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Abstrac t 

We use a connectionist network trained with rein-
forcemen t  t o contro l  bot h a n autonomou s robo t  ve -
hicl e an d a  simulate d robot .  W e sho w tha t  give n 
appropriat e sensor y dat a an d architectura l  struc -
ture ,  a  networ k ca n lear n t o contro l  th e robo t  fo r 
a simpl e navigatio n problem .  W e the n investigat e a 
more comple x goal-base d proble m an d examin e th e 
plan-lik e behavio r  tha t  emerges . 

Autonomous agents 

An autonomou s agen t  ca n b e abstractl y define d a s a 
mappin g fro m a  sequenc e o f  sensor y input s t o a n ap -
propriat e actio n i n respons e t o thes e percepts .  Suc h a n 
agent  i s  autonomou s t o th e exten t  tha t  it s  behavio r  i s  de -
termine d b y it s immediat e input s an d pas t  experience , 
rathe r  tha n b y it s built-i n contro l  (Russel l  &  Wefald , 
1991V W e ar e intereste d i n investigatin g th e cognitiv e 
capaoilitie s o f  autonomou s agents .  W e believ e tha t  cog -
nitiv e behavio r  ca n emerg e fro m th e reactive ,  situate d 
activit y  o f  autonomou s agents . 

Some consensu s exist s abou t  ho w t o desig n au -
tonomou s agents .  Ther e shoul d b e a  relativel y direc t 
couplin g betwee n perceptio n an d action ,  contro l  shoul d 
be distribute d an d decentralized ,  an d mos t  importantly , 
ther e shoul d b e a  dynami c interactio n betwee n th e envi -
ronmen t  an d th e agen t  (Maes ,  1990) .  However ,  n o suc h 
consensu s exist s o n th e bes t  metho d t o implemen t  thes e 
desig n features .  Connectionis t  network s ca n easil y ac -
commodate al l  thes e desig n feature s an d w e believ e the y 
can b e effectiv e mechanism s fo r  controllin g autonomou s 
agents . 

Thi s pape r  focuse s o n explorin g connectionis t  design s 
fo r  controllin g simpl e navigatio n i n a n autonomou s ve -
hicle .  W e conclud e b y applyin g th e successfu l  desig n 
feature s t o a  mor e difficul t  proble m an d examin e th e 
plan-lik e behavio r  tha t  emerges . 

Methodology 

Give n tha t  a  connectionis t  controlle r  wil l  b e used ,  ther e 
ar e stil l  a  numbe r  o f  implementatio n question s t o b e re -
solved .  First ,  wha t  sort s o f  sensor y abilitie s wil l  th e 
controlle r  nee d t o simpl y reac t  effectivel y t o th e envi -
ronment ? Second ,  wha t  sor t  o f  memor y o r  trainin g sub -
task s woul d enabl e th e controlle r  t o produc e mor e com -
ple x response s t o th e environment ? Third ,  ho w shoul d 
th e controlle r  b e traine d s o tha t  th e behavio r  emerge s 
rathe r  tha n bein g specifie d explicitly ? 

We examin e thes e implementatio n question s b y test -
in g networ k controller s fo r  bot h a  rea l  an d simulate d 
robo t  i n a  ver y simpl e environment ,  usin g a s experimen -
ta l  variable s bot h typ e o f  sensor y data ,  typ e o f  trainin g 

subtasks ,  an d amoun t  o f  memory .  T o trai n th e networ k 
controllers ,  w e us e a  reinforcemen t  learnin g algorith m 
whic h convert s abstrac t  measure s o f  goodnes s (rewar d 
and punishment )  int o specifi c  teache r  signals . 

The environment ,  calle d th e "playpen" ,  i s  a  rectan -
gula r  bo x ( 2 x 4 feet )  wit h a  ligh t  i n on e corner .  Th e 
reinforcemen t  trainin g problem s w e investigat e involv e 
coordinatio n o f  moto r  activit y wit h th e informatio n be -
in g supplie d b y th e sensors .  Th e navigatio n problem , 
whic h w e refe r  t o a s avoi d an d move ,  reinforce s th e robo t 
fo r  movin g i n th e plaype n whil e avoidin g th e walls .  Th e 
more difficul t  problem ,  ligh t  a s food ,  add s a  goa l  stat e 
i n orde r  t o simulat e hunger ,  an d reinforce s th e robo t 
fo r  periodicall y seekin g an d avoidin g th e ligh t  whil e stil l 
avoidin g th e wall s an d moving . 

By holdin g a  proble m constan t  an d varyin g sensor y 
abilit y  w e ca n determin e t o wha t  exten t  th e additio n 
of  mor e sensor s help s th e robo t  succee d a t  it s  prob -
lem.  Similarly ,  w e ca n evaluat e th e utilit y  o f  contextua l 
memory an d differen t  trainin g subtask s suc h a s auto -
associatio n an d prediction . 

Carbot—an autonomous robot 

The autonomous vehicle 

Our  robot ,  calle d carbot ,  i s  a  modifie d to y ca r  ( 6 x 9 
inches )  controlle d b y a  programmabl e mini-boar d (de -
signe d b y (Martin ,  1992)) .  Carbo t  wa s inexpensiv e 
t o build ,  primaril y becaus e i t  make s us e o f  primitiv e 
sensors—n o lasers ,  video ,  o r  sonar .  I t  ha s tw o servo -
motors ;  on e control s forwar d an d backwar d motio n an d 
th e othe r  steering .  Th e robo t  hai s tw o type s o f  physi -
cal  sensors :  digita l  touc h sensor s o n th e fron t  an d bac k 
bumpers ,  an d analo g ligh t  sensor s o n stalk s nea r  th e 
back .  Th e ligh t  sensor s ar e directe d 3 0 degree s t o eac h 
sid e o f  carbot . 

The control networks 

Carbo t  i s controlle d b y a  remot e connectionis t  networ k 
tha t  communicate s wit h th e mini-board .  Th e networ k 
gather s inpu t  dat a fro m th e sensor s an d determine s ho w 
t o se t  th e motor s fo r  th e nex t  tim e step .  Figur e 1  show s 
th e standar d networ k use d i n ou r  experiments . 

Ther e ar e fou r  discret e set s o f  inpu t  units ;  thre e ar e 
fo r  sensor s an d on e i s fo r  contex t  memory .  Th e first 
set  represent s th e previou s stat e o f  th e tw o motors — 
tw o unit s pe r  motor .  Th e first  moto r  uni t  represent s 
th e spi n directio n o f  th e rea r  moto r  (thi s determine s di -
rectio n o f  motion—forwar d o r  backward) .  Th e secon d 
uni t  designate s th e stat e o f  th e moto r  £i s o n o r  off .  Th e 
thir d uni t  represent s th e spi n directio n o f  th e fron t  moto r 
(thi s determine s th e directio n o f  turning—lef t  o r  right) . 
Not e tha t  i n orde r  t o tur n carbo t  mus t  hav e bot h motor s 
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Figur e 1 :  Th e standar d contro l  network .  Bol d arrow s indi -
cat e tha t  th e unit s ar e full y  connected .  Not e tha t  som e ex -
periment s wer e conducte d withou t  an y contex t  unit s and/o r 
withou t  an y senso r  units . 

running—th e bac k moto r  provide s movemen t  whil e th e 
fron t  moto r  steers .  Th e fourt h uni t  designate s th e stat e 
of  th e fron t  moto r  a s o n o r  off . 

Th e nex t  se t  o f  unit s i n th e inpu t  laye r  represen t  th e 
stat e o f  th e digita l  touc h sensors .  Ther e ar e fou r  digita l 
sensors—thre e i n fron t  an d on e i n back .  T w o o f  th e 
front  sensor s ar e ou t  t o eithe r  sid e s o tha t  carbo t  ca n 
sens e sid e collision s whe n movin g forward .  Th e nex t 
tw o unit s represen t  th e stat e o f  th e analo g ligh t  sensors , 
whose value s ca n rang e fro m 0. 0 t o 1. 0 (du e t o ambien t 
light ,  thei r  value s rarel y fal l  belo w 0.25) .  O n e i s fo r  th e 
righ t  sensor ,  th e othe r  fo r  th e left . 

Th e contex t  unit s ar e presen t  i n most ,  bu t  no t  al l  o f 
th e experiments .  Activation s fro m th e hidde n laye r  o n 
th e previou s tim e ste p ar e copie d int o th e contex t  unit s 
directly .  T h e simpl e recurrenc e o f  th e contex t  unit s al -
low s th e networ k t o hav e a  limite d short-ter m m e m o r y o f 
it s  pas t  state s (Elman ,  1990) .  W e refe r  t o th e simpl e re -
curren t  network s a s S R N s an d th e feed-forwar d network s 
(withou t  contex t  m e m o r y )  a s FFNs . 

Th e fou r  outpu t  unit s o f  th e standar d networ k deter -
min e wha t  th e activit y o f  th e motor s wil l  b e fo r  th e nex t 
tim e step .  W e sho w a  recurren t  connectio n betwee n th e 
outpu t  moto r  imit s an d th e inpu t  moto r  unit s becaus e 
th e robo t  hei s n o physica l  sensor s t o tel l  wha t  it s motor s 
ar e doing .  Sinc e th e networ k control s th e motors ,  th e 
informatio n fro m th e las t  tim e ste p ceu i  b e easil y copie d 
down t o th e inpu t  laye r  an d considere d a n additiona l 
typ e o f  sensor . 

•~ N J—^Predictio n f f  sensor s j — ,  ̂ 

ro o  o  o 
j  Aulo-assocxaito n o f  input s f ~ 
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Figur e 2 :  T o ad d predictio n t o th e network ,  si x additiona l 
outpu t  unit s representin g th e predicte d senso r  informatio n 
wer e required .  T o ad d auto-association ,  te n mor e outpu t 
unit s representin g th e curren t  stat e o f  th e motor s an d th e 
sensor s wer e required .  Th e mos t  comple x networ k w e inves -
tigate d (th e on e shown )  include s bot h predictio n an d auto -
association . 

Part of our research involved determining the effect of 
addin g specifi c  trainin g subtask s t o th e controlle r  net -
wor k suc h a s auto-associatio n an d prediction .  Figur e 2 

shows ho w thes e subtask s ar e included .  I n general ,  auto -
associatio n force s th e networ k t o pa y mor e attentio n t o 
it s input s (sinc e i t  mus t  lear n t o duplicat e th e inpu t  ac -
tivation s o n th e outpu t  layer) .  Predictio n m a y hel p th e 
networ k buil d a  mor e comple x mode l  o f  it s environmen t 
so tha t  i t  can ,  fo r  instance ,  avoi d punishmen t  b y pre -
dictin g tha t  i t  m a y hi t  a  wal l  durin g th e nex t  tim e step . 
Anothe r  portio n o f  ou r  researc h involve d determinin g th e 
effec t  o f  varyin g th e siz e o f  th e contextua l  memory . 

Reinforcement training 

Becaus e autonomou s agen t  problem s ar e typicall y de -
fined  i n term s o f  abstrac t  goal s rathe r  tha n specifi c  in -
put  t o outpu t  pairs ,  som e typ e o f  reinforcemen t  proce -
dur e i s require d fo r  learning .  Fo r  example ,  i n th e avoi d 
and mov e problem ,  suppos e tha t  carbo t  hci s jus t  bumpe d 
int o a  wa l  triggerin g it s fron t  sensors .  A n y actio n tha t 
moves  i t  awa y fro m th e wal l  an d clear s  it s sensor s shoul d 
be rewarded ,  whil e an y actio n tha t  persist s i n bumpin g 
int o th e wal l  shoul d b e punished .  Ther e i s no t  necessar -
il y  on e "right "  actio n fo r  a  give n situation ,  an d eve n i f 
ther e were ,  i t  migh t  no t  b e know n a  priori . 

I n al l  o f  ou r  experiments ,  th e contro l  network s wer e 
traine d wit h a  modifie d versio n o f  th e complementar y 
reinforcemen t  back-propagatio n ( C R B P )  learnin g algo -
rith m (Ackle y k  Littman ,  1990) .  Back-propagatio n 
learnin g require s precis e erro r  measure s fo r  eac h outpu t 
produce d b y a  network .  C R B P provide s thes e exac t  er -
ro r  measure s fro m th e abstrac t  rewar d an d punishmen t 
signal s a s follows . 

A forwar d propagatio n o f  th e inpu t  value s produce s 
a real-value d searc h vecto r  S .  Eac h o f  thes e activation s 
i s interprete d a a th e probabilit y  tha t  a n aissociate d ran -
d o m bi t  take s o n th e valu e 1 .  FVo m thes e probabilitie s a 
binar y outpu t  vecto r  O  i s stochasticall y produced .  I f  O 
i s rewarded ,  the n learnin g shoul d pus h th e networ k to -
ward s thi s vector ,  s o th e erro r  measur e { O — S )  i s back -
propagated .  I f  O  i s punished ,  the n learnin g shoul d pus h 
th e networ k awa y fro m thi s vector ,  bu t  th e appropriat e 
directio n i s no t  clear .  C R B P choose s t o pus h th e net -
wor k directl y towar d th e complemen t  o f  O ,  usin g th e er -
ro r  measur e (( 1 -  O )  -  5 ) .  I n thi s wa y rewarde d output s 
wil l  b e mor e likel y t o occu r  agai n an d punished  output s 
wil l  ten d t o produc e th e complemen t  outpu t  vecto r  i n 
simila r  situations . 

C R BP wa s designe d fo r  stati c problems .  Becaus e car -
bot' s problem s ar e temporall y extended ,  w e neede d t o 
modif y th e algorithm .  T o th e bes t  o f  ou r  knowledge , 
thi s wor k  i s th e first  applicatio n o f  C R B P t o a  continuou s 
problem .  Th e origina l  versio n o f  C R B P use s a  learnin g 
rat e te n time s greate r  fo r  rewar d tha n fo r  punishmen t  t o 
reflec t  th e informativenes s o f  th e associate d errors .  Bu t 
i n carbot' s domain ,  th e syste m get s rewarde d fo r  simpl y 
movin g i n th e environment ,  s o th e rewar d t o punishmen t 
rati o i s muc h large r  tha n fo r  stati c problems ,  makin g 
suc h a  larg e disparit y i n learnin g rate s infeasible . 

To side-ste p thi s problem ,  w e empiricall y determine d 
tha t  a  rewar d learnin g rat e onl y thre e time s th e punish -
ment  learnin g rat e worke d wel l  fo r  ou r  dynami c domain . 
I n th e experiment s reporte d below ,  w e use d a  rewar d 
learnin g rat e o f  0.3 ,  a  punishmen t  learnin g rat e o f  0.1 , 
an d n o m o m e n t u m fo r  trainin g th e moto r  outputs .  An y 
additiona l  output s fo r  whic h a n explici t  targe t  wa s avail -
abl e {e.g. ,  auto-associatio n an d prediction) ,  wer e traine d 
wit h a  fixed  learnin g rat e o f  0.5 . 

Evaluating global behavior 

Afte r  runnin g m a n y preliminar y test s wit h carbot ,  w e 
foun d on e globa l  metri c tha t  provid e a  goo d measur e o f 
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overal l  behavior—th e percen t  tim e punished .  W e use d 
thi s measur e fo r  th e graph s show n i n thi s pape r  a s wel l 
as fo r  th e statistica l  analyses .  Al l  o f  th e statistica l  anal -
yse s reporte d belo w mak e us e o f  analysi s o f  varianc e 
( A N O V A)  testing .  Pos t  ho c significanc e comparison s 
wer e don e usin g Scheff e tests . 

I t  i s  importan t  t o kee p i n min d th e tempora l  natur e 
of  ou r  experimenta l  problems .  Analysin g on e particula r 
time-slic e o f  behavio r  i s  no t  useful .  Instead ,  behavio r 
over  som e larg e rang e o f  time-slice s mus t  b e considered . 
We foun d tha t  mos t  avoi d an d mov e network s tende d 
t o converg e (i.e. ,  lear n a  successfu l  strategy )  withi n th e 
first  300 0 cycle s o f  a  run .  W e chos e t o conside r  thes e 
first  cycle s th e "trainin g phase" .  W e use d th e nex t  200 0 
cycle s o f  a  ru n (durin g whic h learnin g continued )  a s th e 
"performanc e phase" .  W e gathere d dat a durin g th e per -
formanc e phas e i n orde r  t o evaluat e carbot' s behavior . 

Training in the real world 

Sinc e th e robo t  ha d t o physicall y mov e i n th e world , 
bumpin g int o things ,  i t  too k a  lon g tim e t o trai n an d 
tes t  a  particula r  controlle r  networ k (approximatel y tw o 
and a  hal f  hour s fo r  a  5,00 0 cycl e run) .  T o ge t  aroun d 
th e tim e proble m w e decide d t o simulat e th e behavio r  o f 
th e robo t  i n software .  W e ar e awar e tha t  simulator s ar e 
ofte n to o clea n an d no t  ver y muc h lik e th e rea l  world , 
but  sinc e w e actuall y hav e a  rea l  robo t  w e wer e abl e t o 
tes t  th e correspondenc e o f  ou r  simulato r  wit h th e real -
worl d behavio r  o f  th e robot .  W e eve n di d a  serie s o f 
"brain-transplant "  experiment s t o verif y tha t  th e sort s 
of  network s tha t  worke d wel l  i n th e simulato r  woul d wor k 
wel l  i n th e robot . 

The carbot simulator 

The simulato r  i s a  C  progra m usin g th e sam e controlle r 
network s a s th e robot .  W e empiricall y determine d th e 
averag e turnin g radiu s an d distanc e travele d b y carbo t 
i n th e playpen .  W e use d thes e average s i n th e simulator , 
addin g smal l  amount s o f  rando m nois e t o it s  heading , 
position ,  an d analo g senso r  reading s o n ever y tim e step . 
To tes t  th e accurac y o f  th e simulato r  w e transplante d 
traine d network s fro m th e simulato r  t o th e robo t  an d 
fro m th e robo t  t o th e simulator ,  an d the n compare d th e 
behavio r  i n term s o f  percen t  tim e punished . 

Transplanting controller networks 

Transplzui t  test s provide d a  surprisin g result .  Th e 
robot' s behavio r  o n an y traine d networ k (traine d eithe r 
i n th e simulator ,  o r  i n th e robot )  i s  alway s superio r  t o th e 
simulator' s behavior .  W e suspec t  tha t  thi s i s  becaus e th e 
robot' s movement s ar e no t  nois y i n th e sam e wa y a s th e 
simulator's .  Th e robot' s movemen t  i s onl y occcisionall y 
nois y whil e th e simulato r  systematicall y add s nois e o n 
ever y tim e step .  Interestingly ,  thi s adde d nois e seem s t o 
be beneficia l  t o training .  Jus t  a s i t  i s  usefu l  fo r  runner s 
t o trai n wit h weight s o n thei r  leg s an d the n ru n with -
out  the m durin g competition ,  i t  seem s usefu l  t o hav e 
more nois e durin g simulatio n trainin g tha n i s  actuall y 
presen t  durin g robo t  testing .  Furthe r  investigatio n int o 
th e benefit s o f  a  nois y simulato r  i s  needed .  W e woul d lik e 
t o compar e controller s traine d i n th e simulato r  withou t 
nois e t o controller s traine d wit h noise . 

The simulate d robot' s behavio r  i s  clos e enoug h t o th e 
actua l  behavio r  o f  carbo t  t o warran t  us e o f  th e simulato r 
fo r  research .  Ou r  methodolog y i s t o us e th e simulato r 
t o tes t  hypothese s an d develo p usefu l  architecture s tha t 
we the n appl y bac k t o th e robot .  Thi s save s man y hour s 
sinc e a  typica l  5,00 0 cycl e ru n o n th e simulato r  take s les s 
tha n a  minut e ( a speedu p facto r  o f  150) . 

E x p e r i m e n t s i n t h e s i m u l a t o r 

We ran several groups of experiments with the simulator. 
For  eac h experimenta l  variabl e describe d below ,  2 0 tri -
al s wer e run .  Fo r  eac h trial ,  th e networ k controlle r  bein g 
investigate d wa s initialize d wit h a  rando m se t  o f  weight s 
and ru n fo r  500 0 cycles .  Performanc e wa s evaluate d dur -
in g th e las t  200 0 cycle s o f  eac h tria l  producin g a n averag e 
percen t  punishment .  Thes e average s wer e the n average d 
ove r  al l  2 0 trials .  W e the n applie d A N O V A t o thes e com -
posit e average s i n orde r  t o determin e th e significanc e o f 
th e variable . 

Ther e wa s a  larg e amoun t  o f  variatio n acros s th e 2 0 
trial s fo r  a  particula r  variabl e (th e standar d deviation s 
range d fro m 4  t o 13) .  W e believ e tha t  th e primar y sourc e 
of  thi s variatio n wa s th e rando m initia l  weights .  Som e 
set s o f  rando m weight s tende d t o b e quit e ba d whil e oth -
er s wer e quit e good .  Unfortunatel y th e larg e variation s 
i n th e result s m a y hav e tende d t o obscur e significan t  ef -
fect s i n th e experiments . 

Th e avoi d an d mov e proble m 

Recall that for this problem the robot was rewarded for 
avoidin g wall s whil e constantl y moving .  Ther e ar e m a n y 
possibl e successfu l  strategie s fo r  thi s simpl e navigatio n 
problem .  Th e easies t  solutio n i s t o continuall y tur n i n 
one directio n formin g a  circula r  pat h whic h avoid s al l  th e 
walls .  Th e limite d siz e o f  th e plaype n m a d e thi s solutio n 
impossibl e sinc e carbot' s turnin g radiu s wa s large r  tha n 
th e smalles t  dimensio n (althoug h thi s wfi s a  frequen t  re -
sul t  i n large r  environment s no t  reporte d o n here) .  An -
othe r  simpl e solutio n i s t o oscillat e on e ste p forwar d the n 
one ste p backward ,  thi s prove d t o b e th e mos t  frequen t 
solutio n i n th e experiment s reporte d here .  Sinc e car -
bot' s onl y constraint s wer e t o kee p movin g an d avoi d 
walls ,  ther e wa s n o impetu s t o explor e th e environmen t 
or  t o develo p mor e comple x pattern s o f  behavior . 
Baselines .  T o determm e th e baselin e behavio r  o f  th e 
simulato r  w e di d no t  us e a  controlle r  network ,  bu t  in -
stea d se t  th e motor s randomly .  Sinc e ther e vra s n o net -
wor k t o b e trained ,  ther e wa s n o learning .  Thi s resulte d 
i n a n averag e punishmen t  o f  67.29% . 

To determin e th e baselin e behavio r  o f  th e networ k ar -
chitectures ,  w e ra n tw o set s o f  tests ,  on e wit h F F N s an d 
th e othe r  wit h SRNs .  Bot h type s o f  network s ha d eurces s 
t o th e senso r  data ,  bu t  di d no t  learn .  W e wante d t o se e 
ho w wel l  networ k controller s wit h rando m weight s woul d 
perform .  Th e averag e punishmen t  rate s wer e 75.47 % fo r 
th e F F N mode l  an d 72.60 % fo r  th e S E N model .  Th e 
difference s betwee n eithe r  o f  th e non-leeirnin g networ k 
baseline s vs .  th e simulato r  baselin e ar e bot h significan t 
( p <  0.01) .  Thi s i s interestin g becaus e i t  show s tha t  un -
traine d networ k controller s perfor m wors e tha n random . 
Fortunatel y learnin g alleviate s this . 
Varyin g sensor y data .  T o discove r  th e effec t  tha t 
th e additio n o f  senso r  dat a ha s o n controllin g ability , 
we teste d 1 6 type s o f  networks .  Startin g wit h eithe r  a 
F F N o r  a n S R N (wit h 5  contex t  units )  w e systematicall y 
adde d al l  combination s o f  sensors :  analo g (A) ,  digita l 
(D) ,  an d moto r  ( M ) . 

Figur e 3  depict s th e result s o f  thes e variations .  I t 
shows averag e convergenc e historie s o f  th e 1 6 type s o f 
networks ,  on e curv e fo r  th e 2 0 trial s o f  eac h type .  Thi s 
kin d o f  grap h give s a  sens e o f  th e learnin g a s i t  progresse s 
i n time .  Dat a point s fo r  th e graph s wer e calculate d b y 
finding  th e percentag e o f  punishment s i n 50 0 cycl e bins . 
Percentage s o f  punishmen t  i n eac h bi n wer e plotte d an d 
connecte d t o for m a  curve .  A s note d above ,  w e divide d 
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Figur e 3 :  Convergenc e historie s fo r  th e 1 6 type s o f  network s 
use d t o investigat e th e utilit y o f  sensor y input .  Eac h curv e 
represent s th e averag e performanc e o f  2 0 networks .  T o th e 
righ t  o f  eac h curv e i s a  labe l  denotin g th e categor y o f  th e 
network .  T h e label s m a k e us e o f  th e followin g convention : 
digita l  sensor s ( D ) ,  analo g sensor s ( A ) ,  moto r  sensor s ( M ) . 

eac h r u n int o t w o phases ,  a  trainin g p h a s e a n d a  perfor -
mance phase .  Thes e phase s ar e marke d o n th e graph . 
Th e statistica l  analysi s wa s ru n o n th e average s ove r  th e 
performanc e pheises . 

As see n i n Figur e 3 ,  th e sensor y inpu t  network s ca n 
be divide d int o thre e groups .  Startin g a t  th e to p o f  th e 
graph ,  th e first  grou p i s m a d e u p o f  th e first  fou r  type s 
of  networ k (whic h al l  faile d t o converge) .  Thes e ar e net -
work s o f  bot h type s ( S R N ein d F F N )  wit h eithe r  n o in -
put s o r  analo g input s alone .  Th e nex t  grou p i s m a d e u p 
of  network s withou t  moto r  sensor s bu t  includin g digital , 
analog ,  o r  both .  Th e mos t  successfu l  grou p include s al l 
th e network s wit h moto r  sensors .  O f  al l  th e 1 6 type s o f 
networks ,  th e bes t  i s a n S R N wit h moto r  sensor s alone . 

Throug h statistica l  analysi s w e foun d tha t  ther e i s a 
significan t  differenc e betwee n th e S R N an d F F N model s 
fo r  th e sensor y inpu t  test s ( p <  0.05) .  O n averag e th e 
S R Ns wer e punishe d 27.31 % o f  th e tim e whil e th e F F N s 
wer e punishe d 29.53 % o f  th e time .  However ,  ther e i s 
no significan t  interactio n betwee n th e architectur e type s 
ein d th e inputs .  Thi s i s als o apparen t  fro m th e conver -
genc e graph . 

Th e analysi s confirme d tha t  network s wit h acces s t o 
moto r  sensor s fa r  outperforme d network s withou t  m o -
to r  sensors .  I n pairwis e comparisons ,  network s wit h 
moto r  input s alon e wer e significantl y bette r  tha n thos e 
wit h n o input ,  digita l  inpu t  alone ,  o r  analo g inpu t  alon e 
( p <  0.01) .  Motor s alon e wer e als o bette r  tha n digita l 
an d analo g togethe r  ( p <  0.05) .  Althoug h ther e wa s 
no significan t  diff"erenc e betwee n digita l  alon e an d anai -
lo g alone ,  combine d the y ar e bette r  tha n analo g alon e 
( p <  0.01) . 

I t  i s  interestin g tha t  motors ,  digitals ,  an d analog s to -
gethe r  ar e no t  significantl y bette r  tha n motor s alone . 
Intuitivel y w e expecte d tha t  th e mor e perceptua l  inpu t 
available ,  th e bette r  th e controlle r  woul d be .  Thi s m a y 
be tru e fo r  increjwingl y comple x problems ,  bu t  clearl y 

fo r  thi s problem ,  jus t  havin g acces s t o th e previou s m o -
to r  setting s alon e i s ver y informative .  Recal l  tha t  th e 
moto r  senso r  value s ar e provide d throug h a  recurrenc e 
fro m th e outpu t  laye r  t o th e inpu t  laye r  (se e Figur e 1) . 
Thi s simple ,  one-ste p m e m o r y i s probabl y wha t  make s 
th e moto r  sensor s s o muc h mor e usefu l  tha n th e othe r 
sensors . 

Varying training subtasks. To discover the effect 
tha t  addin g trainin g subtask s ha s o n controllin g ability , 
we teste d fou r  type s o f  networks .  Eac h wa s a n S R N 
provide d wit h al l  th e sensor y dat a (motors ,  digitals ,  an d 
analogs) .  Figur e 4  show s th e convergenc e historie s o f  th e 
fou r  architectur e networks .  Th e bes t  tw o network s (a t 
th e botto m o f  th e graph )  bot h hav e predictio n units . 
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Figur e 4 :  Convergenc e historie s o f  th e fou r  type s o f  network s 
use d t o determin e th e utilit y o f  trainin g subtasks .  S o m e 
network s hav e predictio n unit s (pred) ,  other s hav e auto -
associatio n (auto) . 

Although there appears to be a substantial advantage 
fo r  ne twork s w i t h prediction ,  n o significemc e i s  foun d 
when al l  fou r  network s ar e compare d (th e standar d de -
viation s ar e greate r  tha n 10) .  However ,  i f  th e compar -
iso n i s change d fro m a  four-leve l  compariso n t o a  two -
leve l  compariso n (betwee n network s wit h predictio n vs . 
network s withou t  prediction^ ,  th e resul t  i s  significan t 
( p <  0.01 )  wit h th e averag e tim e punishe d bein g 13.75 % 
vs .  21.88% . 

Forcin g th e network ,  throug h auto-association ,  t o pa y 
mor e attentio n t o it s perceptua l  inpu t  i s no t  enoug h t o 
improv e performance .  Ye t  havin g t o predic t  th e subse -
quen t  inpu t  i s extremel y usefu l  fo r  lezirnin g navigatio n 
control .  Learnin g t o mimi c th e inpu t  i s a  stati c problem , 
whil e predictin g th e nex t  inpu t  i s a  tempora l  problem . 
Thu s i t  appear s tha t  th e networ k doe s no t  us e it s contex t 
m e m o ry effectivel y unles s it s trainin g subtas k explicitl y 
depend s o n tempora l  information . 

Varying contextual memory. To discover the effect 
tha t  th e siz e o f  th e contextua l  m e m o r y ha s o n control -
lin g ability ,  w e teste d seve n type s o f  networks ,  varyin g 
m e m o ry siz e fro m 0  t o 5 0 units .  Again ,  eac h o f  th e net -
work s ha d acces s t o al l  o f  th e availabl e perceptua l  data , 
includin g motors . 
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Figur e 5 :  Convergenc e historie s o f  th e seve n type s o f  net -
work s use d t o determin e th e utilit y  o f  contextua l  memory . 

Figur e 5  show s th e convergenc e historie s o f  th e seve n 
type s o f  networ k teste d fo r  memor y utility .  Th e grap h 
shows tha t  abov e a  certai n memor y siz e (somewher e be -
twee n 5  an d 1 0 units )  mor e memor y seem s useful .  How -
ever ,  th e onl y significan t  pairwis e result s wer e siz e 2 0 vs . 
siz e 2  ( p <  0.05 )  an d siz e 5 0 vs .  siz e 2  ( p <  0.01) .  Ther e 
may b e a  poin t  a t  whic h to o larg e a  memor y become s 
disadvantageous ,  bu t  w e di d no t  hav e th e resource s t o 
explor e thi s question . 

I n thes e experiments ,  pairwis e comparison s betwee n 
SRNs wit h u p t o 5 0 unit s o f  contex t  memor y ar e no t 
significantl y bette r  tha n FFN s wit h n o contex t  mem-
or y a t  al l  (show n a s 0  unit s o n th e graph) .  Thi s resul t 
i s somewha t  surprising .  Althoug h th e avoi d an d mov e 
proble m doe s no t  requir e tempora l  information ,  w e ex -
pecte d tha t  acces s t o tempora l  informatio n woul d b e a 
significan t  benefi t  i n learnin g control .  Thi s resul t  ca n b e 
explaine d b y th e findings  fro m th e inpu t  experiments . 
We note d earlie r  tha t  th e moto r  input s ar e reall y a  for m 
of  recurrenc e fro m th e outpu t  laye r  t o th e inpu t  layer . 
They provid e informatio n abou t  th e previou s tim e ste p 
and ar e therefor e tempora l  i n nature .  Thi s mean s tha t 
th e FF N mode l  i s no t  strictl y feed-forward . 

I n summary ,  th e avoi d an d mov e experiment s reveale d 
that ,  contrar y t o ou r  intuitions ,  mor e i s no t  alway s bet -
te r  (a t  leas t  fo r  thi s simpl e navigatio n problem) .  Fo r 
th e sensor y input ,  th e pjis t  moto r  state s wer e th e mos t 
informative ,  followe d b y th e digita l  touc h sensors ,  an d 
finally  th e analo g ligh t  sensors .  Usin g al l  thre e type s o f 
inpu t  wa s no t  bette r  tha n usin g th e moto r  sensor s alone . 
Wit h respec t  t o trainin g subtasks ,  predictio n wa s a  sig -
nifican t  benefit ,  bu t  auto-eissociatio n di d no t  see m t o b e 
useful .  Finally ,  fo r  th e contextua l  memor y size ,  mor e 
actuall y wa s better ,  althoug h ther e ma y b e som e limi t 
t o thi s improvement .  I n th e nex t  se t  o f  experiment s w e 
appl y thes e desig n insight s t o a  mor e difficul t  problem . 

The light as food problem 

Since we believe that abstract reasoning abilities, such 
as planning ,  aris e developmentall y fro m concret e activit y 
(Chapman &  Agre ,  1987) ,  a  connectionist ,  autonomou s 

agent  controlle r  shoul d als o b e abl e t o exhibi t  plan-lik e 
behavio r  i f  give n a  mor e comple x problem . 

For  thi s problem ,  a  goa l  uni t  wa s adde d t o th e inpu t 
layer .  A  positiv e valu e fo r  th e goa l  indicate d tha t  carbo t 
shoul d see k ou t  th e ligh t  (place d i n on e corne r  o f  th e 
playpen )  unti l  a  maximu m ligh t  re£uiin g wa s obtained . 
Once thi s happened ,  th e goa l  uni t  switche d t o a  nega -
tiv e value ,  indicatin g tha t  carbo t  shoul d avoi d th e ligh t 
unti l  a  minimu m ligh t  readin g wa s obtained .  Successfu l 
avoidanc e switche d th e goa l  bac k t o seek-mod e again . 

When i n seek-mode ,  carbo t  wa s rewarde d i f  th e su m o f 
it s ligh t  senso r  reading s increase d relativ e t o th e previou s 
tim e step .  Whe n i n avoid-mode ,  carbo t  wa s rewarde d i f 
th e su m o f  it s ligh t  senso r  reading s decrease d relativ e t o 
th e previou s tim e step .  Carbo t  wa s concurrentl y traine d 
on th e avoi d an d m,ov e problem . 

For  thes e experiment s w e focuse d o n on e typ e o f  S R N 
model .  Th e controlle r  network s ha d a  contex t  memor y 
of  siz e 20 ,  use d bot h predictio n an d auto-association , 
and wer e provide d wit h al l  th e availabl e sensor y inputs . 
Agai n 2 0 trial s wer e run . 

Intuitivel y th e ligh t  < w foo d proble m seem s muc h mor e 
difficul t  tha n th e avoi d an d m.ov e problem .  Baselin e ex -
periment s prove d thi s t o b e true .  Withou t  learning ,  th e 
controlle r  network s fo r  ligh t  a s foo d wer e punishe d o n 
averag e 90.42 % o f  th e time ,  whil e th e avoi d an d mov e 
SRNs wer e punishe d 75.47% ,  whic h i s a  significan t  dif -
ferenc e ( p <  0.01) . 

The difficult y o f  thi s proble m i s als o reflecte d i n th e 
amount  o f  trainin g required .  Afte r  100,00 0 cycles ,  th e 
most  successfu l  networ k controlle r  wa s stil l  receivin g 
punishmen t  46.11 % o f  th e tim e whil e th e averag e per -
formanc e wci s 50.71% .  Afte r  anothe r  100,00 0 cycle s (fo r 
a tota l  o f  200,000) ,  th e bes t  networ k improve d t o 17.78 % 
performanc e whil e th e averag e wa s 23.37% . 

Throughou t  th e trainin g pheises ,  ther e wa s a  genera l 
tren d observe d i n th e distributio n o f  th e punishment s fo r 
al l  th e networks .  T o illustrate ,  w e wil l  describ e thi s tren d 
usin g on e network .  I n th e initia l  trainin g phase ,  3 6 % o f 
th e punishmen t  resulte d fro m senso r  hits ,  1 2 % fro m no t 
moving ,  4 3 % fro m seekin g th e ligh t  incorrectly ,  an d 9 % 
fro m avoidin g th e ligh t  incorrectly .  Not e tha t  i t  i s eetsie r 
t o avoi d th e ligh t  tha n t o see k it ,  sinc e ther e ar e man y 
position s i n th e environmen t  whic h satisf y th e minimu m 
ligh t  requirement ,  bu t  fe w tha t  satisf y th e maximu m re -
quirement .  B y th e en d o f  th e secon d trainin g phase ,  th e 
distributio n o f  punishment s wa s substantiall y  diflTerent , 
5 5 % fro m senso r  hits ,  2 % fro m no t  moving ,  2 4 % fro m 
seekin g th e ligh t  incorrectly ,  an d 1 9 % fro m avoidin g th e 
ligh t  incorrectly .  Th e controlle r  hei s becom e almos t  a s 
successfu l  a t  seekin g th e ligh t  a s avoidin g th e light . 

E m e r g e n t  p lannin g 

The same basic strategies were adopted by all 20 con-
trolle r  network s traine d o n th e ligh t  a a foo d problem . 
When i n avoid-mode ,  first  mov e awa y fro m th e light , 
the n orien t  carbo t  awa y fro m th e light .  Whe n i n seek -
mode,  th e opposit e strateg y wa s used ,  first  orien t  carbo t 
towar d th e light ,  an d nex t  mov e t o th e light .  Se e Fig -
ur e 6  fo r  example s o f  thes e strategie s fro m a n actua l  ru n 
of  on e network . 

To enac t  thes e strategies ,  whe n i n avoid-mode ,  first 
carbo t  move d backwar d awa y fro m th e ligh t  (step s 1 -
3) .  The n i t  alternate d betwee n movin g forwar d turnin g 
lef t  an d beickwar d turnin g right ,  unti l  i t  wa s facin g awa y 
fro m th e ligh t  (step s 4-8) .  Whe n i n seek-mode ,  i t  al -
ternate d betwee n movin g backwar d turnin g righ t  an d 
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Figur e 6 :  Pat h o f  a  simulate d carbo t  throug h th e plaype n 
(unit s ar e inches) .  Th e ligh t  i s  locate d a t  th e origin .  Th e 
directio n o f  th e arrow s indicat e carbot' s curren t  heading .  Th e 
number s o n th e pat h refe r  t o step s i n a  sequenc e o f  motion . 
1- 8 occurre d durin g avoid-mode ,  9-1 6 occurre d durin g seek -
mode.  Not e tha t  i t  ha s satisfie d it s goal s a t  step s 8  an d 16 . 

forwar d turnin g left ,  unti l  i t  wa s facin g th e ligh t  (step s 
9-13) .  The n i t  move d forwar d toward s th e ligh t  (step s 
14-16) . 
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F igu r e 7 :  Pa t h o f  th e network' s interna l  state s correspondin g 
t o th e action s i n Figur e 6 .  T h e shade d region s highligh t  th e 
most  visite d areas .  W h e n carbo t  i s orientin g itsel f  towar d th e 
ligh t  i n seek-mode ,  th e networ k alternate s be twee n region s A 
an d B .  W h e n carbo t  i s orientin g itsel f  a w a y f ro m th e ligh t  i n 
avo id-mode ,  th e networ k alternate s be twee n C  an d D . 

To examine how the network has implemented these 
strategie s w e ra n principa l  component s analysi s o n th e 
hidde n laye r  activation s fro m 5,00 0 cycle s o f  th e traine d 
network .  Wherea s Figur e 6  show s th e pat h o f  carbo t  i n 
th e playpen ,  Figur e 7  show s th e pat h o f  th e network' s 
interna l  state s a t  eac h o f  th e sam e point s i n time .  Th e 
tw o mode s o f  carbot' s behavior ,  seekin g an d avoidin g th e 
light ,  ar e distinc t  i n th e network' s interna l  transition s a s 
well .  I n addition ,  th e tw o phase s o f  eac h mode ,  orien t 
towar d the n m o v e forwar d o r  m o v e backwar d the n orien t 
away,  ar e als o evident .  Anothe r  interestin g aspec t  o f 
Figur e 7  i s tha t  region s A  an d B  ar e m u c h mor e compa<: t 
tha n C  an d D  whic h reflect s th e fac t  tha t  seekin g th e 
ligh t  ( A an d B )  i s a  mor e constraine d tas k tha n avoidin g 
th e ligh t  ( C an d D ) . 

I n summary ,  th e behavio r  produce d b y th e networ k 
controller s i s plan-lik e i n a  numbe r  o f  ways .  First ,  th e 
controller s learne d t o associat e abstrac t  goal s wit h se -
quence s o f  primitiv e action s whic h occurre d ove r  time . 
Second ,  th e behavio r  ca n b e easil y describe d hierarchi -
call y i n abstrac t  term s (se e Figur e 8) .  Finally ,  th e con -
trolle r  ca n flexibly  reac t  t o th e environmenta l  condition s 
whil e stil l  maintainin g it s overal l  strategy .  Fo r  example , 
i f  a  wal l  i s encountere d durin g th e move-toward-thc-ligh t 
phas e o f  th e see k strategy ,  the n carbo t  suspend s it s cur -
ren t  tas k o f  headin g t o th e ligh t  b y backin g awa y fro m 
th e wall ,  an d the n return s t o movin g forwar d toward s 
th e light . 
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F igu r e 8 :  A  hierarchica l  vie w o f  carbot' s behavior . 

In other respects this behavior is not very plan-like, 
a t  leas t  a s p lann in g i s traditionall y conceived .  T h e con -
troller s d o n o t  consistentl y anticipat e a n d avo i d punish -
ment ,  no r  attemp t  t o minimiz e thei r  resource s t o pro -
duc e optima l  behavior ,  an d th e numbe r  an d complex -
it y o f  strategie s the y exhibi t  i s  stil l  minimal .  I n spit e 
of  thes e deflciencies ,  w e believ e tha t  th e multi-step ,  al -
most  procedura l  behavio r  tha t  emerge d fro m th e ligh t 
as foo d proble m i s  interestingl y plan-like .  Ou r  result s 
len d empirica l  weigh t  t o th e argumen t  tha t  comple x be -
havio r  ca n resul t  fro m th e low-leve l  interactio n o f  a n 
autonomou s agen t  wit h it s environment . 
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