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A b s t r a c t 

In this paper' we describe a genetic algorithm capable of 
evolvin g larg e program s b y exploitin g tw o ne w geneti c 
operator s whic h construc t  an d deconstruc t  parameterize d 
subroutines .  Thes e subroutine s protec t  usefu l  partia l 
solution s an d hel p t o solv e th e scalin g proble m fo r  a 
clas s o f  geneti c proble m solvin g methods .  W e demon -
strat e ou r  algorith m acquire s usefu l  subroutine s b y 
evolvin g a  modula r  progra m fro m "scratch "  t o pla y an d 
wi n a t  Tic-Tac-To e agains t  a  flawe d "expert" .  Thi s wor k 
als o amplifie s ou r  previou s not e (Pollack ,  1991 )  tha t  a 
phas e transitio n i s th e principl e behin d inductio n i n 
dynamica l  cognitiv e models . 

In t roduc t io n 

While complex processes of cognition require some 
for m o f  modularity ,  learnin g thi s modularit y ha s bee n 
problematic .  I t  i s  ignore d b y simpl e learnin g system s 
(whic h canno t  lear n comple x processes )  o r  buil t  int o th e 
architectura l  "bias "  o f  mor e comple x learnin g system s 
(beggin g th e origi n o f  suc h complexity) .  Thus ,  th e issu e 
of  inducin g modularit y fro m a  comple x tas k i n orde r  t o 
perfor m tha t  tas k ha s no t  bee n addressed ,  althoug h a  fe w 
connectionist s ar e beginnin g thi s researc h (Saunder s e t 
al. ,  1992 ;  Angelin e &  Pollack ,  1991 ;  Jacob s &  Jordan , 
1991 ;  Jacob s e t  al. .  1991 ;  Nowla n &  Hinton ,  1991) . 

I n thi s pape r  w e describ e a  geneti c algorith m capabl e 
of  evolvin g larg e program s b y exploitin g tw o ne w 
geneti c operator s whic h construc t  an d deconstruc t 
parameterize d subroutines .  Thes e subroutine s protec t 
usefu l  partia l  solution s an d hel p t o solv e th e scalin g 
proble m fo r  a  clas s o f  geneti c proble m solvin g methods . 
Afte r  a  brie f  introductio n t o geneti c algorithms ,  w e sho w 
tha t  ou r  syste m i s abl e t o lear n h o w t o pla y an d wi n a t 
Tic-Tac-To e fro m "scratch "  agains t  a n imperfec t 
"expert "  player .  W e discus s th e formatio n an d tunin g o f 
th e subroutine s an d th e reason s w h y thei r  acquisitio n 
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addresse s th e scalin g proble m withi n thi s firamework. 
Analysi s o f  th e frequenc y o f  subroutin e call s show s a n 
exponentia l  growt h o r  deca y o f  subroutin e usag e a s the y 
ar e induce d o r  expelle d fro m th e language ,  leadin g u s t o 
name thi s phenomeno n evolutionar y induction ,  a n 
amplificatio n o f  ou r  earlie r  principl e o f  "inductio n b y 
phas e transition "  (Pollack ,  1991) . 

G e n e t i c A l g o r i t h m s B a c k g r o u n d 

The genetic algorithm (Holland, 1975; Goldberg 1989a) 
i s a  for m o f  proble m solvin g searc h analogou s t o natura l 
selection ,  an d i s a  surprisingl y adep t  searc h metho d i n 
eve n ver y larg e ill-forme d proble m spaces .  A  simpl e 
geneti c algorith m typicall y operate s b y reproducin g an d 
alterin g a  populatio n o f  fixed-length  binar y strings ,  k  fit-
nes s functio n interpret s th e string s a s tas k solution s an d 
score s thei r  abilit y t o solv e th e task .  Nove l  string s ar e 
adde d t o th e populatio n b y a  proces s aki n t o biologica l 
reproduction  usin g a  collectio n o f  geneti c operators . 
O ne suc h operator ,  th e crossove r  operator ,  take s tw o 
"parent "  string s selecte d fo r  thei r  fimess  an d returns  a 
"child "  strin g whic h i s a  complementar y collectio n o f 
component s fro m bot h parents .  Th e poin t  mutatio n oper -
ato r  alter s th e valu e o f  a  singl e positio n o f  a  singl e paren t 
strin g t o creat e offspring . 

Th e schem a theore m (Holland ,  1975) ,  ofte n calle d 
th e Fundamenta l  Theore m o f  Geneti c Algorithms ,  illus -
trate s th e powe r  behin d thes e searc h methods .  Hollan d 
define s a  schem a t o b e a  clas s o f  binar y string s whic h 
shar e a  collectio n o f  subsequences .  W e us e " # "  t o indi -
cat e don' t  car e position s i n th e schema ,  i.e .  position s 
whic h ca n b e eithe r  a  1  o r  0 .  Fo r  instance ,  th e strin g 
'lOOlO r  i s a  member  o f  th e schem a '10##0 r  a s i s 
'100001' .  Th e intuitio n behin d schemat a i s tha t  certai n 
combination s o f  bit s wil l  hav e a  large r  contributio n t o 
th e fitness  fo r  a  particula r  strin g tha n others .  Th e schem a 
notatio n allow s u s t o tal k abou t  suc h desirabl e organiza -
tion s concisely .  A  schema' s definin g lengt h i s th e num -
ber  o f  position s a t  whic h i f  w e divide d th e schem a int o 
tw o parts ,  som e o f  th e define d position s (i.e .  one s no t 
'#' )  woul d b e separated .  Fo r  instance ,  dividin g th e 
schema '#1.0.0## '  a t  an y positio n marke d wit h a  '. '  wil l 
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separat e som e o f  th e define d component s givin g i t  a 
definin g lengt h o f  2 .  Similarly ,  th e definin g lengt h o f 
'1.0.#.#.0. r  i s 5 .  Th e schem a theore m prove s tha t  abov e 
averag e schemat a wit h smal l  definin g length s wil l  b e 
copie d a n exponentia l  numbe r  o f  time s i n th e genera -
tion s subsequen t  t o thei r  appearanc e (Holland ,  197S) . 
For  a  mor e detaile d introductio n t o geneti c algorithms , 
th e schem a theore m an d it s implication s se e (Goldberg , 
1989a) . 

Whil e simpl e geneti c algorithm s ca n evolv e solu -
tion s t o a  wid e rang e o f  task s tw o problem s preven t  thei r 
scalin g t o mor e interestin g tasks .  Th e first  limitatio n 
arrise s du e t o th e fixed-length  natur e o f  th e strin g repre -
sentation .  Becaus e o f  th e close d natur e o f  th e representa -
tion ,  th e niaximu m complexit y neede d t o solv e th e tas k 
must  b e anticipate d befor e th e searc h take s place .  Th e 
secon d proble m i s tha t  eac h bi t  o f  th e strin g representa -
tio n generall y stand s fo r  th e presenc e o r  absenc e o f  a 
specifi c  featur e o f  th e interpretation .  Thi s positiona l 
encodin g o f  th e binar y representatio n require s tha t  ever y 
possibl e interpretation-als o b e anticipate d prio r  t o th e 
search .  Thi s amount s t o nothin g mor e tha n usin g th e 
strin g a s a  pointe r  t o a  tabl e o f  predefine d interpretations . 

I n orde r  t o increas e th e amoun t  o f  availabl e complex -
it y i n simpl e geneti c algorithms ,  som e researcher s hav e 
devise d elaborat e interpretatio n routine s (e.g .  Belew , 
Mclneme y &  Schraudolph ,  199 2 an d Dawkins ,  1987) . 
Essentially ,  thi s approac h remove s th e complexit y fro m 
th e jurisdictio n o f  th e representatio n an d place s i t  int o 
th e interpretation .  Unfortunately ,  rathe r  tha n addres s th e 
representatio n o f  complexit y proble m i n simpl e geneti c 
algorithm s thi s approac h merel y shift s th e proble m t o a 
ne w component .  B y placin g a n undu e amoun t  o f  desig n 
int o th e interpretatio n o f  th e representatio n thes e 
researcher s be g th e questio n o f  evolvin g complexit y 
sinc e the y hav e provide d th e complexit y a  priori . 

Recently ,  Koz a ha s describe d a n excitin g advanc e i n 
geneti c algorithms .  I n hi s Geneti c Programmin g Para -
dig m (GPP) ,  Koz a use s a  hierarch y o f  primitiv e func -
tion s rathe r  tha n a  fixed-length  strin g t o represen t 
potentia l  solution s (Koza ,  1992 ,  Koza ,  1990) .  Thes e 
hierarchie s ar e interprete d a s program s writte n i n a  lan -
guag e define d b y th e primitiv e function s whic h whe n 
execute d comput e th e solutio n t o th e task .  Koza' s 
geneti c operator s exchang e subtree s o f  th e hierarchie s 
rathe r  tha n substrings . 

Althoug h Koza' s dynami c representatio n alleviate s 
bot h th e fixed-length  an d positiona l  encodin g limitation s 
of  simpl e geneti c algorithms ,  i t  als o suffer s fro m a  mal -
ady whic h prevent s scaling .  Conside r  tha t  a  dynami c 
representatio n wil l  eventuall y gro w larg e enoug h t o 
encompas s th e complexit y necessar y t o solv e th e desire d 
problem .  A t  som e poin t  i n th e learnin g o f  a  ver y com -
ple x task ,  th e structur e wil l  b e quit e larg e an d th e chanc e 
of  breakin g u p desirabl e portion s o f  th e progra m wit h th e 
crossove r  operato r  wil l  overwhel m th e chanc e o f 
improvin g th e program .  I n othe r  words ,  a s th e definin g 
lengt h o f  a  desirabl e schem a increase s i t  become s mor e 
likel y tha t  w e wil l  consistentl y brea k i t  apar t  rathe r  tha n 

improv e upo n it .  W e cal l  thi s th e definin g lengt h prob -
lem }  A s a n empirica l  indicatio n o f  thi s problem ,  w e 
not e tha t  th e larges t  evolve d progra m Koz a report s i s 
onl y 4 8 nodes . 

Thes e scalin g difficultie s cal l  t o min d Simon' s para -
bl e o f  th e tw o watchmaker s Tempu s an d Hor a (Simon , 
1969) .  I n thi s parable ,  th e tw o watchmaker s buil d prod-
uct s o f  simila r  complexit y (100 0 parts )  usin g differin g 
desig n philosophies .  Tempu s construct s th e entir e watc h 
directl y from  th e primitiv e components ,  muc h lik e G P P 
construct s programs .  Consequently ,  i f  h e i s interrupte d 
befor e completin g a  watch ,  sa y b y a  custome r  callin g o n 
th e phone ,  th e intermediat e stat e i s los t  an d h e mus t 
rebuil d th e entir e watc h from  th e individua l  components . 
Hora' s metho d o f  construction ,  o n th e othe r  hand ,  use s 
stabl e intermediat e module s whic h ar e individuall y cre -
ated ,  assemble d int o large r  an d large r  module s an d even -
tuall y int o th e complete d product .  W h e n Hor a i s 
interrupted ,  onl y th e wor k fo r  th e modul e currentl y 
bein g constructe d i s lost .  Th e lesso n from  Simon' s para -
bl e i s clear :  i n th e developmen t  o f  comple x system s i t  i s 
pruden t  t o buil d incrementall y an d modulariy . 

T h e G e n e t i c L i b r a r y B u i l d e r  ( G L i B ) 

The Genetic Library Builder (GLiB) is a genetic algo-
rithm  environmen t  base d o n th e idea s forge d b y Koz a i n 
G PP bu t  wit h provision s fo r  th e evolutio n an d evaluatio n 
of  progra m subroutines .  A s i n GPP ,  G L i B use s a n 
expressio n tre e o f  primitiv e function s a s it s representa -
tio n fo r  potentia l  solutio n programs .  Th e essentia l  differ -
enc e betwee n G P P an d G L i B i s th e additio n o f  tw o ne w 
geneti c operators .  Th e first  operator ,  calle d compression , 
create s subroutine s from  subtree s o f  individual s i n th e 
curren t  populatio n an d introduce s th e subroutine s int o 
th e "geneti c library" .  Thi s librar y i s simpl y th e collec -
tio n o f  subroutine s whic h appea r  i n th e program s o f  pop -
ulatio n an d thu s ar e availabl e fo r  constructin g tas k 
solutions .  Onc e i n th e library ,  th e usefulnes s o f  a  newl y 
constructe d subroutin e i s evaluate d b y th e exten t  i t  i s 
used  i n futur e generations .  Th e secon d operator ,  calle d 
expansion ,  replace s compresse d subroutine s wit h thei r 
origina l  definition .  I n th e followin g section s w e describ e 
thes e operator s an d thei r  implementation s i n detail . 

Creatio n o f  Subrout ine s i n G L i B 

The compression operator in GLiB, the sole method of 
subroutin e definitio n i n th e system ,  work s a s follows . 
Durin g th e constructio n o f  eac h ne w generatio n o f  pro -
grams ,  th e compressio n operato r  i s applie d t o a  percent -
age o f  th e populatio n selecte d b y relativ e fitness.  Th e 
compressio n operato r  i s asexual ,  lik e th e poin t  mutatio n 

2.  Becaus e the y exploi t  positiona l  encodings ,  simpl e 
geneti c algorithm s d o no t  suffe r  fro m thi s problem . 
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compressio n 

operato r 

not 

dl 

newfun c 

(defu n newfunc O 
(and(or(notdl)d2)(notd0)) ) 

Figur e I :  Creatio n o f  a  ne w subroutin e fro m a  randoml y selecte d subtre e o f  a n 
individua l  i n th e curren t  population . 

operato r  describe d above ,  s o onl y a  singl e "parent "  pro -
gra m i s selecte d an d copied .  Th e cop y serve s a s th e 
"child "  o f  thi s paren t  i n th e comin g generation .  A  nod e 
i n th e interio r  o f  th e child' s expressio n tre e i s the n ran -
doml y selecte d an d designate d th e roo t  o f  th e subtre e 
whic h wil l  becom e th e newl y compresse d subroutine . 
Next ,  a  m a x i m u m dept h fo r  th e subtre e i s randoml y 
selecte d fro m a  use r  define d range .  W h e n non e o f  th e 
branche s o f  th e subtre e exceed s thi s m a x i m u m dept h w e 
hav e th e instanc e o f  subroutin e creatio n depicte d i n Fig -
ur e 1 .  Here ,  th e entir e subtre e i s remove d fro m th e off -
sprin g an d use d a s th e bod y o f  a  ne w LIS P functio n 
definitio n wit h n o parameters .  Onc e th e ne w subroutin e 
i s defined ,  th e expressio n tre e o f  th e offsprin g i s altere d 
replacin g th e extracte d subtre e wit h th e equivalen t  LIS P 
functio n call .  Thi s compressio n o f  th e subtre e int o th e 
name o f  th e equivalen t  subroutin e cal l  introduce s th e 
ne w subroutin e int o th e geneti c library . 

Occasionally, some branches of the selected subtree 
wil l  hav e a  dept h greate r  tha n th e allowe d m a x i m u m 
dept h fo r  th e subroutin e bein g created .  I n thi s event ,  w e 
replac e eac h branc h o f  th e subtre e a t  th e poin t  wher e i t 
exceed s th e m a x i m u m dept h wit h a  uniqu e variable . 
W h en th e LIS P functio n i s defined ,  th e variable s intro -
duce d int o th e subtre e ar e use d a s parameter s t o th e ne w 
subroutines .  W h e n w e the n compres s th e expressio n tre e 
of  th e child ,  th e portion s o f  th e subtre e whic h exceede d 
th e m a x i m u m dept h ar e no t  remove d bu t  serv e a s th e 
value s fo r  th e parameter s i n th e subroutin e call .  Thi s 
instanc e o f  modularizatio n i n G L i B i s depicte d i n Fig -

ure .  2 .  Not e tha t  invariabl y whe n a  compressio n take s 
plac e th e semantic s o f  th e progra m ar e no t  altered ,  onl y 
th e manne r  i n whic h th e progra m i s expressed . 

Unfortunately ,  whil e th e compressio n operato r  sup -
plie s a  metho d t o creat e subroutine s fro m th e populatio n 
durin g GLiB' s geneti c search ,  i t  als o serve s t o remov e 
uniqu e subtree s fro m th e population ,  lowerin g th e diver -
sit y o f  th e population .  Fo r  a  geneti c searc h t o work ,  ther e 
must  b e sufficien t  geneti c materia l  i n th e populatio n s o 
tha t  combination s o f  promisin g candidate s from  th e cur -
ren t  generatio n ca n b e recombine d int o nove l  organiza -
tions .  B y lowerin g th e diversit y o f  th e populatio n an d 
consequentl y th e numbe r  o f  nove l  combinations ,  w e 
limi t  th e distanc e fro m th e curren t  stat e tha t  a  geneti c 
searc h ca n look . 

I n orde r  t o balanc e th e undesirabl e effect s o f  th e 
compressio n operator ,  w e hav e als o adde d a n expansio n 
operato r  whic h restore s th e geneti c materia l  fro m th e 
compresse d subtrees .  Thi s operato r  searche s th e off -
spring' s expressio n tre e fo r  a  cal l  t o a n evolve d subrou -
tine .  I f  on e i s found ,  i t  i s  expande d fro m it s atomi c 
referenc e bac k int o th e ful l  subtre e an d thu s replace s th e 
geneti c materia l  previousl y removed . 

Th e complementar y natur e o f  th e compressio n an d 
expansio n operator s implement s a  for m o f  iterativ e 
refinement .  Th e rando m selectio n o f  a  subtre e fo r  com -
pressio n provide s n o guarante e tha t  th e selecte d subtre e 
wil l  b e a n abov e averag e schema .  I t  i s  mor e likel y tha t  i t 
wil l  b e eithe r  a  portio n o f  a  usefu l  schem a o r  simpl y o f 
no impor t  a t  all .  B y periodicall y replacin g a  cop y o f  th e 

X '  arid ' 

or 

compressio n 

operator 

not 

dl 

newfun c 

dl 

(defu n newfun c (jmram ) 
(an d (o r  (no t  param )  d2 )  (no t  dO) ) 

Figur e 2 :  Creatio n o f  a  ne w subroutin e wit h parameter s replacin g branche s 
whic h ar e beyon d max imu m allowe d depth . 
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posOO 

posl O 

pos2 0 

posOl 

pos U 

pos2 1 

pos0 2 

posl 2 

pos2 2 

posOO. .  pos2 2 -  boar d position s 

flm/-binary LISP "and" 

or-binary LISP "or" 

if- if <test> then <argl>else <arg2> 

ope n -  return s <arg > i f  unplaye d els e N I L 

mine - returns <arg> if player's else NIL 

yours • returns <arg> if opponent's else NIL 

play-at - places player's mark at <arg> 

Figur e 3 :  Primitive s use d i n evolvin g modula r  program s t o pla y Ti c Ta c Toe . 

compresse d subtre e bac k int o th e population ,  w e provid e 
th e chanc e t o captur e a  bette r  versio n o f  th e schem a a t  a 
late r  time . 

Evaluatio n o f  Subrout in e P e r f o r m a n c e 

Now that we have a method of extracting potentially 
usefu l  subroutine s fro m th e evolve d programs ,  w e nee d 
a metho d fo r  evaluatin g thei r  contribution .  W e sugges t 
tha t  a n appropriat e measur e o f  succes s fo r  a  particula r 
evolve d subroutin e shoul d b e th e numbe r  o f  time s i t  i s 
put  int o us e b y th e populatio n i n th e cours e o f  solvin g 
th e task .  I f  man y member s o f  th e populatio n ar e usin g 
th e subroutin e a t  som e poin t  i n th e geneti c search ,  the n i t 
i s  likel y tha t  th e subroutin e provide d som e consisten t 
advantag e i n earlie r  generations .  W h e n thi s occurs ,  w e 
say tha t  th e subroutin e i s evolutionaril y  viable . 

Our  tas k no w i s t o insur e tha t  goo d subroutine s wil l 
be copie d generousl y int o subsequen t  generation s whil e 
inappropriat e one s wil l  b e suppressed .  Th e "enlighten -
ing "  guideline s provide d fo r  geneti c algorith m desig n i n 
(Goldberg ,  1989b )  sugges t  on e shoul d neve r  b e to o 
cleve r  whe n dealin g wit h geneti c algorithm s a s a  "fronta l 
assault "  t o th e solutio n o f  a  desig n proble m usuall y 
defeat s th e inheren t  non-linea r  interactions .  Thus ,  on e 
shoul d practic e prudenc e whe n possible . 

Appropriatel y enough ,  th e geneti c searc h whic h 
evolve s program s t o solv e th e task ,  automaticall y evalu -
ate s th e wort h o f  th e subroutine s withou t  an y additiona l 
intervention .  Th e logi c o f  thi s i s straightforward .  Ini -
tially ,  whe n a  ne w subroutin e i s create d ther e i s onl y on e 
member  o f  th e populatio n whic h ha s a  referenc e t o it .  I f 
thi s progra m i s comparativel y fit,  then ,  b y th e schem a 
theorem ,  th e cal l  t o th e subroutin e wil l  b e copie d int o 
severa l  offsprin g i n th e nex t  generation .  I f  thos e individ -
ual s ar e als o relativel y fit  the n eac h o f  the m wil l  hav e 
multipl e offsprin g whic h contai n th e subroutin e cal l  a s 
well .  Eventually ,  th e subroutin e wil l  sprea d throughou t  a 
significan t  portio n o f  th e population .  O n th e othe r  hand , 
i f  th e progra m i s comparativel y unfit ,  possibl y du e t o 
one o f  it s  subroutine s bein g mor e o f  a  hinderanc e tha n a 
help ,  i t  wil l  hav e littl e o r  n o chanc e t o creat e offspring . 
Thi s result s i n a  decreas e i n th e numbe r  o f  call s t o th e 
subroutin e fro m generatio n t o generatio n unti l  virtuall y 
no member  o f  th e populatio n relie s upo n it .  I n othe r 
words ,  i f  a  subroutin e present s n o advantag e t o th e indi -
vidual s whic h us e it ,  i t  wil l  i n tim e g o th e wa y o f  th e 
human appendix .  Onc e th e subroutin e i s n o longe r  use d 

by th e population ,  i t  i s  n o longe r  i n th e geneti c library . 
Thu s th e geneti c searc h proces s a t  th e leve l  o f  th e overaJ I 
tas k implicitl y  determine s th e fitness  o f  evolve d subrou -
tine s an d allow s onl y thos e tha t  ar e usefu l  t o b e propa -
gated . 

L e a r n i n g t o P l a y T i c - T a c - T o e 

In order to illustrate our form of subroutine acquisition at 
work ,  w e use d G L i B t o evolv e program s t o pla y Tic -
Tac-To e (TTT) .  Th e primitiv e languag e use d fo r  thi s 
experimen t  i s show n i n Figur e 3 .  Th e first  collectio n o f 
primitives ,  posO O topos22 ,  ar e th e dat a point s t o b e use d 
i n th e progra m whic h represen t  th e nin e position s o n th e 
T T T board .  Thi s se t  o f  dat a point s serve s a s th e leave s o f 
th e expressio n tree .  Fo r  th e remainin g primitives ,  th e 
retur n valu e i s eithe r  on e o f  th e position s o r  NIL ,  whic h 
represent s FALS E i n LISP ,  th e curren t  languag e i n whic h 
GL i B i s implemented .  Fo r  instance ,  th e binar y oiu /  oper -
ato r  take s tw o argument s an d whe n bot h ar e non-NI L 
return s th e second .  I f  eithe r  argumen t  i s NI L the n NI L i s 
returned .  Th e play-a t  primitiv e take s a  singl e argument . 
I f  th e argumen t  i s a  positio n an d n o playe r  ha s place d a 
mar k there ,  the n th e curren t  player' s mar k i s place d a t 
tha t  positio n an d thei r  tur n i s halted .  Otherwise ,  play-a t 
return s whateve r  i t  i s  passed .  Finally ,  th e operator s mine , 
your s an d ope n tak e a  positio n an d retur n tha t  positio n 
when th e mar k o n th e playin g boar d i n tha t  positio n fits 
th e test .  Otherwise ,  the y retur n NIL .  W e hav e purposel y 
made thes e function s a s genera l  a s possibl e t o cove r  an y 
number  o f  game s rathe r  tha n jus t  T T T .  Not e ther e i s n o 
guarante e tha t  a  rando m progra m i n thi s languag e wil l 
observ e th e rule s o f  T T T o r  eve n plac e a  singl e mar k o n 
a T T T board .  I f  th e progra m doe s no t  mak e a  vali d 
move,  the n it s tur n i s forfeited .  W e conside r  lega l  move s 
t o b e apar t  o f  th e complexit y o f  th e tas k an d conse -
quentl y shoul d b e induce d b y GL iB . 

An "expert "  T T T algorith m constructe d i n L IS P 
serve d a s th e opponen t  fo r  al l  o f  th e evolve d programs . 
Thi s exper t  wa s designe d i n suc h a  w a y tha t  i t  coul d no t 
los e a  gam e unles s th e opponen t  i t  wa s playin g agains t 
had forke d it ,  i.e .  create d a  situatio n wher e th e additio n 
of  a  singl e mar k b y th e opponen t  resulte d i n mor e tha n 
on e possibl e winnin g pla y o n it s nex t  turn .  I n addition , 
th e exper t  wa s slightl y adaptiv e suc h tha t  whe n n o clea r 
bes t  m o v e wa s availabl e i t  woul d selec t  a  positio n 
know n t o b e frequente d b y th e progra m i t  wa s currentl y 
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Figur e 4 :  A  sampl e g a m e fro m th e describe d run .  Th e evolve d progra m i s " X "  an d i s playin g first  agains t  th e 
expert .  Openin g move s i n (a )  lea d t o first  for k setu p i n (b) .  Evolve d progra m complete s first  for k i n (c) ,  set s u p 

secon d for k i n (d )  an d win s i n (e) .  Th e progra m receive d a  scor e o f  2 0 point s fo r  thi s win . 

playin g against .  Th e intentio n o f  thi s featur e wa s t o 
increas e th e apparen t  complexit y o f  th e expert' s  action s 
forcin g th e evolve d program s t o b e mor e robust .  Th e 
generalit y o f  th e primitive s combine d wit h th e leve l  o f 
pla y o f  th e exper t  mak e thi s quit e a  formidabl e environ -
ment  fo r  learnin g T T T . 

I n orde r  t o rat e th e performanc e o f  a n evolve d pro -
gra m agains t  th e expert ,  a  scorin g functio n assigne d 
point s fo r  variou s moves .  First ,  sinc e th e semantic s o f 
th e primitiv e languag e d o no t  guarante e a  progra m wil l 
actuall y mak e a  lega l  play ,  a  poin t  wa s awarde d fo r 
ever y lega l  mov e made .  A n additiona l  poin t  wa s 
awarde d i f  a  m o v e blocke d th e exper t  from  winnin g o n 
it s nex t  turn .  I f  th e g a m e ende d i n a  dra w o r  a  win ,  th e 
accumulate d scor e o f  th e evolve d progra m wa s increase d 
by 4  o r  1 2 point s respectively .  I t  i s  importan t  t o not e tha t 
th e scor e fo r  th e progra m wa s a  lum p su m an d provide d 
no indicatio n o f  whic h action s wer e bein g rewarded .  Th e 
same result s woul d b e achieve d i f  onl y th e fina l  stat e o f 
th e boar d wer e score d rathe r  tha n th e individua l  moves . 

We ra n G L i B wit h a  populatio n siz e o f  100 0 usin g 
th e describe d exper t  an d scorin g metho d a s th e fitnes s 
fimction .  I n thi s ru n w e applie d th e compressio n opera -
to r  t o 1 0 percen t  o f  th e populatio n eac h generation .  Al l 
othe r  parameter s wer e a s se t  i n (Koza ,  1990 )  fo r  th e 
"ant "  experiment .  Th e bes t  evolve d progra m afte r  20 0 
generation s ha d a n averag e scor e o f  16. S point s fo r  th e 4 
games i t  playe d agains t  th e exper t  t o determin e it s  fit -
ness .  Thi s scor e suggest s tha t  whil e th e progra m wa s 
abl e t o bea t  th e flawe d exper t  mor e tha n once ,  th e bes t  i t 
coul d d o afte r  th e exper t  ha d adapte d t o it s playin g strat -
eg y wa s t o ge t  a  draw . 

Th e evolve d progra m ha d 6 0 nodes ,  a  m a x i m u m 
dept h o f  1 3 nodes ,  an d use d 1 5 evolve d subroutine s a t  it s 
top-level .  A s expected ,  expandin g th e definitio n o f  thes e 
subroutine s bac k int o thei r  origina l  subtree s reveale d 
additiona l  subroutin e call s i n thei r  bodies .  I n al l  a  tota l  o f 
4 3 distinc t  subroutine s wer e use d b y thi s evolve d pro -
gra m i n 8 9 subroutin e call s makin g th e virtua l  siz e o f  th e 
progra m 47 7 node s wit h a  virtua l  m a x i m u m dept h o f  39 . 
T wo o f  th e subroutine s ha d a  tota l  o f  9  separat e call s 
eac h i n th e fiill y  expande d tree .  Not e tha t  thi s evolve d 
progra m i s almos t  1 0 time s th e siz e o f  th e larges t  pro -
gra m reporte d b y Koza . 

Figur e 4  show s th e firs t  gam e playe d betwee n th e 
evolve d progra m an d th e expert .  Ther e i s a n interestin g 
poin t  t o b e mad e abou t  th e apparen t  strateg y o f  th e 
evolve d program .  Notic e tha t  i t  wa s abl e t o establis h a 
for k b y it s thir d mov e (Figur e 4c )  bu t  di d no t  wi n th e 
game unti l  2  turn s late r  (Figur e 4e) .  Whil e thi s seem s a n 
od d strategy ,  recal l  tha t  th e evolve d progra m receive s 
point s fo r  eac h m o v e i t  make s an d additiona l  point s i f  i t 
block s th e expert .  It s strategy ,  then ,  i s t o maximiz e it s 
tota l  poin t  scor e b y forkin g th e exper t  no t  onc e bu t  twic e 
i n th e sam e game !  I f  th e progra m ha d w o n th e gam e o n 
it s fourt h m o v e i t  woul d hav e receive d 3  les s points .  B y 
extendin g th e gam e i t  actuall y increase s it s scor e withou t 
th e possibilit y  o f  losing . 

Th e analysi s o f  th e create d subroutine s i s equall y 
interesting .  Overal l  i n th e ru n ther e wer e 16,85 2 subrou -
tine s create d b y th e compressio n operato r  wit h onl y 25 7 
i n us e durin g th e fina l  generation .  Figur e 5  show s th e 
number  o f  call s pe r  generatio n fo r  thre e o f  th e evolve d 
subroutines .  Eac h o f  thes e ha s a  distinc t  perio d durin g 
th e ru n wher e it s numbe r  o f  call s pe r  generatio n rises 
extremel y quickly .  I n Figur e 5 a th e shar p increas e hap -
pen s relativel y soo n afte r  th e subroutin e i s defined , 
showin g i t  pose d a n immediat e advantage .  Figur e 5 b 
show s a n exampl e o f  a  subroutin e whic h wa s extremel y 
usefu l  shortl y afte r  it s  creatio n bu t  whos e us e fel l  of f 
dramatically .  Finally ,  Figur e 5 c show s a  subroutin e 
whic h wa s presen t  i n th e populatio n fo r  almos t  1(X )  gen -
eration s befor e bein g recognized  a s bein g useful . 

D iscuss io n 

The dramatic shapes of the calls per generation curves 
fo r  th e subroutine s show n i n Figur e 5  ar e interestin g fo r 
tw o reasons .  First ,  i t  i s  apparen t  tha t  w e hav e bee n abl e 
t o captur e usefu l  schemat a i n ou r  subroutine s b y th e 
exponential-lik e rises  i n th e subroutin e cal l  counts .  Sec -
on d thi s wor k amplifie s ou r  previou s not e (Pollack , 
1991 )  tha t  a  phas e transitio n i s th e principl e behin d 
"induction "  i n dynanuca l  cognitiv e models .  W e cal l  thi s 
metho d o f  rando m selectio n an d evolutionar y evaluatio n 
of  subroutine s evolutionar y induction . 

But  ther e i s mor e t o th e stor y tha n a  simpl e attach -
ment  t o Holland' s powerfu l  theorem .  W e als o believ e 
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Figure 5: Graphs showing number of calls (y-axis) per generation (x-axis)for three evolved sub-
routines .  Se e tex t  fo r  explanation .  Not e graph s ar e no t  equall y scaled . 

tha t  evolutionar y inductio n impact s th e definin g lengt h 
proble m fo r  dynami c geneti c algorithms ,  althoug h w e 
hav e a s ye t  n o forma l  verificatio n o f  thi s claim .  Ou r  rea -
sons ar e a s follows :  B y compressin g rando m subtree s 
from  th e progra m int o representationa l  atoms ,  w e liter -
all y reduc e th e definin g lengt h o f  tha t  subtre e t o zero . 
Becaus e w e kno w b y th e schem a theore m tha t  abov e 
averag e schemat a wil l  b e copie d mor e readil y tha n 
belo w averag e schemata ,  ou r  chance s o f  compressin g a 
usefu l  schem a increase s eac h generation .  Onc e w e com -
pres s a  usefu l  schem a an d reduc e it s definin g lengt h t o 
zero ,  i t  ca n b e use d t o creat e mor e comple x structure s 
whic h ar e stil l  smal l  enoug h t o b e propagate d intac t  t o 
futur e generations .  Th e en d resul t  i s a  comple x modula r 
progra m wit h neste d subroutin e call s an d a n overal l 
structur e simila r  t o Hora' s watches . 
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