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Abstrac t 

I n earlie r  paper s w e presente d a  distribute d mode l 
of  actio n selectio n i n a n autonomou s intelligen t 
agen t  (Maes ,  1989a ,  1989b ,  1991a ,  1991b) .  A n 
interestin g featur e o f  thi s algorith m i s tha t  i t  pro -
vide s a  handfu l  o f  parameter s tha t  ca n b e use d 
t o tun e th e actio n selectio n behavio r  o f  th e al -
gorithm .  The y mak e i t  possible ,  fo r  example ,  t o 
trad e of f  goal-orientednes s fo r  data-orientedness , 
spee d fo r  quality ,  bia s (inertia )  fo r  adaptivity ,  an d 
so on .  I n thi s pape r  w e repor t  o n a n experimen t  w e 
di d i n automatin g th e tunin g an d run-tim e adap -
tatio n o f  thes e parameters .  Th e sam e actio n selec -
tio n mode l  i s  use d o n a  meta-leve l  t o selec t  action s 
tha t  alte r  th e value s o f  th e parameters ,  s o a s t o 
achiev e th e actio n selectio n behavio r  tha t  i s  ap -
propriat e fo r  th e environmen t  an d tas k a t  hand . 

Introduction 

An importan t  proble m t o b e addresse d whe n modelin g 
an intelligen t  agen t  i s th e proble m o f  actio n selection : 
what  mechanis m ca n a n agen t  us e t o determin e wha t 
t o d o next ,  give n tha t  i t  ha s a  repertoir e o f  action s 
i t  ca n engag e in ,  want s t o achiev e certai n goeil s (o r 
has certai n motivations )  an d i s facin g a  particula r  sit -
uation .  Computationa l  model s o f  actio n selectio n ar e 
importan t  bot h fo r  producin g action s i n a n artificia l 
agen t  (e.g .  a n autonomou s mobil e robot )  a s wel l  a s fo r 
understandin g th e actio n selectio n behavio r  o f  biologi -
cal  agent s (huma n an d animal) .  I n previou s paper s w e 
argue d tha t  non e o f  th e model s o f  actio n selectio n tha t 
hav e bee n presente d i n th e literatur e o n A I  presen t 
a satisfactor y solutio n t o th e proble m (Maes ,  1991a , 
1991b) .  T w o classe s o f  approache s ca n b e identified : 
traditiona l  planner s an d reactiv e systems .  Th e forme r 
ar e no t  satisfactor y becaus e the y d o no t  produc e fas t 
(re)action ,  ar e completel y goal-drive n an d no t  adap -
tive .  Th e proble m wit h reactiv e system s i s tha t  the y 
ar e completel y sensor-dat a driven ,  d o no t  hav e a  no -
tio n o f  goals ,  canno t  anticipat e o r  predic t  th e outcom e 
of  action s an d ar e har d t o design . 

I n (Maes ,  1989a ,  1989b ,  1991a ,  1991b )  w e presente d 
an actio n selectio n algorith m whic h trie s t o combin e 

th e bes t  o f  previou s models .  Thi s algorith m produce s 
fas t  actio n i n a  tigh t  connectio n wit h th e environment , 
whil e providin g a  notio n o f  goal s an d run-tim e arbitra -
tion .  Jus t  lik e traditiona l  planners ,  ou r  algorith m use s 
an explici t  descriptio n o f  th e condition s an d expecte d 
effect s o f  action s (cf .  STRIP S operators) .  Bu t  instea d 
of  implementin g actio n selectio n a s a  deliberative ,  se -
quentia l  reasonin g process ,  w e us e thi s informatio n t o 
construc t  a  network ,  i n whic h actio n selectio n i s a n 
emergen t  propert y o f  a n activation/inhibitio n dynam -
ic s amon g th e node s (operators/actions) .  Th e algo -
rith m provide s a  distribute d solutio n t o th e proble m 
of  actio n selectio n throug h th e us e o f  a  connection -
is t  computationa l  mode l  o n a  symboli c representation . 
The result s o f  experiment s prov e tha t  ou r  algorith m 
does arbitrat e amon g actions ,  an d implement s a  for m 
of  prediction ,  plannin g an d anticipation . 

One o f  th e interestin g propertie s o f  th e algorith m 
i s tha t  it s  behavio r  ca n b e tune d b y han d accordin g 
t o th e requirement s o f  a  particula r  application .  Th e 
algorith m ha s fiv e global ,  numerica l  parameter s whic h 
make i t  possibl e t o mak e th e actio n selectio n mor e goal -
drive n versu s mor e data-driven ,  faste r  versu s mor e cau -
tious ,  biase d toward s th e recen t  histor y versu s adap -
tive ,  an d mor e o r  les s sensitiv e t o goa l  an d itctio n con -
flicts .  Thi s i s usefu l  becaus e differen t  task s an d appli -
cation s requir e differen t  actio n selectio n behavior .  Fo r 
example ,  i f  a n agen t  ha s ver y unreliabl e sensors ,  w e 
want  i t  t o bia s it s actio n selectio n toward s th e pas t 
histor y o f  actio n selection .  O r  i f  th e environmen t  i s 
ver y dynamic ,  w e wan t  th e actio n selectio n behavio r 
t o b e ver y "reactive "  an d data-driven . 

Unti l  recently ,  w e se t  th e value s o f  thes e parame -
ter s b y han d b y mean s o f  a  generat e an d tes t  iterativ e 
process .  Thi s solutio n i s fa r  fro m ideal ,  firs t  o f  all , 
becaus e thi s proces s turne d ou t  t o b e ver y difficul t  i n 
certai n cases ,  an d second ,  becaus e th e parameter s di d 
not  adap t  t o change s i n th e tas k o r  environmen t  a t 
ru n tim e (unles s th e programme r  woul d g o throug h 
th e sam e proces s again) .  I n thi s pape r  w e describ e a n 
extensio n o f  th e algorith m whic h allow s th e syste m t o 
autonomousl y adap t  th e parameter s t o th e characteris -
tic s o f  th e tas k an d environment .  Thi s functionalit y i s 
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achieve d b y usin g th e sam e actio n selectio n algotith m 
on a  '̂ etâ level" .  A  metarnetwor k wa s constructe d 
whic h consist s o f  action s tha t  observ e th e behavio r  o f 
th e object-leve l  networ k an d contro l  it s  parameter s s o 
as t o achiev e som e prese t  goal s (i n term s o f  perfor -
mance) . 

The Basic Algorithm 

This section summarizes the basic action selection 
model  an d algorithm ,  withou t  th e meta-leve l  control . 
More elaborat e description s o f  th e algorith m an d it s  re -
sult s ca n b e foun d i n (Maes ,  1989b ,  1991a ,  1991c) .  A n 
intelligen t  agen t  i s  viewe d a s a  collectio n o f  competenc e 
modules .  Competenc e module s ar e lik e th e (mind -
less )  agent s populatin g th e Societ y o f  Min d (Minsky , 
1986) :  the y ar e autonomou s module s tha t  ar e exper t 
i n achievin g a  particula r  competence ,  suc h a s graspin g 
a cup .  Ever y competenc e ha s a n associate d activatio n 
level ,  whic h i s a  rea l  number .  A  competenc e modul e 
furthe r  als o hji s a  se t  o f  condition s whic h hav e t o b e 
observe d i n orde r  fo r  th e competenc e modul e t o b e 
executable .  An d finally ,  a  competenc e modul e ha s a n 
add-lis t  an d delete-lis t  whic h describ e th e expecte d ef -
fect s o n th e stat e o f  th e worl d tha t  th e modul e has . 
An executabl e competenc e modul e whos e activatio n 
leve l  surpasse s a  prese t  threshol d ca n b e selecte d (be -
come active) .  Thi s mean s tha t  a  se t  o f  processe s star t 
runnin g whic h tr y t o "realize "  th e competenc e (cer -
tai n rea l  worl d action s ar e performe d a t  tha t  moment) . 
Conside r  Ji s a n exampl e th e pick-up-boar d competenc e 
modul e describe d below . 

(defmodule PICK-OP-BOARD 
:condition-lis t  '(board-aithin-reac h head-empty ) 
:add-li» t  '(board-in-hand ) 
:delet«-lis t  '(boaxd-vithin-reac h hand-empty ) 
:pxoce8se s < a se t  o f  processe s tha t  implemen t 

th e actio n o f  picking ;  u p th e board> ) 

An agent also has a set of goals (or motivations), 
whic h hav e a n associate d numbe r  representin g th e 
strengt h o f  tha t  goa l  a t  a  particula r  moment  i n time . 
For  example ,  th e agen t  ca n hav e th e goa l  o f  sandin g 
th e boar d wit h associate d strengt h 4 0 an d th e goa l  o f 
spra y paintin g itsel f  wit h strengt h 90 .  A n agen t  als o 
has a  se t  o f  protecte d goals ,  whic h ar e goal s tha t  ar e 
achieve d an d tha t  shoul d remai n achieved .  E.g .  onc e 
th e boar d ha s bee n sanded ,  thi s become s a  protecte d 
goal .  Th e se t  o f  goal s an d thei r  associate d strength s 
var y ove r  tim e a s th e agen t  take s actions .  Finall y a n 
agent  ha s a  se t  o f  perceptua l  condition s (o r  senso r  data ) 
tha t  i t  observe s a t  a  particula r  moment  i n it s environ -
ment 

The differen t  competenc e module s o f  a n agen t  ar e 
linke d i n a  networ k throug h "predecessor" ,  "succes -
sor "  an d "conflicter "  links .  I n thi s pape r  w e assum e 
tha t  thes e link s ar e known .  Th e ide a i s tha t  thes e 
link s amon g competenc e module s ar e eithe r  innat e (i.e . 
programmed )  o r  learne d throug h experienc e (Mae s & 

Brooks ,  1990) .  Ther e i s a  predecesso r  lin k fro m com -
petenc e modul e A  t o competenc e modul e B  (compe -
tenc e modul e A  ha s competenc e modul e B  a s prede -
cessor )  i f  competenc e modul e B  (throug h th e action s 
i t  takes) ,  make s certai n condition s o f  competenc e mod -
ul e A  com e tru e (th e intersectio n o f  B' s add-lis t  wit h 
A' s condition-lis t  i s  no n empty) .  Fo r  example ,  'pick -
up-board '  ma y mak e th e conditio n of'sand-board '  tha t 
th e boar d ha s t o b e i n th e han d o f  th e agent ,  becom e 
true .  Second ,  ther e i s a  matchin g successo r  lin k i n 
th e opposit e directio n fo r  ever y predecesso r  link .  Fi -
nall y ther e i s a  conflicte r  lin k fro m competenc e mod -
ul e A  t o competenc e modul e B  (competenc e modul e 
B i s seii d t o conflic t  wit h competenc e modul e A )  i f 
competenc e modul e B  make s a  certai n conditio n o f 
competenc e modul e A  undon e (th e intersectio n o f  B' s 
delete-lis t  wit h A' s condition-lis t  i s  no n empty) .  Fo r 
example ,  'put-down-board '  ma y mak e th e conditio n o f 
'sand-board' ,  tha t  boar d ha s t o b e i n th e hand ,  untrue . 

The intuitiv e ide a behin d th e actio n selectio n mech -
anis m i s tha t  competenc e module s us e th e link s o f  th e 
networ k t o activat e an d inhibi t  eac h othe r  (respectivel y 
increas e an d decreas e eac h other' s activatio n level) ,  s o 
tha t  afte r  som e tim e th e activatio n energ y accumulate s 
i n th e competenc e modul e tha t  represent s th e "best " 
choice ,  give n th e curren t  situatio n an d motivationa l 
stat e o f  th e agent .  Onc e th e activatio n leve l  o f  a  com -
petenc e modul e reache s a  certai n threshold ,  i t  ma y b e 
selected ,  an d it s processe s star t  operating .  Th e patter n 
of  spreadin g activatio n amon g competenc e modules ,  a s 
wel l  a s th e inpu t  o f  ne w activatio n energ y int o th e net -
wor k i s determine d b y th e curren t  situatio n an d th e 
motivationa l  stat e o f  th e agent .  Th e inpu t  o f  ne w acti -
vatio n energ y int o th e networ k o f  competenc e module s 
i s define d a s follows : 

e Activatio n b y th e Curren t  Situation .  Th e currentl y 
observe d perceptua l  condition s (senso r  data )  in -
creas e th e activatio n leve l  o f  th e competenc e mod -
ule s tha t  hav e thos e conditions .  Fo r  example ,  i f  th e 
agent  observe s a  boar d withi n it s reach ,  the n th e 
activatio n leve l  o f  th e 'pic k u p board '  competenc e 
modul e i s increased . 

e Activatio n b y th e Goals .  Th e goal s o f  th e agen t  in -
crefis e th e activatio n leve l  o f  th e competenc e mod -
ule s tha t  migh t  achiev e the m (hav e th e goa l  i n thei r 
add-list )  wit h a n amoun t  whic h i s relativ e t o th e 
strengt h o f  th e goal .  Fo r  example ,  th e activatio n 
leve l  o f  'sand-board '  i s  increase d wit h som e amoun t 
proportiona l  t o th e strengt h o f  th e goa l  'board -
sanded' . 

e Inhibitio n b y th e Protecte d Goals .  Finall y th e pro -
tecte d goal s o f  th e agen t  decreas e th e activatio n leve l 
of  th e competenc e module s tha t  migh t  und o the m 
(hav e th e protecte d goa l  i n thei r  delete-list )  wit h a n 
amount  tha t  i s  relativ e t o th e strengt h o f  th e goal . 

Thes e processe s ar e continuous :  ther e i s a  contin -
ual  flo w o f  eictivatic n energ y toward s th e competenc e 
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module s whos e conditio n lis t  partiall y  matche s th e cur -
ren t  situatio n an d toward s th e module s whos e eidd -
lis t  matche s th e goals .  Th e module s tha t  woul d und o 
protecte d goal s continuousl y weakened .  I f  th e situa ^ 
tio n o r  th e motivationa l  stat e change s (e.g .  th e per -
ceive d condition s chang e o r  th e strength s o f  th e goal s 
change) ,  th e inpu t  o f  activatio n energ y automaticall y 
flows  t o othe r  competenc e modules .  Beside s th e im -
pac t  o n activatio n level s fro m th e curren t  situatio n 
and goals ,  competenc e module s als o activat e an d in -
hibi t  eac h other .  Competenc e module s sprea d activa -
tio n alon g thei r  link s a s follows : 

• Activation of Successors. An executable competence 
modul e spread s activatio n forward .  I t  increase s (b y 
a fractio n o f  it s ow n activatio n level )  th e activatio n 
leve l  o f  it s  successors .  Intuitively ,  w e wan t  thes e 
successo r  competenc e module s t o becom e mor e ac -
tivate d becaus e the y ar e "almos t  executable" ,  sinc e 
more o f  thei r  condition s wil l  b e fulfille d afte r  th e 
competenc e modul e ha s becom e active .  Fo r  exam -
ple ,  i f  th e 'pic k u p board '  competenc e modul e i s ex -
ecutabl e (i.e .  a  boar d i s within g reac h o f  th e agen t 
and it' s  han d i s  empty) ,  thi s wil l  increas e th e acti -
vatio n leve l  o f  it s successor ,  th e 'sand-board '  com -
petenc e module . 

•  Activatio n o f  Predecessors .  A  competenc e modul e 
tha t  i s  no t  executabl e spread s activatio n backward . 
I t  increase s (b y a  fractio n o f  it s  ow n activatio n level ) 
th e activatio n leve l  o f  it s predecessors .  Intuitively , 
a non-executabl e competenc e modul e spread s t o th e 
competenc e module s tha t  ca n fulfil l  it s  condition s 
tha t  ar e no t  ye t  true ,  s o tha t  th e competenc e mod -
ul e itsel f  ma y becom e executabl e afterwards .  Fo r 
example ,  i f  'sand-board '  i s  no t  executabl e becaus e 
th e agen t  i s no t  holdin g th e board ,  i t  wil l  sprea d ac -
tivatio n energ y t o 'pic k u p board '  t o encourag e thi s 
competenc e modul e t o becom e activ e (s o tha t  after -
ward s 'sand-board '  ca n becom e active) . 

•  Inhibitio n o f  Conflicters .  Ever y competenc e modul e 
(executabl e o r  not )  decrease s (b y a  fractio n o f  it s 
own activatio n level )  th e activatio n leve l  o f  it s con -
flictors.  Intuitively ,  ever y competenc e modul e wil l 
tr y t o preven t  a  competenc e modul e tha t  undoe s 
one o f  it s  tru e condition s fro m becomin g active .  Fo r 
example ,  th e 'sand-board '  competenc e modul e wil l 
decreas e th e activatio n energ y o f  it s  conflicte r  'put -
board-down' ,  becaus e th e latte r  woul d und o th e con -
ditio n tha t  th e boar d ha s t o b e i n th e hand . 

The globa l  algorith m perform s a  loop ,  i n whic h a t 
ever y timeste p th e followin g computatio n take s plac e 
over  al l  o f  th e competenc e modules : 

1.  Th e impac t  o f  th e curren t  situatio n an d goal s o n 
th e activatio n leve l  o f  a  competenc e modul e i s com -
puted . 

2.  Th e wa y th e competenc e modul e activate s an d in -
hibit s relate d competenc e module s throug h it s suc -

cesso r  links ,  predecesso r  link s an d conflicte r  link s i s 
computed . 

3.  A  deca y functio n ensure s tha t  th e overal l  activatio n 
leve l  remain s withi n som e boundaries . 

4.  Th e competenc e modul e tha t  fulflll s  th e followin g 
thre e condition s become s active :  (i )  i t  ha s t o b e ex -
ecutable ,  (ii )  it s  leve l  o f  activatio n ha s t o surpas s 
th e threshol d an d (iii )  i t  mus t  hav e a  highe r  acti -
vatio n leve l  tha n al l  othe r  competenc e module s tha t 
fulfll l  condition s (i )  an d (ii) .  W h e n tw o competenc e 
module s fulfil l  thes e condition s (i.e. ,  the y ar e equall y 
strong) ,  on e o f  the m i s chose n randomly .  Onc e a 
competenc e modul e ha s bee n activate d (i t  actuall y 
perform s it s action s a t  tha t  moment) ,  it s  activatio n 
leve l  i s  rese t  t o 0  (bu t  i t  ma y quickl y increeis e again , 
sinc e th e spreadin g activatio n proces s goe s o n con -
tinuously) . 

We have evduated the algorithm empirically by per-
formin g a  wid e serie s o f  experiment s usin g severa l  ex -
ampl e applications .  Th e network s canno t  b e sai d t o 
sho w a  'jump-firs t  think-never '  behavior .  The y d o ex -
hibi t  plannin g o r  "reasoning "  capabilities .  Th e effect s 
of  a  sequenc e o f  action s ar e considere d befor e actuall y 
embarkin g o n it s execution .  I f  a  sequenc e o f  module s 
exist s tha t  transform s th e curren t  situatio n int o th e 
goal  state ,  the n thi s sequenc e become s highl y activate d 
throug h th e cumulativ e effec t  o f  th e forwar d spread -
in g (startin g fro m th e curren t  state )  an d th e backwar d 
spreadin g (startin g fro m th e goals) .  I f  thi s sequenc e 
potentiall y  implie s negativ e effects ,  i t  i s  weakene d b y 
th e inhibitio n rules . 

More specifically ,  goal-relevanc e o f  th e selecte d mod -
ule s i s obtaine d throug h th e inpu t  fro m th e goal s an d 
th e backwar d spreadin g o f  activation .  Situatio n rele -
vanc e an d opportunisti c behavio r  ar e achieve d throug h 
th e inpu t  o f  th e senso r  dat a an d th e forwar d spread -
in g o f  activation .  Conflictin g an d interactin g goal s ar e 
take n int o accoun t  throug h inhibitio n b y th e protecte d 
goal s an d inhibitio n amon g conflictin g modules .  Fur -
ther ,  loca l  maxim a i n th e actio n selectio n ar e avoided , 
provide d tha t  th e spreadin g o f  activatio n ca n g o o n 
lon g enoug h (th e threshol d i s hig h enough) ,  s o tha t  th e 
networ k ca n evolv e toward s th e optima l  activit y  pat -
tern .  An d finally,  th e algorith m automaticall y biase s 
toward s ongoin g "plans" ,  becaus e thes e ar e favore d b y 
th e remain s o f  th e pas t  spreadin g activatio n patterns . 

The Need for Adaptive Action Selection 

I n th e recen t  past ,  researcher s hav e bee n arguin g abou t 
differen t  actio n selectio n models ,  tryin g t o convinc e 
thei r  peer s tha t  on e mode l  i s mor e appropriat e tha n 
anothe r  (Al-magazine ,  1990) .  Fo r  example ,  advocate s 
of  th e traditiona l  plannin g mode l  argu e tha t  reactiv e 
system s ar e no t  ver y "thoughtful "  becaus e the y d o no t 
model  an d reaso n abou t  th e consequence s o f  actions . 
They argu e tha t  suc h system s woul d fai l  i n "critical " 
environment s suc h a s a  nuclea r  powe r  plant .  O n th e 
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othe t  hand ,  advocate s o f  th e reactiv e system s mode l 
clai m tha t  traditiona l  planner s ar e slow ,  brittl e an d 
not  flexible  an d wil l  fai l  i n environment s tha t  ar e ver y 
dynamic .  W e believ e tha t  th e desire d characteristic s 
fo r  a n actio n selectio n mode l  diffe r  fro m applicatio n t o 
application .  Th e degre e t o whic h a n environmen t  o r 
tas k i s "critical '  (th e cos t  o f  non-optima l  actions )  de -
termine s ho w muc h predictio n i s desired .  Th e degre e t o 
whic h a n environmen t  i s "dynamic "  (change s rapidly ) 
determine s ho w reactiv e o r  fas t  th e actio n selectio n 
has t o be .  Th e degre e t o whic h a n environmen t  i s  pre -
dictable ,  determine s th e usefulnes s o f  interna l  models , 
and s o on . 

Therefor e an y actio n selectio n mode l  tha t  aim s t o 
be "generall y useful "  shoul d b e tunabl e t o th e charac -
teristic s o f  a n environmen t  an d task .  Thi s i s possibl e 
fo r  th e actio n selectio n algorith m tha t  w e describe d 
above .  It s behavio r  ca n b e tune d t o th e characteris -
tic s o f  a  particula r  applicatio n b y a  handfu l  o f  globa l 
parameter s (Maes ,  1989b ,  1991a) : 

•  Threshol d 9 .  Thi s paramete r  determine s ho w m u c h 
activatio n energ y ha s t o b e accumulate d b y a  modul e 
befor e i t  ca n b e selected .  B y varyin g 9  on e ca n trade -
of f  spee d fo r  thoughtfulness .  Th e highe r  9 ,  th e longe r 
th e activatio n spreadin g goe s o n befor e a  modul e ha s 
accumulate d enoug h activatio n energy .  A s such ,  i t 
allow s th e networ k t o loo k ahea d further ,  thereb y 
avoidin g loca l  max im a (i n time )  o f  activatio n levels . 

•  Goal-onentednes s f .  Thi s paramete r  determine s th e 
strengt h o f  th e backwar d spreadin g o f  activatio n en -
ergy .  I t  determine s (i )  ho w muc h activatio n energ y 
i s pu t  int o th e networ k b y th e goal s (a s oppose d t o 
th e senso r  data )  an d (ii )  wha t  th e (global )  weigh t 
i s o f  th e predecesso r  links .  B y varyin g 7  th e actio n 
selectio n behavio r  ca n b e m a d e mor e o r  les s goal -
driven . 

•  Data-orientednes s <f> .  Thi s paramete r  determine s th e 
strengt h o f  th e forwar d spreadin g o f  activatio n en -
ergy .  I t  determine s (i )  ho w muc h activatio n energ y i s 
put  int o th e networ k b y th e senso r  dat a (a s oppose d 
t o th e goals )  an d (ii )  wha t  th e (global )  weigh t  i s o f 
th e successo r  links .  B y varyin g <f > th e actio n selectio n 
behavio r  ca n b e mad e mor e o r  les s data-driven . 

•  Goal-conflic t  sensitivit y 6 .  Thi s paramete r  deter -
mine s th e strengt h o f  th e inhibitor y spreadin g o f 
activation .  I t  determine s (i )  ho w muc h activatio n 
energ y i s take n awa y fro m th e networ k b y a  pro -
tecte d goa l  (a s oppose d inserte d b y a  goals )  an d (ii ) 
what  th e (globid )  weigh t  i s o f  th e conflicto r  links .  B y 
varyin g 6  th e actio n selectio n behavio r  ca n b e m a d e 
more o r  les s sensitiv e t o goa l  conflicts .  Fo r  example , 
i f  6  i s large r  tha n 7 ,  th e syste m care s mor e abou t 
avoidin g goa l  conflict s tha n abou t  achievin g goals . 

•  Bia s toward s pas t  histor y w .  Th e paramete r  n  de -
termine s wha t  th e mea n leve l  o f  activatio n i s tha t 
th e activatio n level s ar e reduce d t o (decayed )  a t  ev -
er y timeste p (activatio n level s ar e no t  reinitialize d a t 

ever y timestep) .  I t  determine s i n h o w fa r  th e 'his -
tory '  o f  spreadin g activatio n play s a  rol e i n th e actio n 
selection .  Thi s paramete r  ca n b e use d t o tradeof f 
adaptivit y (quic k respons e t o change s i n th e senso r 
dat a o r  goals )  fo r  bia s toward s th e ongoin g pla n (in -
ertia) . 

I n th e origina l  algorith m presente d i n th e previ -
ous section ,  thes e parameter s hav e t o b e se t  b y hand . 
Ther e ar e severa l  problem s wit h thi s approach .  O n e 
proble m i s tha t  i t  i s  difficul t  t o com e u p wit h th e "op -
timal "  paramete r  settings .  I t  i s  har d t o understan d 
th e characteristic s o f  th e environmen t  an d tas k wel l 
enoug h t o decid e wha t  th e optima l  paramete r  value s 
are .  A  secon d proble m i s tha t  th e parameter s ar e no t 
independen t  fro m on e another ,  s o changin g th e valu e 
of  on e als o affect s th e others .  Typically ,  th e value s fo r 
th e paramete r  wer e chose n b y runnin g a n experiment , 
noticin g whethe r  somethin g goe s wrong ,  tunin g th e pa -
rameter s an d startin g anew .  Thi s proces s wa s iterate d 
unti l  th e paramete r  value s wer e stable .  A  thir d prob -
le m wit h thi s solutio n i s tha t  th e parameter s di d no t 
adap t  t o change s i n th e tas k an d environment .  E.g . 
i f  somethin g abou t  th e networ k o r  th e environmen t 
change d a t  run-time ,  th e paramete r  value s wer e no t 
adapte d t o th e ne w situation . 

Therefor e w e decide d t o automat e th e continuou s 
run-tim e adaptatio n o f  thes e parameters .  Th e sam e 
agen t  selectio n algorith m i s use d i n a  "meta-leve l  net -
work" ,  whic h run s i n paralle l  wit h th e networ k w e ha d 
before .  Th e node s o f  thi s networ k d o no t  tak e action s 
i n th e environment ,  bu t  instea d alte r  th e paramete r 
value s fo r  th e first  networ k s o a s t o adap t  th e actio n 
selectio n behavio r  o f  th e first  networ k t o th e character -
istic s o f  th e particula r  tas k an d environmen t  a t  hand . 

Th e meta-leve l  networ k als o prove d t o b e usefu l  fo r 
dealin g wit h a  relate d problem .  Occasionedl y w e ob -
serv e problem s o f  a  "non-local "  natur e i n th e actio n 
selectio n networks :  a  networ k ca n ge t  stuc k i n a  dead -
loc k (th e activatio n level s o f  module s ar e no t  changin g 
anymor e an d non e o f  th e module s ha s enoug h energ y 
t o excee d th e threshold) ,  o r  i n a  loo p (th e networ k 
keep s activatin g th e sam e se t  o f  module s withou t  mak -
in g progress) .  Noticin g thes e problem s require s a  mor e 
globa l  perspective :  i t  i s  no t  possibl e fo r  a  singl e mod -
ul e t o decid e tha t  th e networ k i s stuc k i n a  deadloc k 
or  a  loop .  However ,  thi s prove d t o b e easil y diagnose d 
by th e meta-leve l  network . 

The Meta-Network 
Th e ide a o f  th e meta-ne t  i s  relate d t o othe r  researc h i n 
th e Artificia l  Intelligenc e an d Cognitiv e Scienc e litera -
ture .  M a n y o f  th e A I  system s tha t  hav e bee n buil t  hav e 
a meta-leve l  architecture .  The y consis t  o f  tw o distinc t 
levels ,  wher e on e level ,  calle d th e object-level ,  solve s 
problem s abou t  an d act s upo n a n externa l  proble m 
domain ,  whil e th e meta-leve l  solve s problem s abou t 
an d act s upo n th e object-leve l  proble m solver .  Fo r  a n 
overvie w se e (Mae s &  Nardi ,  1988) . 
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I n ou r  model ,  th e meta-leve l  contro l  i s  implemente d 
usin g th e sam e actio n selectio n algorith m i n a  meia -
network .  Th e node s (o r  competenc e modules )  o f  thi s 
networ k ar e expert s i n diagnosin g an d curin g typica l 
problem s wit h actio n selectio n networks .  Th e met a 
networ k contain s nin e competenc e modules .  Fou r  o f 
thos e increas e an d decrecis e th e threshol d an d mea n 
activatio n level .  Thre e mor e increas e th e goa l  orient -
edness ,  dat a orientednes s an d goa l  conflic t  sensitivity . 
Ther e ar e n o met a module s tha t  decreas e thes e thre e 
parameters .  Thi s i s th e cas e becaus e wheneve r  on e 
paramete r  i s increased ,  th e othe r  parameter s ar e de -
crease d a  littl e (i.e .  th e tota l  su m o f  al l  th e parameter s 
i s  constant) .  W e onl y experience d th e nee d fo r  increas -
in g th e sensitivit y t o senso r  data ,  goal s an d goa l  con -
flicts.  I t  doe s no t  see m t o b e necessar y eve r  t o decreas e 
thei r  sensitivity ,  excep t  t o chang e thei r  respectiv e ra -
tio s (mak e th e actio n selectio n mor e goa l  oriente d tha n 
dat a oriented ,  o r  mor e goa l  conflic t  sensitiv e tha n goa l 
oriented ,  an d s o on) .  Finall y ther e ar e tw o mor e meta -
node s tha t  dea l  wit h "global "  problem s wit h th e ob -
jec t  leve l  network :  on e nod e decrease s th e threshol d 
when th e objec t  leve l  i s  i n a  deadlock ,  an d th e othe r 
one restore s th e threshol d t o it s origint d valu e after -
wards .  Th e followin g i s a  descriptio n o f  th e diff"eren t 
meta-nodes : 

•  Make-faste r  decrease s th e threshol d 6  whe n acti -
vated .  I t  i s  triggere d whe n th e object-leve l  networ k 
i s to o slow .  I n particular ,  whe n th e averag e tim e i t 
take s fo r  th e objec t  networ k t o selec t  a n actio n b 
longe r  tha n th e averag e tim e i t  take s fo r  th e envi -
ronmen t  t o chang e spontaneously .  Thi s i s wha t  th e 
deflnitio n o f  thi s meta-nod e look s like : 

(dafmodule MlXE-FiSTER 
:condition-lis t  '(slov ) 
:add-lis t  >(appropriate-Bpa«d ) 
:d«lat«-lis t  '(slov ) 
:processe s '((dacraas e (natwork-thxashol d 

•object-netffork«))) ) 

• Make-more-thoughtful increases the threshold 0 
when itctivated .  I t  i s  triggere d whe n th e object-leve l 
i s  to o last ,  i.e .  whe n th e averag e tim e neede d t o 
selec t  a n actio n i s shorte r  tha n th e averag e widt h 
of  th e object-networ k (th e averag e lengt h o f  a  pat h 
fro m executabl e node s t o th e goa l  nodes) .  Thing s 
ar e slightl y mor e complicate d i n tha t  thi s modul e 
als o take s int o accoun t  ho w unpredictabl e th e envi -
ronmen t  is .  I n a  ver y unpredictabl e (dynamic )  en -
vironmen t  th e threshol d ha s t o b e se t  highe r  fo r  th e 
networ k t o b e thoughtfu l  tha n i n a  predictabl e en -
vironmen t  (on e fo r  whic h th e objec t  leve l  networ k 
reliabl y model s ho w i t  changes) . 

•  Make-more-biase d increase s th e mean-activation -
leve l  X  whe n activated .  I t  i s  triggere d whe n th e 
object-networ k i s no t  biase d enoug h toward s th e 
pas t  history .  Thi s i s tru e i n tw o cases :  (i )  whe n 
th e object-leve l  "jumps "  fro m workin g o n on e goa l 

(selectin g a n actio n i n on e goa l  tree )  t o workin g o n 
anothe r  goa l  (activatin g a n actio n i n a  disjunc t  goa l 
tree )  withou t  an y goo d reaso n t o d o s o (withou t  th e 
situatio n representin g a  uniqu e opportunity ,  i.e .  th e 
tw o path s ar e equall y  long) ,  an d (ii )  whe n th e sen -
sor  dat a see m t o b e ver y nois y an d unstabl e (some -
thin g i s tru e al l  th e tim e an d the n fals e fo r  jus t  on e 
timestep ,  o r  vic e versa ,  somethin g i s fals e al l  th e 
tim e an d the n tru e fo r  jus t  on e timestep) . 

•  Make-more-adaptiv e decrease s th e mea n activatio n 
leve l  i r  whe n activated .  I t  i s  triggere d whe n th e 
object-leve l  i s  no t  adaptiv e enough .  Thi s i s th e cas e 
i f  th e objec t  leve l  doe s no t  reac t  enoug h t o impor -
tan t  change s i n th e goal s o r  th e senso r  dat a (e.g .  a 
sudde n opportunit y t o achiev e a  differen t  goa l  tha n 
th e on e i t  i s  workin g o n easily) . 

•  Make-more-goal-oriente d increase s th e goal-orient -
ednes s 7  whe n activated .  I t  i s  triggere d whe n th e 
object-leve l  i s  no t  goa l  oriente d enough .  I n particu -
lar ,  thi s i s th e cas e when ,  afte r  selectin g a n object -
leve l  action ,  th e tota l  lengt h o f  th e tre e (branchin g 
paths )  fro m th e goal s t o executabl e module s ha s in -
creased . 

•  Make-more-data-oriente d increase s th e data-orient -
ednes s <f > whe n activated .  I t  i s  triggere d whe n th e 
object-leve l  i s  no t  data-oriente d enough ,  i.e .  whe n 
th e actio n selectio n doe s no t  respon d t o change s i n 
th e environmen t  fas t  enough ,  eve n though t  th e mea n 
activatio n leve l  (bia s toward s pas t  history )  x  i s low . 

•  Make-more-sensitive-to-goaUconflict s increase s th e 
goal-conflict-sensitivit y 6  whe n activated .  I t  i s  trig -
gere d whe n th e object-leve l  i s  no t  enoug h sensitiv e t o 
goal  conflicts .  Thi s i s th e cas e whe n th e objec t  leve l 
i s  n o longe r  abl e t o satisf y a  particula r  (sub-)goa l  ( a 
particula r  propositio n ca n theoreticall y no t  b e mad e 
tru e anymore) .  Thi s i s th e cas e whe n th e networ k 
contain s a  lo t  o f  conflicto r  link s an d negativ e (pro -
tected )  goal s fo r  whic h n o "reversibl e (restoring )  ac -
tions "  exist . 

•  Deal-with-deadloc k decrease s th e threshol d 6  whe n 
activated .  I t  i s  triggere d whe n th e object-leve l  i s  i n 
a deadloc k situation .  Thi s i s th e cas e whe n th e acti -
vatio n level s o f  th e objec t  leve l  module s chang e les s 
the n a  smal l  valu e e  an d non e o f  th e module s ha s 
accumulate d enough  activatio n energ y t o excee d th e 
threshold .  Deal-Mrith-deadloc k i s activate d repeat -
edl y unti l  th e threshol d i s lo w enough  s o tha t  som e 
executabl e modul e ha s enoug h activatio n energy . 

•  Restore-threshold-after-deadloc k increase s th e 
threshol d 6  agai n afte r  th e deadloc k proble m ha s 
been deal t  wit h (i t  restore s i t  t o it s  previou s value) . 
I t  i s  activate d wheneve r  deal-with-deadloc k ha s bee n 
activated ,  excep t  i f  deal-with-deadloc k i s bein g ac -
tivate d ver y ofte n (i n hal f  o r  mor e o f  th e case s tha t 
an objec t  leve l  modul e get s selected) .  I n th e latte r 
case ,  th e effec t  o f  deeil-with-deadloc k (th e decreas e 
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of  th e threshold )  i s permanent . 

The metaplevel network does not have any goals. 
I t  i s  completel y dat a driven .  Wheneve r  th e condi -
tion s fo r  a  meta-modul e ar e fulfille d (th e meta-modul e 
i s executable )  an d th e meta-modul e ha s accumulate d 
enoug h activatio n energ y (fro m th e senso r  data )  t o ex -
ceed th e meta-ne t  threshold ,  th e modul e i s selected . 
The latte r  conditio n mean s tha t  th e meta-node' s trig -
gerin g condition s shoul d b e observe d fo r  a  sufficientl y 
lon g time ,  s o tha t  the y ca n increas e th e node' s acti -
vatio n leve l  t o a  poin t  wher e i t  exceed s th e threshold . 
Thi s implement s th e desirabl e featur e tha t  meta-node s 
loo k a t  th e averag e recen t  behavio r  o f  th e objec t  net -
wor k (wher e th e relevanc e o f  observation s i s weighe d 
over  time) . 

Discussion 

The metaplevel network was tested by running several 
experiment s wit h ver y differen t  applications .  Some ap -
plication s require d ver y fas t  actio n selection ,  other s 
require d ver y thoughtfu l  actio n selection ,  ye t  other s 
emphasize d goa l  conflic t  sensitivit y an d s o on .  W e 
evaluate d th e syste m b y adoptin g rando m value s fo r 
th e object-leve l  parameter s an d the n runnin g th e tw o 
network s (i n parallel )  unti l  th e meta-networ k di d no t 
selec t  an y action s anymore .  Graduall y th e objec t  leve l 
networ k display s a  bette r  an d bette r  actio n selectio n 
behavior ,  unti l  i t  doe s no t  mak e an y "wron g selections " 
anymor e accordin g t o th e meta^net' s standards . 

Thes e experiment s prove d tha t  th e meta-ne t  pro -
vide s a n effectiv e wa y o f  settin g an d adaptin g th e 
object-leve l  parameters .  Eac h time ,  th e meta-ne t  wa s 
abl e t o fairl y  quickl y settl e o n a  selectio n o f  parameter s 
tha t  wa s satisfactor y (i n tha t  n o meta-leve l  module s 
got  triggere d afte r  a  while) .  Th e meta-ne t  doe s no t 
necessaril y  convergenc e t o th e sam e paramete r  value s 
fo r  tw o experiment s wit h th e sam e application .  Thi s 
i s th e cas e becaus e th e sam e actio n selectio n behavio r 
can b e produce d b y "similar "  paramete r  value s (value s 
tha t  ar e withi n a  certeii n interval) . 

The questio n ca n b e raise d whethe r  ther e i s a  nee d 
fo r  a  metarmeta-ne t  (o r  a n infinit e towe r  o f  meta ^ 
levels) .  I n th e curren t  implementatio n th e paramete r 
value s fo r  th e meta-networ k ar e se t  b y hand .  Thi s 
i s a n acceptabl e solutio n becaus e (i )  th e meta-ne t  i s 
ver y simple ,  an d becaus e o f  tha t  th e parameter s val -
ues d o no t  mak e muc h o f  a  differenc e i n it s behavior , 
(ii )  th e meta-ne t  alway s solve s th e sam e proble m (op -
erate s i n th e sam e domain) ,  namel y tha t  o f  settin g th e 
parameter s o f  othe r  networks ,  a s suc h ther e i s les s o f 
a nee d fo r  i t  t o adap t  it s actio n selectio n behavio r  t o 
it s  environmen t  (th e environmen t  i s etlway s th e same) . 
The onl y meta-leve l  paramete r  whic h w e foun d t o b e 
importan t  i s th e threshol d (tin d ho w i t  compare s t o 
th e datarorientedness) .  I t  determine s ho w muc h "ev -
idence "  ha s t o b e buil t  u p fo r  a  particula r  proble m 
befor e th e meta-ne t  take s actio n an d change s certai n 

object-leve l  parameters .  I t  woul d b e nic e i f  th e thresh -
ol d woul d increas e a s th e syste m proceeds ,  s o a s t o 
implemen t  som e notio n o f  "temperature "  a s i n sim -
ulate d annealing .  Thi s wa y th e syste m woul d mak e 
change s t o th e object-leve l  parameter s mor e easil y i n 
th e beginnin g an d b e mor e reluctan t  t o chang e thing s 
as th e object-leve l  actio n selectio n behavio r  improves . 

I n conclusion ,  thi s experimen t  prove s tha t  th e meta -
net  i s  a  convenien t  metho d fo r  adaptin g th e parameter s 
of  ou r  actio n selectio n algorith m t o th e characteristic s 
of  th e tas k an d environment .  I n addition ,  i t  prove s 
tha t  meta-leve l  contro l  doe s no t  necessaril y  impl y a 
rigid ,  hierarchica l  contro l  structure ,  bu t  instea d ca n 
be implemente d i n a  distribute d way .  Th e meta-ne t 
run s i n paralle l  wit h th e object-ne t  Jin d a s suc h doe s 
not  mak e th e latte r  les s adaptiv e o r  reactive .  FinaUy , 
more experiment s wil l  hav e t o b e performe d t o deter -
min e whethe r  th e curren t  se t  o f  meta-node s i s suffi -
cien t  fo r  dealin g wit h a  wid e rang e o f  task s an d envi -
ronment s characteristics .  T o thi s end ,  w e pla n t o us e 
"TUeWorld "  (Pollac k &  Ringuette ,  1990) ,  whic h i s a 
highl y parametrize d environmen t  simulator ,  enablin g 
t o contro l  th e characteristic s o f  a n environment . 
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