec e o f  gold ,  t o retur n t o th e star t  square ,  an d t o 
clim b ou t  o f  th e cave .  Th e cav e i s als o inhabite d b y a  " w u m -
pus "  — a  beas t  tha t  wil l  ea t  anyon e w h o enter s it s square .  Th e 
w u m p us produce s a  stenc h tha t  ca n b e perceive d b y th e agen t 
fro m adjacen t  (bu t  no t  diagonal )  squares .  Th e agen t  ha s a 
singl e arro w tha t  ca n b e use d t o kil l  th e wumpus .  W h e n hi t  b y 
th e arro w th e w u m p u s screams ;  thi s ca n b e hear d anywher e 
i n th e cave .  Th e w u m p u s stil l  produce s a  stenc h whe n dead , 
but  i t  i s harmless .  Th e cav e als o contain s bottomles s pit s tha t 
wil l  tra p unwar y agents .  Pit s produc e breeze s tha t  ca n b e fel t 
i n adjacen t  (bu t  no t  diagonal )  squares .  Th e agen t  perceive s 
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Figur e 2 :  A n instanc e o f  a  6-by- 6 W u m p us world . 

a b u m p whe n i t  walk s int o a  wall ,  an d a  glitte r  whe n i t  i s  i n 
th e sam e squar e a s th e gold .  Figur e 2  show s a n instanc e o f  a 
6-by- 6 W u m p us world . 

The w u m p u s worl d agen t  ca n perfor m onl y th e followin g 
action s i n th e world :  g o forwar d on e square ;  tur n lef t  90° ; 
tur n right  90° ;  gra b a n objec t  (e.g. ,  th e gold )  i f  i t  i s  i n th e 
same squar e a s th e agent ;  releas e a  grabbe d object ;  shoo t  th e 
arro w i n th e directio n i n whic h th e agen t  i s facing ;  clim b ou t 
of  th e cav e i f  th e agen t  i s i n th e star t  square . 

The agent' s progra m i s invoke d t o selec t  a  singl e actio n 
fo r  eac h time-ste p o f  th e simulation .  Th e progra m return s 
on e o f  th e vali d action s an d th e simulato r  the n cause s tha t 
action ,  an d an y secondar y effects ,  t o happe n i n th e world . 
The agen t  ca n maintai n informatio n betwee n action s b y us e 
of  a  persisten t  memor y system .  Th e agent' s progra m ha s a 
singl e parameter ,  a  "percept "  tha t  encode s al l  o f  th e sensor y 
informatio n availabl e t o th e agent .  Th e agent' s progra m ca n 
refe r  t o th e component s o f  th e percep t  arbitraril y  man y time s 
durin g it s execution . 

Agent s ar e assesse d o n th e basi s o f  performanc e i n fou r  ran -
doml y generate d worid s (ne w worid s ar e generate d fo r  eac h 
assessment) .  I n eac h worl d th e agen t  i s allowe d t o perfor m a 
m a x i m u m o f  5 0 actions ,  an d th e agent' s scor e i s determine d 
as follows :  1(X )  point s ar e awarde d fo r  obtainin g th e gold , 
ther e i s a  1-poin t  penalt y fo r  eac h actio n taken ,  an d ther e i s a 
100-poin t  penalt y  fo r  eac h uni t  o f  distanc e betwee n th e agen t 
and tiie  gol d a t  th e en d o f  th e run. '  "Standardize d fitness"  val -
ues (fo r  whic h lowe r  value s ar e bette r  (Koza ,  1992) )  ar e th e 
averag e o f  th e score s fro m th e fou r  rando m worlds ,  subtracte d 
fro m 100 .  Agent s ar e no t  explicitl y  rewarde d fo r  climbin g ou t 
of  th e cave ,  althoug h les s actio n penaltie s ar e accumulate d i f 
an agen t  climb s ou t  an d thereb y end s th e simulation .  A n agen t 

^Althoug h th e experiment s describe d i n (Spector ,  1996 )  als o use d 
a 6-by- 6 grid ,  th e world' s "walls "  occupie d spac e i n th e simulato r 
used fo r  thos e experiments .  Th e actua l  playin g are a fo r  thos e exper -
iment s wa s therefor e 4x4 ,  an d th e result s ar e therefor e no t  directl y 
comparabl e t o thos e describe d here . 

Î n th e experiment s describe d i n (Spector ,  1996 )  agent s wer e als o 
charge d a n explici t  100-poin t  penalt y  fo r  dying .  I n th e versio n use d 
her e th e onl y penalt y  fo r  deat h i s implicit—afte r  on e die s on e ca n n o 
longe r  ge t  close r  t o th e gol d o r  pic k i t  up . 
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Figur e 3 :  P(M,i )  fo r  th e symboli c regressio n problem . 
Figur e 4 :  l{M,i,z )  fo r  th e symboli c regressio n problem . 

i s considere d t o hav e solve d th e proble m i f  it s  averag e scor e 
i n fou r  rando m world s i s greate r  tha n zero .  T o hav e obtaine d 
suc h a  scor e a n agen t  mus t  hav e grabbe d th e gol d i n a t  leas t 
one an d usuall y tw o o r  mor e o f  th e fou r  rando m worlds .  Thi s 
i s difficult ;  i n man y case s i t  i s  necessar y t o ris k deat h i n orde r 
t o navigat e t o th e gold ,  an d i n som e case s th e gol d ma y b e 
unobtainabl e becaus e i t  i s i n a  pi t  o r  i n a  squar e surrounde d 
by pits . 

For  th e experiment s describe d here ,  a  C-languag e re -
implementatio n o f  Russel l  an d Norvig' s w u m p u s worl d sim -
ulato r  wa s use d fo r  fitness  evaluation .  Th e worl d siz e wa s 
6-by-6 ,  th e populatio n siz e wa s 1,00 0 an d th e m a x i m u m num -
ber  o f  generation s pe r  ru n wa s 21 .  Tournamen t  selectio n wa s 
use d wit h a  tournamen t  siz e o f  7 . 

Results 

Symbolic Regression 

100 runs were performed with no memory, 100 with indexed 
memory,  an d 10 0 wit h culture .  Figur e 3  show s a  grap h o f 
P(M,i) ,  th e cumulativ e probabilit y  o f  succes s b y generation . 
Not e tha t  th e highes t  probabilit y  wa s obtaine d i n th e run s tha t 
had acces s t o culture .  Figur e 4  show s /(M,i,z) ,  th e numbe r  o f 
individual s tha t  mus t  b e processe d t o produc e a  solutio n wit h 
probabilit y  greate r  tha n z=99% .  Not e tha t  th e lowes t  numbe r 
of  individual s wa s obtaine d usin g culture .  l{M,i,z )  value s ar e 
alway s ver y hig h i n earl y generations ;  earl y generation s ar e 
therefor e no t  show n i n graph s o f  l(M,i,z )  s o tha t  th e detai l  i n 
th e late r  generation s ca n b e seen .  Th e computationa l  effor t 
result s (th e minim a o f  th e /(M,i,z )  graphs )  ar e summarize d i n 
Tabl e 1 . 

W u m p us Worl d 

400 run s wer e performe d wit h n o memory ,  50 9 wit h ordinar y 
indexe d memory ,  an d 80 0 wit h culture.' *  Figur e 5  show s 
a grap h o f  P(M,i) ,  th e cumulativ e probabilit y o f  succes s b y 
generation .  Not e tha t  th e highes t  probabilit y  wa s obtaine d i n 
th e run s tha t  ha d acces s t o culture .  Figur e 6  show s l(M,i,z) , 
th e numbe r  o f  individual s tha t  mus t  b e processe d t o produc e 
a solutio n wit h probabilit y  greate r  tha n z=99% .  Not e tha t  th e 
lowes t  numbe r  o f  individual s wa s obtaine d usin g culture .  Th e 
computationa l  effor t  result s ar e summarize d i n Tabl e 2 . 

Discussion 

Conclusion s f r o m Compu ta t i ona l  Effor t  Result s 

Th e symboli c regressio n result s sho w tha t  th e additio n o f 
an ordinar y indexe d memor y increase s th e computationa l  ef -
for t  require d t o solv e th e problem .  Thi s m a y b e becaus e 
ther e ar e man y program s tha t  comput e th e desire d functio n 
( y =  x' *  +  x ^  +  x ^  +  x )  withou t  usin g memory .  I n addition , 
th e function s R E A D an d W R I T E m a y ac t  a s nois e i n th e func -
tio n set ,  contributin g litd e t o succes s whil e filling  position s 
tha t  coul d instea d b e filled  wit h usefu l  functions .  Never -
theless ,  whe n th e memor y i s share d betwee n individual s a s 
culture ,  th e syste m i s abl e t o tak e advantag e o f  this ,  an d th e 
computationa l  effor t  i s  reduce d t o 6 1 % o f  tha t  require d whe n 
no memor y i s availabl e ( 4 9 % o f  tha t  require d wit h ordinar y 
indexe d memory) . 

^Computationa l  effor t  comparison s ar e indee d vali d betwee n set s 
of  differen t  number s o f  runs .  Fo r  thes e computationall y expensiv e 
run s w e starte d processe s o n severa l  machine s an d sloppe d the m 
when i t  wa s clea r  tha t  w e ha d obtaine d sufficien t  data ;  th e exac t 
number s o f  mn s ar e therefor e arbitrary . 
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Figur e 5 :  P{M,i )  fo r  th e W u m p us worl d problem . 

Conditio n 
No memor y 
Memory 
Cultur e 

Computationa l  Effor t 
899,00 0 

1,131,00 0 
551,00 0 

Tabl e 1 :  Computationa l  effort s  fo r  symboli c regression . 

Figur e 6 :  l(M,i,z )  fo r  th e W u m p us worl d problem . 

Condition | Computational Effort 
No memor y 
Memory 
Cultur e 

1,710.00 0 
2,100.00 0 
1.386.00 0 

Tabl e 2 :  Computationa l  effort s  fo r  W u m p us world . 

The W u m p us worl d result s exhibi t  th e sam e pattern ,  al -
thoug h th e result s ar e noisie r  an d th e interpretatio n i s there -
for e les s clear .  W h e n cultur e i s use d th e computationa l  effor t 
require d t o produc e a  successfu l  W u m p us worl d agen t  i s re -
duce d t o 8 1 % o f  tha t  require d whe n n o memor y i s availabl e 
(66 % o f  tha t  require d whe n ordinar y indexe d memor y i s  used) . 
Surprisingly ,  indexe d memor y onc e agai n increase s compu -
tationa l  effor t  ove r  th e "n o memory "  condition .  I t  appear s 
tha t  th e reactiv e strategie s ar e a t  leas t  a s usefu l  a s knowledge -
base d strategie s fo r  thi s domain . 

The result s sho w tha t  culture-supportin g mechanism s ma y 
be quit e usefu l  withi n som e cognitiv e syste m architectures . 
Thei r  utilit y  i s demonstrate d b y thei r  impac t  o n th e compu -
tationa l  effor t  require d fo r  evolution ;  les s effor t  i s  require d 
t o produc e successfu l  cognitiv e system s whe n th e culture -
supportin g mechanism s ar e presen t  tha n i s require d whe n 
the y ar e not .  I n summary ,  cultur e enhance s th e evolvabilit y  o f 
cognition ,  a t  leas t  fo r  th e task s an d evolutionar y mechanism s 
presente d here . 

Generality 

Whil e cultur e ha s bee n usefu l  i n mos t  o f  th e domain s t o whic h 
we hav e applie d it ,  furthe r  wor k mus t  b e conducte d t o char -
acteriz e th e relationshi p betwee n domai n characteristic s an d 

th e expecte d impac t  o f  th e technique .  Fo r  example ,  th e W u m-
pus worl d environmen t  ca n b e varie d i n man y ways ,  an d th e 
relativ e utilit y  o f  memor y an d cultur e ma y diffe r  i n eac h o f 
thes e variants .  W e ar e currentl y conductin g experiment s wit h 
severa l  variant s an d i t  i s  clea r  fro m th e preliminar y result s 
tha t  cultur e i s  no t  alway s beneficia l  i n W u m p us world .  I n par -
ticular ,  fo r  a  configuratio n simila r  t o tha t  o f  (Spector ,  1996 ) 
i t  appear s tha t  ordinar y indexe d memor y i s best ,  followe d b y 
culture .  Her e w e ma y gai n insight s fro m biologica l  exam -
ples ;  no t  al l  animal s us e culture ,  an d ther e ar e presumabl y 
many niche s i n whic h cultur e confer s n o adaptiv e advantage . 
On th e othe r  hand ,  cultur e appear s t o b e extremel y usefu l  i n 
certai n situation s (e.g. ,  fo r  humans) .  Thi s suggest s tha t  w e 
migh t  expec t  correspondingl y larg e impact s i n certai n geneti c 
programmin g domains . 

Althoug h th e evolution-enhancin g effect s o f  cultur e wer e 
demonstrate d onl y fo r  geneti c programmin g systems ,  ther e 
ar e reason s t o believ e tha t  th e effect s ar e mor e general .  Bon -
ner  (1980 )  ha s describe d a  numbe r  o f  way s i n whic h cultur e 
can enhanc e adaptatio n an d alte r  th e cours e an d spee d o f  evo -
lutionar y processes .  Severa l  feature s o f  organism s an d o f  thei r 
environment s ca n contribut e t o th e possibl e utilit y  o f  culture . 
and ther e i s n o reaso n t o believ e tha t  th e geneti c program -
min g paradig m exploit s thes e feature s an y mor e effectivel y 
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tha n migh t  othe r  evolutionar y computatio n system s o r  natura l 
biologica l  evolution .  Th e utilit y  o f  cultur e i s largel y drive n 
by th e demand s an d resource s o f  a  tas k environment ;  i f  i t 
contain s importan t  regularitie s tha t  ca n b e taugh t  an d learne d 
the n i t  ma y b e advantageou s fo r  individual s t o transmi t  suc h 
informatio n bchaviorally .  On e reaso n i s tha t  th e encodin g o f 
th e informatio n i n behavio r  (includin g "writing "  an d "teach -
ing "  behaviors )  ma y b e simple r  tha n th e encoding  o f  th e sam e 
informatio n i n th e organism' s geneti c code .  Anothe r  reaso n i s 
tha t  informatio n ca n sprea d throug h a  populatio n muc h mor e 
quickl y b y behaviora l  mean s tha n i t  ca n b y geneti c means . 

Future Work 

Fro m a n engineerin g perspective ,  th e presen t  stud y suggest s 
severa l  direction s fo r  additiona l  research .  Th e generalit y o f 
th e observe d effect s shoul d b e furthe r  studie d throug h appli -
cation s t o othe r  proble m environments .  Th e combine d us e 
of  ordinar y indexe d memor y an d cultur e shoul d als o b e ex -
amined .  Variation s o f  th e technique ,  fo r  exampl e t o limi t 
th e destructiv e effect s tha t  unfi t  individual s ca n hav e o n th e 
culture ,  shoul d als o b e explored .  Al l  o f  thes e studie s ma y 
furthe r  enhanc e th e utilit y  tha t  cultur e provide s i n th e geneti c 
programmin g o f  problem-solvin g systems . 

Fro m a  cognitiv e scienc e perspective ,  th e presen t  stud y 
suggest s a  ne w researc h paradig m tha t  coul d b e applie d no t 
onl y t o th e furthe r  stud y o f  interaction s betwee n evolutio n 
and culture ,  bu t  als o t o th e stud y o f  othe r  aspect s o f  cogni -
tion .  Computationa l  modelin g ha s a  lon g histor y i n cognitiv e 
science ,  bu t  modelin g b y mean s o f  evolutionar y computatio n 
i s relativel y new .  Wthi n thi s framewor k model s ar e automat -
icall y generate d b y evolutionar y processes .  On e immediat e 
benefi t  i s  tha t  th e developmen t  o f  model s ma y thereb y requir e 
comparativel y littl e tim e an d effort .  Th e resultin g model s 
may i n som e case s b e difficul t  t o analyze ,  bu t  severa l  sort s 
of  meaningfu l  dat a ma y nonetheles s b e extracted .  Fo r  ex -
ample ,  th e model s ma y b e ru n o n ne w inputs ,  compare d t o 
hand-crafte d model s i n variou s ways ,  o r  "lesioned "  t o asses s 
thei r  fault-toleranc e an d failur e modes .  Alternatively ,  a s i n 
th e presen t  study ,  meaningfu l  dat a ma y b e extracte d fro m th e 
evolutionar y process ,  rathe r  tha n fro m th e resultin g models . 
Evidenc e agains t  a  se t  o f  hypothesize d cognitiv e mechanism s 
coul d b e produced ,  fo r  example ,  b y showin g tha t  i t  i s  difficul t 
or  impossibl e t o evolv e th e appropriat e sort s o f  cognitiv e sys -
tems usin g th e hypothesize d mechanism s a s primitives .  Sim -
ila r  strategie s coul d b e employe d t o provid e evidenc e fo r  o r 
agains t  genera l  cognitiv e architectures .  Existin g technique s 
can b e use d t o measur e th e computationa l  effor t  require d t o 
evolv e system s unde r  variou s conditions ,  an d th e comparison s 
can b e mad e "fair "  b y usin g th e sam e evolutionar y mecha -
nism s fo r  eac h se t  o f  conditions .  Thi s contrast s t o ordinar y 
computationa l  cognitiv e modeling ,  i n whic h differen t  model s 
ar e ofte n produce d b y differen t  programmin g teams .  I n som e 
of  thes e case s i t  ma y no t  b e clea r  whic h aspect s o f  th e per -
formanc e o f  th e resultin g system s ar e du e t o th e underlyin g 
theories ,  an d whic h ar e du e t o th e strength s an d weaknesse s 
of  th e programmers . 

Acknowledgments 

Some o f  th e idea s i n thi s pape r  wer e refine d i n discussion s wit h 
Jorda n Grafma n an d Danie l  Kimberg .  Th e author s als o wis h 

t o than k th e anonymou s reviewer s fo r  helpfu l  comments .  Thi s 
researc h wa s supporte d i n par t  b y grant s from  O N R (NOOO14-
J-9 1 -1451) .  A F O S R (F49620-93- 1 -0065) ,  an d A R P A contrac t 
DAST-95-C0037 . 

References 

Andre ,  D .  (1995) .  Th e Evolutio n o f  Agent s tha t  Buil d Menta l 
Model s an d Creat e Simpl e Plan s Usin g Geneti c Program -
ming .  I n Proceeding s o f  th e Sixt h Internationa l  Conferenc e 
on Geneti c Algorithm s (pp .  248-255) .  Sa n Francisco ,  C A : 
Morga n Kaufman n Publishers ,  Inc . 

Bankes ,  S .  (1995) .  Evolving  Socia l  Structur e i n Communitie s 
of  Agent s Throug h M e me Evolution .  I n Proceeding s o f  th e 
Fourt h Annua l  Conferenc e o n Evolutionar y Programming . 
Cambridge ,  M A :  Th e M I T Press . 

Bonner ,  J.T .  (1980) .  Th e Evolutio n o f  Cultur e i n Animals . 
Princeton ,  NJ :  Princeto n Universit y Press . 

Donald ,  M .  (1991) .  Origin s o f  th e M o d e m Mind :  Thre e 
Stage s i n th e Evolutio n o f  Cultur e an d Cognition .  Cam -
bridge ,  M A :  Harvar d Universit y Press . 

Hutchins ,  E .  &  Hazlehurst ,  B .  (1993) .  Learnin g i n th e Cul -
tura l  Process .  I n C.G .  Langton ,  C .  Taylor ,  J.D .  Farmer , 
& S .  Rasmusse n (Eds.) ,  Artificia l  Lif e II .  Addison-Wesle y 
Publishin g Company . 

Koza ,  J.R .  (1992) .  Geneti c Programming :  O n th e Program -
min g o f  Computer s b y Mean s o f  Natura l  Selection .  Cam -
bridge ,  M A :  Th e M I T Press . 

Koza ,  J.R .  (1994) .  Geneti c Programmin g II :  Automati c Dis -
cover y o f  Reusabl e Programs .  Cambridge ,  M A :  Th e M I T 
Press . 

Lumsden ,  C.J. ,  &  Wilson ,  E.O .  (1981) .  Genes ,  Mind ,  an d 
Culture .  Cambridge ,  M A :  Harvar d Universit y Press . 

Quiatt ,  D .  &  Itani ,  J .  (Eds.) .  (1994) .  Homini d Cultur e i n 
Primat e Perspective .  Niwot ,  C O :  Universit y Pres s o f  Col -
orado . 

Reynolds ,  R.G .  (1994) .  A n Introductio n t o Cultura l  Algo -
rithms .  I n Proceeding s o f  th e Thir d Annua l  Conferenc e o n 
Evolutionar y Programmin g (pp .  131-139) .  Rive r  Edge , 
NJ:  Worl d Scientific . 

Russell ,  S.J. ,  &  Norvig ,  P  1995 .  Artificia l  Intelligence .  A 
M o d em Approach .  Englewoo d Cliffs ,  NJ :  Prentic e Hall . 

Spector ,  L .  (1994) .  Geneti c Programmin g an d A I  Plannin g 
Systems .  I n Proceeding s o f  th e Twelft h Nationa l  Confer -
enc e o n Artificia l  Intelligenc e (pp .  1329-1334) .  Cam -
bridge ,  M A :  M I T Press . 

Spector ,  L .  (1996) .  Simultaneou s Evolutio n o f  Program s an d 
thei r  Contro l  Structures .  I n P .  Angelin e &  K .  Kinnea r 
(Eds.) ,  Advance s i n Geneti c Programmin g 2 .  Cambridge , 
M A:  M I T Press .  I n press . 

Teller ,  A .  (1994) .  Th e Evolutio n o f  Menta l  Models .  I n K.E . 
Kinnea r  Jr .  (Ed.) ,  Advance s i n Geneti c Programmin g (pp . 
199-219) .  Cambridge ,  M A :  Th e M I T Press . 

677 


	cogsci_1996_672-677

