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Additiv e M o d u l a r  Learnin g i n Preemptron s 

Gregor y M .  Saunders ,  Joh n F .  Kolen ,  Pete r  J .  Angeline ,  &  Jorda n B .  Pollac k 
Laborator y fo r  Artificia l  Intelligenc e Researc h 

Compute r  an d Informatio n Scienc e Departmen t 
Th e Ohi o Stat e Universit y 

Columbus ,  Ohi o 4321 0 
saunders@ds.oliio-state.ed u 
poUack@cis.ohio-state.ed u 

A b s t r a c t 

Cognitive scientists, AI researchers in particular, have 
long-recognize d th e enormou s benefit s o f  modularit y 
(e.g. ,  Simon ,  1969) ,  a s wel l  a s th e nee d fo r  self-organi -
zatio n (Samuel ,  1967 )  i n creatin g artifact s whos e com -
plexit y s^roacbe s tha t  o f  huma n intelligerKC .  A n d ye t 
thes e tw o goal s see m almos t  incompatible ,  sinc e trul y 
modula r  system s ar e usuall y designed ,  an d system s tha t 
trul y lean t  ar e inherentl y nonmodula r  an d produc e onl y 
simpl e behaviors .  Ou r  pape r  seek s t o remed y thi s short -
comin g b y developin g a  n e w architectur e o f  Additiv e 
A d i ^ v e Module s whic h w e instantiat e a s Addam ,  a 
modula r  agen t  whos e behaviora l  repertoir e evolve s a s 
th e complexit y o f  th e environmen t  i s increased. ' 

I n t roduc t i o n 

One of the major conundrums of machine learning 
research ,  o f  bot h th e symboli c an d neura l  varieties ,  i s 
h o w t o produc e system s whic h demonstrat e comple x 
cognitiv e behavior s startin g fro m simpl e kernels .  Sim -
pl e learnin g systems ,  suc h a s feed-forward  network s en d 
up wit h simpl e behaviors ,  s o ar e reall y onl y theoretica l 
signposts ;  comple x learnin g system s whic h star t  wit h a 
larg e initia l  softwar e investment ,  suc h a s explanation -
base d learnin g (E>eJon g an d Mooney ,  1986 ;  Mitchell ,  e t 
al. ,  1986) ,  be g tfi e questio n o f  origin .  Placin g a  simpl e 
syste m i n a  comple x environmen t  ca n wor k i f  th e envi -
ronmen t  i s non-threatenin g (Elman ,  1988) ,  bu t  ofte n th e 
cos t  o f  engineerin g th e envirorunen t  i s greate r  tha n tha t 
of  engineerin g a  workin g system . 

Thi s trade-of f  betwee n complexit y o f  specificatio n 
and complexit y o f  environmen t  ha s bee n playin g itsel f 
out  i n recen t  tension s i n connectionis m betwee n simpl e 
system s whic h d o no t  scal e wel l  versu s comple x (modu -
lar )  system s whos e origin s ar e "no t  phylogeneticall y 
plausible" .  Th e curren t  swin g t o automati c modulariza -
tio n i s a  respons e t o thi s tension ,  bu t  suffer s fro m a  lac k 

1.  Thi s researc h ha s bee n partiall y  supporte d b y O N R 
grant s N(X)014-89-J-120 0 an d N00014-92-J-1195 . 

of  distribute d control .  Fo r  example ,  bot h Jacobs ,  Jordan , 
and Bart o (1990 )  an d Nowla n &  Hinto n (1991 )  rel y o n a 
centralize d gatin g networ k t o selec t  th e prope r  exper t 
module .  I n th e former ,  th e networi c i s give n a  "tas k bit " 
as par t  o f  it s input ,  s o tha t  th e prope r  exper t  modul e i s 
effectivel y preselecte d b y th e inpu t  vector .  Similariy ,  th e 
latte r  permit s differen t  input s t o th e t r ^ n an d gatin g 
networks ,  simplifyin g th e modularizatio n process .  Piir -
thennore ,  neithe r  architectur e exploit s th e fac t  tha t  th e 
output s o f  th e gatin g networ k ar e continuous ;  instead , 
th e interaction s betwee n module s ar e encourage d t o b e 
binar y s o tha t  modul e /  ha s n o appreciabl e influenc e o n 
th e outpu t  whe n modul e /  i s  active .  I n fact ,  Nowla n & 
Hinton' s work ,  followin g Jacobs ,  e t  al .  (1991 )  o n whic h 
i t  i s based ,  explicitl y  train s awa y thes e interactions . 

A n alternativ e approac h t o modularit y i s  foun d i n 
th e desig n o f  autonomou s robots ,  a  historicall y nontriv -
ia l  contro l  task .  Brook s (1986,1991 )  ofifer s a  task-base d 
subsumptiv e architectur e whic h ha s achieve d som e 
impressiv e results .  However ,  sinc e machin e learnin g i s 
not  u p t o tli e tas k o f  evolvin g thes e systems ,  engineer s 
of  artificia l  animal s hav e embedde d themselve s i n th e 
desig n loo p a s th e learnin g algorithm ,  an d thu s al l  com -
ponent s o f  th e system ,  a s wel l  a s thei r  interactions ,  mus t 
be carefull y crafte d b y th e enginee r  (see ,  e.g. ,  ConneU , 
1990) . 

Researc h aime d a t  replacin g th e enginee r  i n thes e 
system s i s a t  a n earl y stage .  Fo r  example ,  Mae s (1991 ) 
propose s a n Agen t  Networ k Architectur e whic h allow s 
a modula r  agen t  t o lear n t o satisf y goal s suc h a s "reliev e 
thirst" ;  however ,  sh e presume s detaile d high-leve l  mod -
ule s (suc h a s "pick-up-cup "  an d "bring-moutb-to-cup") , 
and be r  syste m learn s onl y tfie  connection s betwee n 
thes e modules .  A n earlie r  wor k tha t  doe s no t  presum e 
suc h a n a  prior i  modularizatio n (Mae s &  Brooks ,  1990 ) 
allow s a  six-legge d robo t  t o lear n t o walk ,  bu t  ther e ar e 
no rea l  module s i n th e final  system .  Bee r  aix i  Gallaghe r 
(1991 )  attac k thi s sam e proble m o f  roboti c mobility ,  bu t 
i n a  differen t  way .  The y us e a  geneti c algorith m ( G A ) 
tha t  produce s a  robo t  whic h walk s wel l  (i n simulation) , 
yet  the y engineere d th e precis e modularit y o f  thei r  sys -
tem .  Li n (1991 )  similarl y presume d a  detaile d modular -
izatio n an d proceede d t o lear n eac h piece . 

Thus ,  th e researcher s i n artificia l  animal s fal l  int o 
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Figur e I :  Addam' s interna l  architecture . 

th e sam e pitfaU s a s other s w h o ignor e th e conundru m o f 
machin e learning :  eithe r  thei r  system s ar e to o compli -
cate d t o learn ,  thei r  learnin g algorithm s t o simpl e t o 
scale ,  o r  thei r  modularizatio n i s arbitraril y  indexe d t o th e 
task . 

I n thi s paper ,  w e presen t  a  nove l  ̂ proac h t o modu -
larization ,  inspire d b y th e wor k o f  Brooks ,  bu t  tempere d 
by th e requirement s o f  modula r  learning .  A s wil l  b e dis -
cusse d below ,  ou r  connectionis t  versio n o f  subsumptio n 
replace s Brooks '  finite  stat e automat a (FSAs )  wit h feed -
forwar d network s an d additiona l  circuitry ,  combine d s o 
tha t  eac h modul e i n ou r  hierarch y respect s th e liistorica l 
prerogative s o f  thos e belo w it ,  an d onl y a.ssert s it s o w n 
contro l  whe n confident . 

Add i t i v e A d a p t i v e M o d u l e s 

Our control architecture consists of a set of Additive 
Adi^tiv e Modules ,  instantiate d a s Addam ,  a n agen t 
whic h live s i n a  worl d o f  ice ,  food ,  an d blocks .  T o sur -
viv e i n thi s world ,  A d d a m possesse s 3  set s o f  4  (noisy ) 
sensor s distribute d i n th e 4  canonica l  quadrant s o f  th e 
plane .  Th e first  se t  o f  sensor s i s tactile ,  th e secon d olfac -
tory ,  an d th e thir d visua l  (implemente d a s sona r  tha t 
passe s throug h transparen t  objects) .  Unlik e othe r 

attempt s a t  learnin g tha t  focu s o n a  singl e behavio r  suc h 
as wsdkin g (Mae s &  Brook s o r  Bee r  &  Gallagher ,  dis -
cusse d above) ,  w e chos e t o focu s o n th e subsumptiv e 
interactio n o f  severa l  behaviors ,  an d henc e Addam' s 
actuator s ar e a  leve l  o f  abstractio n abov e le g controller s 
(simila r  t o Brooks ,  1986) .  Thu s A d d a m i s move d b y 
simpl y specifyin g S x an d 5y . 

Internally ,  A d d a m consist s o f  a  se t  o f  dynamica l  sys -
tem s (instantiate d a s feedforwar d connectionis t  net -
works )  connecte d a s show n abov e i n Figur e 1 .  Thi s 
architectur e i s actuall y quit e simple .  Th e 1 2 inpu t  line s 
ar e fro m Addam' s sensors ;  th e 2  ouq)u t  line s ar e fe d int o 
actuator s whic h perfor m th e desire d movemen t  (8x ,  6y) . 
Not e tha t  w e desir e 8x ,  6 y e(-l ,  1 )  s o tha t  A d d a m m a y 
move i n th e positiv e o r  negativ e direction .  T o kee p th e 
output s i n thi s range ,  w e first  trie d usin g th e hyperboli c 
tangen t  activatio n functio n (outpu t  rang e - 1 t o 1) ,  bu t 
thi s wa s inadequat e becaus e i t  di d no t  permi t  0  a s a  sta -
bl e output .  W e the n switche d t o sigmoid s (outpu t  rang e 0 
t o 1) ,  necessitatin g th e boxe s wit h th e fixed  -1,+ 1 con -
nection s below .  Thu s th e fou r  output s o f  eac h "Laye r  i " 
bo x represen t  +8x ,  -5x ,  +5y ,  an d -6y ,  respectively .  Thi s 
syste m allow s bot h positiv e an d negativ e movement ,  a s 
wel l  a s 0  a s a  stabl e outpu t  fo r  an y "Laye r  i" . 

Addam' s movement s ar e controlle d b y thi s syste m a s 
follows .  First ,  th e 1 2 sensor s ar e sample d aix l  fe d int o 
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laye r  0 ,  whic h put s it s value s fo r  S x an d 5 y o n th e outpu t 
lines .  Laye r  1  take s a s inpu t  thes e sam e 1 2 senso r  read -
ing s aiK l  th e su m square d outpu t  o f  laye r  0 ,  calculate s it s 
value s fo r  5 x an d Sy ,  an d add s thes e t o th e outpu t  lines . 
Laye r  2  work s similarly ,  an d th e fina l  5 x an d 5 y value s 
ar e translate d automaticall y t o moto r  control s whic h 
m o ve A d d a m ti K desire d amoun t  an d direction . 

Subsumptio n i n ou r  architectur e capture s tli e spiri t  o f 
Brook s (1986,1991) .  wher e modularit y i s achieve d b y a 
task-base d decompositio n o f  comple x behavio r  int o a  se t 
of  simple r  behaviors .  I n hi s system ,  laye r  0  i s obstacl e 
avoidanc e an d laye r  1  i s  wandering .  W h e n laye r  1  i s 
active ,  i t  suppresse s th e activit y o f  laye r  0 ,  an d ye t  obsta -
cle s ar e stil l  avoide d becaus e laye r  1  suhsimie s th e 
obstacl e avoidanc e behavio r  o f  laye r  0 .  Brook s avoid s 
duplicatin g laye r  0  a s a  subpar t  o f  laye r  1  b y allowin g 
th e highe r  laye r  rando m acces s t o th e output s o f  an y o f 
th e lowe r  leve l  FSAs .  Thi s fac t  combine d wit h th e multi -
pl e realizability  o f  layer s create s question s regarding 
Brooks '  desig n methodolog y o f  developin g a  singl e 
laye r  o f  competence ,  ft^ezing  it ,  an d the n buildin g a  sec -
on d laye r  o n to p o f  th e first .  I f  laye r  0  ca n b e realized 
equall y wel l  b y metho d M |  o r  M 2 ,  the n unde r  Brooks ' 
methodolog y w e wil l  tx> t  k n o w unti l  laye r  0  i s  fixe d 
whic h methodology' s intema l  module s bette r  facilitat e 
th e desig n o f  laye r  1 .  Not e tha t  A d d a m doe s no t  hav e 
tin s proble m wit h multipl e realizability  sinc e laye r  1 
onl y ha s acces s t o th e ou^ut s o f  laye r  0 . 

I n additio n t o th e rando m acces s problem .  Brook s 
als o permit s laye r  1  t o hav e unlimite d suppressio n o f 
laye r  O' s outputs .  T M s work s wel l  whe n a  huma n i s engi -
neerin g th e robot ,  bu t  suc h unbridle d design-spac e free -
d o m mus t  b e limite d i f  w e wis h t o hav e an y chanc e o f 
evolvin g th e system .  Thu s Addam' s differen t  behaviora l 
layer s communicat e onl y i n th e limite d way s show n 
above . 

Instea d o f  bein g calle d subsumptive .  ou r  architectur e 
i s m w e î Jtl y  libtle d preemptive.  Th e module s ar e prior -
itize d suc h tha t  th e behavior s associate d wit h th e lowe r 
level s tak e precedenc e ove r  thos e associate d wit h th e 
highe r  levels .  Thi s i s reflected  architecturall y a s wel l  a s 
functionally ,  s o tha t  higher-leve l  module s ar e traine d t o 
relinquish  contro l  i f  a  lower-leve l  modul e i s active .  Fo r 
example ,  suppos e tha t  laye r  0  behavio r  i s  t o avoi d preda -
tors ,  an d laye r  1  behavio r  i s t o see k ou t  food .  I n th e 
absenc e o f  an y threatenin g agents ,  laye r  0  woul d remain 
inactiv e an d laye r  1  woul d m o v e A d d a m toward s food . 
However  i f  a  predato r  suddenl y appeared ,  laye r  0  woul d 
usur p contro l  fro m laye r  1  an d A d d a m woul d flee. 

Not e tha t  w e coul d hav e avoide d feedin g th e sum -
square d activatio n lin e int o eac h modul e M j  b y gatin g 
th e outpu t  o f  M j  wit h th e sum-square d line .  W e di d no t 
d o thi s becaus e ou r  architectur e i s mor e genera l  i n tha t 
gatin g ca n b e learne d a s on e o f  man y behavior s b y eac h 
M j .  Ou r  goa l  wa s t o hav e eac h modul e decid e fo r  itsel f 
whethe r  i t  shoul d becom e activ e -  ha d w e use d gating , 
thi s decisio n woul d hav e bee n mad e b y M / s predeces -
sors . 

A fe w mor e thing s shoul d b e note d abou t  Addam' s 

architecture .  First ,  i t  ha s n o intema l  stat e (o r  equiva -
lentl y Addam' s entir e stat e i s store d externa l  t o th e agen t 
i n th e environment ,  a s i n Simon ,  1969) ,  an d thu s A d d a m 
has n o memory .  Second ,  a  fe w o f  Addam' s connection s 
ar e fixe d a  priori .  (Th e changeabl e connection s ar e thos e 
i n th e boxe s labelle d laye r  0,1 ,  an d 2 ,  above. )  Thi s min -
ima l  structur e i s th e skeleto n required  fo r  preemption , 
but  i t  doe s no t  assum e an y prewire d behaviors . 

Finally ,  w e shoul d poin t  ou t  th e similarit y o f  Add -
am' s intema l  structur e t o th e cascad e correlatio n archi -
tecnir e o f  Fahlma n &  Lebier e (1990) .  Ther e ar e severa l 
importan t  differences ,  however .  First ,  ou r  syste m i s 
comprise d o f  severa l  cascade d module s instea d o f  cas -
cade d hidde n units .  Second ,  Fahlma n an d Lebiere' s 
higher-leve l  hidde n unit s fiinctio n a s higher-leve l  featur e 
detector s an d henc e mus t  receive  inpu t  fro m al l  th e pre -
cedin g hidde n unit s i n th e network .  Thi s ca n lea d t o a 
sever e fan-i n problem .  Du e t o th e preemptiv e natur e o f 
our  architecture ,  higher-leve l  module s neei d onl y kno w i f 
any lower-leve l  modul e i s active ,  s o the y requir e onl y a 
singl e additiona l  inpu t  measurin g tota l  activatio n o f  th e 
previou s modules .  Third ,  Fahlman' s syste m grow s mor e 
hidde n unit s ove r  time ,  correlatin g eac h t o th e curren t 
error .  Th e node s o f  ou r  architectur e ar e fixed  throughou t 
training ,  s o tha t  modularit y i s no t  achieve d b y simpl y 
addin g mor e units .  Finally ,  ther e i s a  differenc e i n train -
ing :  Fahlma n give s hi s  networ k a  singl e fiinctio n t o 
leam ,  wherea s ou r  syste m attempt s t o lear n a  serie s o f 
mor e an d mor e comple x behaviors .  (Mor e o n thi s 
below. ) 

IVaiiun g A d d a m 

As mentioned above, Addam's environment consists of 
thre e type s o f  objects :  ice ,  food ,  an d blocks .  Ic e i s trans -
paren t  an d odorless ,  an d i s henc e detectabl e onl y b y th e 
tactil e sensors .  Block s trigge r  bot h th e tactil e an d visua l 
sensors ,  an d foo d emit s a n odo r  whic h difiiise s through -
out  th e environmen t  an d trigger s th e olfactor y sensors . 
A d d a m eat s (i n on e tim e step )  wheneve r  i t  come s int o 
contac t  wit h a  piec e o f  food . 

Addam' s overa U goa l  i s  t o m o v e toward s foo d whil e 
avoidin g th e othe r  obstacles .  Thi s make s trainin g prob -
lemati c -  th e desire d response  i s a  comple x behavio r 
indexe d ove r  man y environmenta l  configurations ,  an d 
yet  w e d o no t  wis h t o restrict  th e possibl e solution s b y 
specifyin g a n entir e behaviora l  trajector y fo r  a  give n sit -
uation .  Bee r  &  Gallaghe r  (1991 )  attempte d t o solv e thi s 
proble m b y usin g GA's ,  whic h respond  t o th e agent' s 
overal l  performanc e instea d o f  t o an y particula r  move -
ment .  W e tak e a  differen t  approach ,  namely ,  w e trai n 
A d d a m o n singl e move s fo r  a  give n numbe r  o f  scenarios , 
define d a s on e particula r  environmenta l  configuration . 
Under  thi s mediodology ,  th e extende d move s whic h 
defin e Addam' s behavio r  emerge s fro m th e comple x 
interaction s o f  th e adî tiv e module s an d th e environ -
ment . 

Trainin g begin s wit h leve l  0  competence ,  define d a s 
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Figur e 2 :  Trainin g scenario s fo r  leve l  0  behavior ,  alon g wit h desire d responses . 

th e abilit y  t o avoi d ice .  Th e trainin g scenario s ar e show n 
belo w i n Hgur e 2 ,  alon g wit h th e desire d respons e fo r 
eac h scenario .  Modul e 0  ca n successfull y perfor m thi s 
behavio r  i n abou t  60 U epoch s o f  baclq)ropagatio n 
(adjuste d s o tha t  th e fixed  +I/- 1 connection s remai n con -
stant) ,  an d th e connection s o f  thi s modul e ar e the n bo -
zen . 

We nex t  trai n A d d a m o n leve l  1  behavior ,  define d a s 
th e abilit y  t o mov e toward s food ,  assumin g n o ic e i s 
present .  Onc e again ,  trainin g i s problematic ,  becaus e 
ther e ar e a  combinatoria l  numbe r  o f  environmenta l  con -
figurations  involvin g foo d an d ice .  W e solv e thi s prob -
le m a s follows .  First ,  w e defin e 1 4 scenario s a s above , 
but  wit h foo d replacin g ice .  Thi s define s a  se t  S  o f 
KSensorValues ,  MoveToFoodOutput )  |  pairs .  Not e tha t 
thi s doe s no t  defin e a  valu e fo r  a, ,  th e activation s o f  th e 
syste m prio r  t o modul e 1 .  (Se e Figur e 1. )  Instea d o f  forc -
in g moidul e 1  t o recogniz e th e presenc e o f  ice ,  w e 
assume tha t  modul e 0  i s doin g it s job ,  an d tha t  whe n ic e 
i s presen t  a |  wil l  b e »  0 .  Thi s allow s u s t o defin e a 
trainin g se t  T  fo r  leve l  1  behavio r  b y prependin g th e 
extrem e value s o f  a |  t o th e SensorValue s i n S ,  thu s dou -
blin g th e numbe r  o f  configuration s instea d o f  havin g 
the m gro w exponentially : 

T={ {(0-SensorValues, MoveToFoodOutput)), 

{(1-SensorValues ,  ZeroOutput)} ) 

Thus layer 1 (which is initially always active) must leain 
t o suppres s it s activit y i n case s wher e i t  i s no t  appropri -
ate .  Thi s trainin g metho d wa s motivate d b y studie s o n 
developmen t  i n whic h a  dynamica l  syste m ha d t o lear n 
t o suppres s it s behavio r  whe n no t  impropriat e (Thelen , 
1990) . 

Afte r  leve l  1  competenc e i s achieve d (abou t  350 0 
epochs) ,  a  trainin g se t  fo r  leve l  2 .  competenc e (avoi d 
blocks )  i s obtaine d i n a  simila r  manner .  Not e agai n tha t 
thi s avoid s th e combinatoria l  explosio n o f  specifyin g th e 
many possibl e combination s o f  ice ,  food ,  an d blocks . 
Leve l  2  competenc e i s achieve d i n abou t  100 0 epochs . 

Resul t s 

Once Addam was trained, we placed it in the complex 
environmen t  o f  Figur e 3 .  It s emergen t  behavio r  i s illus -

trate d i n th e to p hal f  o f  th e figure,  wher e th e smal l  dot s 
trac e ou t  Addam' s path .  Eac h do t  i s on e tim e ste p 
(define d a s on e i^licatio n o f  th e traine d networi c t o 
m o ve on e step) ,  s o th e spacin g indicate s Addam' s speed . 

A d d a m begin s a t  (3.5,1 )  touchin g nothing ,  s o it s tac -
til e sensor s registe r  zer o an d laye r  0  i s inactive .  Th e 
olfactor y sensor s respon d slightl y t o th e wea k odo r  gra -
dient ,  causin g a  sligh t  activatio n o f  laye r  1 ,  disablin g th e 
block-avoidanc e behavio r  o f  laye r  2 .  Thu s w e observ e a 
constan t  eastwar d drift ,  alon g wit h rando m north-sout h 
movement s du e t o th e nois e inheren t  i n th e sensors .  A s 
A d d a m approache s th e food ,  th e odo r  gradien t  increases . 
th e olfactor y sensor s becom e mor e an d mor e active ,  an d 
laye r  1  respond s mor e an d mor e strongly .  W h e n th e ran -
d o m nois e become s negligibl e a t  abou t  (6.5 ,  1) ,  A d d a m 
speed s up ,  reache s th e food ,  an d devour s it . 

Afte r  completin g it s first  meal ,  A d d a m detect s th e 
fain t  odo r  o f  anothe r  piec e o f  neaib y food ,  an d onc e 
agai n laye r  1  control s it s movement .  However ,  a t  abou t 
(9 ,  5.5 )  Addam' s tactil e sensor s detec t  th e presenc e o f  a 
piec e o f  ice ,  activatin g laye r  0 ,  an d usuq)in g contro l 
from  laye r  1 .  I n othe r  words ,  Addam' s aversio n t o col d 
fee t  overcome s it s zealou s hunger ,  an d i t  move s south -
east .  Afte r  "bouncin g off '  th e ice ,  di e tactil e sensor s 
retur n t o zero ,  an d laye r  1  regain s control ,  forcin g 
A d d a m bac k toward s th e ice .  Howeve r  thi s tim e i t  hit s 
th e ic e jus t  a  littl e farthe r  nort h tha n th e las t  time ,  s o tha t 
when i t  bounce s of f  again ,  i t  ha s mad e som e ne t  progres s 
toward s th e food .  Afte r  severa l  attempts ,  A d d a m suc -
cessftill y  passe s th e ic e an d tiien  move s directl y toward s 
th e food . 

To reac h th e thir d piec e o f  food ,  A d d a m mus t  navi -
gat e d o w n a  narro w corridor ,  demonstratin g tha t  it s laye r 
1 behavio r  ca n overrid e it s laye r  2  behavio r  o f  avoidin g 
block s (whic h woul d repe l  i t  from  th e corrido r  entrance) . 
Thi s i s show n eve n mor e directl y i n Addam' s dockin g 
behavio r  (cf :  Lin ,  1990 )  a s i t  eat s th e fourt h piec e o f 
food .  Afte r  finishing  th e las t  piec e o f  food ,  A d d a m i s lef t 
near  a  wall ,  althoug h i t  i s  no t  i n contac t  wit h i t  Thu s 
bot h th e tactil e an d olfactor y sensor s ou^u t  zero ,  s o bot h 
layer s 0  an d 1  ar e inactive .  Thi s allow s Addam' s bloc k 
avoidanc e behavio r  t o becom e activated .  Th e visua l  sen -
sor s respon d t o th e ope n are a t o th e north ,  s o A d d a m 
slowl y make s it s wa y i n tha t  direction .  W h e n i t  reache s 
th e middl e o f  th e enclosure ,  th e visua l  sensor s ar e bal -
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Figur e 3 :  Addam' s emergen t  belwvio r  i n a  comple x environment ,  wit h 
grap h showin g th e activation s o f  layer s 0,1 ,  an d 2 . 

ance d an d A d d a m halt s (excep t  fo r  smal l  rando m move -
ment s base d 0 0 th e nois e i n th e sensors) . 

The botto m hal f  o f  Figur e 3  show s th e activatio n o f 
eac h laye r  i  o f  th e syste m (wher e th e activatio n o f  laye r  i 
i s  IK5x,5y)jll ,  th e nor m o f  laye r  i' s  contributio n t o th e 
outpu t  lines) .  L o i s  generall y quiet ,  bu t  become s activ e 
betwee n tim e t=S 2 an d t=6 4 whe n A d d a m encounter s a n 
ic e patdi ,  an d show s som e sligh t  activit y aroun d t=14 0 
and t=16 8 whe n Addam' s tactil e sensor s detec t  blocks . 
L |  ("approac h food "  behavior )  i s  activ e fo r  mos t  o f  th e 
sessio n excep t  whe n preempte d b y th e "avoi d ice " 
behavio r  o f  L<) ,  a s betwee n t=5 2 an d t=64 .  Th e 5  peak s 
i n L|' s  activit y correspon d t o Addam' s proximit y t o th e 
S piece s o f  foo d a s i t  ea t  them ;  whe n th e las t  piec e o f 
foo d i s consume d a t  t=164 ,  L)' s activit y begin s t o deca y 
as th e residua l  odo r  disperses .  Finally ,  w e se e tha t  L 2 
("avoi d blocks "  behavior )  i s  preempte d fo r  almos t  th e 
entir e session .  I t  start s t o sho w activit y onl y a t  abou t 
t=160 ,  w h e n al l  th e foo d i s  gon e an d A d d a m i s  awa y 
fro m an y ice .  Th e activit y o f  thi s laye r  peak s a t  abou t 
t=190 ,  aix i  the n decay s t o 0  a s A d d a m reache s th e cente r 

of  it s  roo m an d th e visua l  sensor s balance . 

R e m a r k s 

Addam was trained on only 42 simple scenarios, yet it 
was abl e t o perfor m wel l  i n a  comple x environmen t 
Unlik e othe r  connectionis t  modula r  systems ,  ou r  mettKx l 
of  contro l  i s  distribute d -  eac h modul e decide s fo r  itsel f 
whethe r  i t  shoul d exer t  contro l  i n an y give n situatio a 
Furthermore ,  ther e i s n o gatin g netwoi k whic h receive s a 
specialize d tas k bi t  -  A d d a m ha s thre e set s o f  sensor s al l 
treate d equall y an d mus t  lear n th e prope r  behavio r  o n th e 
basi s o f  thes e inputs .  Finally ,  instea d o f  limitin g activa -
tion s o f  th e module s t o bein g 0  o r  1 ,  w e exploite d th e 
underlyin g connectionis t  natur e o f  ou r  architecture , 
allowin g u s t o produc e interaction s betwee n module s 
mor e interestin g tha n absolut e preemption .  Fo r  example , 
th e presenc e o f  ic e overrod e Addam' s attractio n t o food , 
yet  Addam' s "go-get-it "  respons e t o th e foo d ha d a  sligh t 
influenc e o n it s "runaway "  respons e t o th e ice .  Ha d pie -
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emprio n bee n absolute ,  Addam' s attractio n t o ic e an d 
aversio n t o foo d woul d hav e alternatel y controlle d it s 
movement ,  witJ i  laye r  0  exactl y counterin g th e effec t  o f 
laye r  1 ,  an d A d d a m woul d hav e slowl y starve d t o deat h 
as i t  bounce d of f  th e ic e indefinitely . 

Our  syste m als o differe d fro m traditiona l  subsump -
tion .  W e choos e preemptio n b y followin g Brook' s ow n 
advic e i n describin g hi s goa l  o f  simplicity :  "I f  yo u notic e 
tha t  a  particula r  interfac e i s startin g t o riva l  i n complex -
it y th e component s i t  connects ,  the n eithe r  th e interfac e 
need s t o b e rethough t  o r  th e decompositio n o f  th e syste m 
need s redoing"  (Brooks ,  1986 ,  p .  15) .  Thi s i s a  wonder -
fu l  cred o fo r  engineers ,  bu t  a s cognitiv e scientists ,  w e 
must  generaliz e i t  t o this :  I f  yo u notic e tha t  you r  mode l 
of  a  particula r  aspec t  o f  cognitio n start s t o rival  i n com -
plexit y th e component s o f  th e underiyin g system ,  the n 
bot h th e uixleriyin g syste m an d th e mode l  o f  th e envi -
ronmen t  nee d t o b e reexamined .  Learnin g t o adap t  t o th e 
environmen t  i s extremel y difficul t  i n Brooks "  subsump -
tio n architecture ,  bu t  becam e possibl e afte r  switchin g t o 
a simplified ,  additiv e mode l  o f  modularity . 

Our  idea s fo r  modula r  adaptiv e contro l  ar e indepen -
dent  o f  th e interna l  structur e o f  th e modules .  I n fact ,  th e 
wor k o f  Bee r  &  Gallaghe r  o r  Mae s &  Bn)ok s i s reall y 
complementar y t o ours ,  fo r  althoug h Addain' s module s 
wer e instantiate d wit h feedforwar d network s traine d b y 
backpropagation ,  the y coul d hav e jus t  a s easil y bee n 
traine d b y eithe r  GA' s o r  correlatio n algorithms .  More -
over ,  feedforwar d network s nee d no t  hav e bee n use d 
either .  W e coul d hav e substitute d sequentia l  cascade d 
network s (PoUack ,  1987) ,  endowin g A d d a m wit h inter -
nal  stat e (c f  Kirsh ,  1991 )  an d allowin g eve n mor e com -
ple x behaviors . 

Fuially ,  w e not e a  significan t  differenc e i n methodol -
ogy betwee n ou r  wor k an d tha t  o f  Brooks .  I n creatin g hi s 
agents .  Brook s firs t  perfomi s a  behaviora l  decomposi -
tion ,  bu t  i n implementin g eac h layer ,  h e perfonn s ?i  func -
tiona l  decompositio n o f  th e typ e h e himsel f  warn s 
agains t  (Brooks ,  1991 ,  p .  146) .  I n trainin g Addam ,  o n 
th e othe r  hand ,  w e first  perfor m a  behaviora l  decomposi -
tion ,  an d the n le t  backpropagatio n decompos e eac h 
behavio r  appropriately .  Thi s automatio n significantl y 
lessen s th e arbitrar y natur e o f  behavior-base d architec -
ture s whic h ha s thu s fa r  limite d th e impor t  o f  Brooks ' 
wor k t o cognitiv e science . 
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