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Abstrac t 
Reporte d propertie s o f  huma n decision-makin g unde r  tim e 
pressur e ar e use d t o refm e a  hybrid ,  hierarchica l  re;isoner .  Th e 
resultant  syste m i s use d t o explor e th e relationship s amon g re -
activity ,  heuristi c reasoning ,  situation-base d behavior ,  seiirch , 
and learning .  Th e progra m firs t  ha s th e opportunit y t o reac t 
correctly .  I f  n o read y reactio n i s computed ,  th e reasone r  acti -
vate s a  se t  o f  time-limite d searc h procedures .  I f  an y on e o f 
the m succeeds ,  i t  produce s a  sequenc e o f  action s t o b e exe -
cuted .  I f  the y fai l  t o produc e a  response ,  th e reasone r  resort s 
t o collaboratio n amon g a  se t  o f  heuristi c rationales .  A  time -
limite d maze-exploratio n tas k i s pose d wher e traditiona l  A I 
technique s fail ,  bu t  thi s hybri d reasone r  succeeds .  I n a  serie s 
of  experiments ,  th e hybri d i s show n t o b e bot h effectiv e an d 
efficient .  Th e dat a als o sho w ho w correc t  reaction ,  time-lim -
ite d searc h wit h reactiv e trigger ,  heuristi c reasoning ,  an d 
learnin g eac h pla y a n importan t  rol e i n proble m solving .  Re -
activit y i s demonstrabl y enhance d b y brief ,  situation-based , 
intelligen t  searche s t o generat e solutio n fragments . 

1. Introduction 

When confronted with a difficult problem and a limited 
amount  o f  tim e t o decid e upo n a n action ,  peopl e emplo y a 
variet y o f  device s t o m a k e wha t  the y hop e wil l  b e exper t 
decisions .  S o m e o f  thi s behavio r  i s automatic ;  perception s 
abou t  th e curren t  stat e o f  th e worl d m a y trigge r  a  respons e 
withou t  consciou s reasoning .  A I  researcher s mode l  suc h au -
tomaticit y wit h reactiv e systems .  Othe r  portion s o f  thi s be -
havio r  ar e heuristic ;  a n approximatel y correc t  decisio n rul e 
i s selecte d an d applied .  A I  researcher s mode l  suc h "rule s o f 
thumb "  wit h rule-base d systems .  Ther e is ,  however ,  anothe r 
importan t  mechanis m peopl e use .  Situation-base d behavio r 
i s tile  seria l  testin g throug h searc h o f  known ,  triggere d tech -
nique s fo r  proble m solvin g i n a  domain .  Thi s pape r  de -
scribe s a  cognitiv e mode l  tha t  integrate s situation-base d be -
havio r  wit h reactivity ,  heuristi c reasoning ,  an d learning .  Th e 
contribilion s o f  thi s wor k ar e th e mode l  an d empirica l  evi -
denc e from  i t  tiiat  situation-base d behavio r  i s a n effectiv e 
metho d fo r  decision-makin g imde r  tim e pressure . 

Situation-base d behavio r  i s  base d upo n psychologists ' 
report s abou t  h u m a n expert s i n resource-limite d situation s 
(Klei n &  Calderwood ,  1991) .  Fo r  example ,  a n emergenc y 
rescu e tea m i s calle d t o th e scen e o f  a n attempte d suicide , 
wher e a  perso n dangle s from  a  sig n afte r  jumpin g from  a 
highwa y overpass .  T im e i s hmite d an d th e perso n i s semi -
conscious .  Durin g debriefin g afte r  a  successfu l  rescue ,  th e 
c o m m a n d er  o f  th e tea m describe s h o w the y immediatel y se -
cure d th e semiconsciou s woman ' s arm s an d legs ,  bu t  the n 
neede d t o Uf t  he r  t o safety .  H e retrieved ,  instantiated ,  an d 
mentall y teste d fou r  device s tha t  coul d hol d he r  whil e th e 
tea m lifted ,  on e devic e a t  a  time .  W h e n a  devic e faile d i n hi s 

menta l  simulation ,  h e ra n th e next .  W h e n di e fourt h scenari o 
ra n severa l  time s i n simulatio n withou t  a n apparen t  flaw,  h e 
bega n t o execut e i t  i n th e rea l  worid .  Klei n an d Calderwoo d 
describ e th e predominanc e o f  thi s situation-base d behavio r 
i n 3 2 suc h incidents ,  an d cit e additiona l  evidenc e from  stud -
ie s o f  othe r  decision-maker s unde r  tim e pressure .  It s ke y 
features ,  fo r  th e piu"pose s o f  thi s discussion ,  ar e tha t  a  situa -
tio n trigger s a  se t  o f  procedura l  responses ,  no t  solutions ,  an d 
tha t  thos e response s ar e no t  teste d i n parallel . 

Th e purpos e o f  thi s pape r  i s no t  t o argu e tha t  situation -
base d behavio r  i s th e onl y w a y t o reaso n an d search ,  bu t  t o 
explor e it s rol e wit h respec t  t o learnin g an d reactivit y an d 
heuristi c reasonin g unde r  tim e limitations .  Th e nex t  sectio n 
describe s di e integratio n o f  situation-base d behavio r  int o a 
proble m solvin g an d learnin g mode l  calle d F O R R.  Subse -
quen t  section s detai l  th e proble m domain ,  describ e a n im -
plementatio n fo r  pat h finding ,  discus s th e experimenta l  re -
sults ,  an d relat e situation-base d behavio r  t o otiie r  work . 

2. FORR: the Model 

The problem solvers Klein and Calderwood studied did not 
hav e th e leisur e t o researc h simila r  situation s o r  t o explor e 
m a ny ahematives .  The y ha d t o decid e quickly .  Reactiv e 
system s ar e intende d t o sens e th e worl d aroun d the m an d re -
spon d wit h a  quic k computatio n (Brooks ,  1991 ;  Mae s & 
Brooks ,  1990) .  The y iterat e a  "sense-compute-execute "  loo p 
wher e th e sensin g i s predetermine d an d th e heuristi c compu -
tatio n i s eithe r  hardwire d o r  extremel y rapid .  I n mos t  com -
ple x dynami c problems ,  however ,  a  simulatio n o f  intelli -
genc e i s strengthene d b y learning .  I n th e spiri t  o f  reactivity , 
suc h learnin g shoul d b e quic k t o d o an d eas y t o appl y i n 
subsequen t  loo p iterations .  Th e mode l  describe d i n thi s sec -
tio n support s th e developmen t  o f  suc h a  reactiv e reasoner . 

F O RR (FO r  tiie  Righ t  Reasons )  model s th e transitio n from 
genera l  expertis e t o specifi c  expertis e (Epstein ,  1994) .  A 
FORR-base d syste m begin s wit h a  domai n o f  relate d prob -
le m classes ,  suc h a s boar d game s o r  mazes ,  an d som e do -
main-specifi c bu t  problem-class-independen t  knowledge , 
suc h a s "d o no t  se t  th e othe r  contestan t  u p fo r  a  win "  o r 
"avoi d dead-ends. "  Wit h proble m solvin g experience ,  suc h 
as contest s playe d o r  trip s from  on e maz e locatio n t o an -
other ,  a  FORR-base d progra m acquire s useju l  knowledge . 
problem-class-specifi c  dat a tha t  i s  potentiall y usefii l  an d 
probabl y correct .  Usefti l  knowledge ,  suc h a s goo d gam e 
opening s o r  shortcut s i n a  particula r  maz e from  on e vicinit y 
t o th e next ,  shoul d enhanc e th e performanc e o f  a  F O R R-
base d system . 

F O RR integrate s reactivity ,  situation-base d behavior ,  an d 
heuristi c reasonin g i n th e three-tiere d hierarchica l  mode l 
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show n i n Figur e 1 .  Tie r  1  i s reactiv e an d correct ,  tie r  1. 5 i s 
situation-base d search ,  an d tie r  2  i s reactiv e an d heuristic . 
An î rfvwo r  epitomize s a  domain-specifi c  bu t  problem-class -
independent ,  decision-makin g rationale ,  suc h a s "muiimiz e 
th e othe r  contestant' s material "  o r  "ge t  close r  t o you r  desti -
nation. "  Eac h Adviso r  i s a  "righ t  reason "  fo r  decision-mak -
in g i n th e domain ,  implemente d a s a  time-limite d procedure . 
Inpu t  t o eac h Adviso r  i s th e curren t  stat e o f  th e world ,  th e 
curren t  permissibl e action s from  tha t  state ,  an d an y learne d 
usefu l  knowledg e abou t  th e proble m clas s unde r  considera -
tion .  Eac h Adviso r  output s an y numbe r  o f  comment s tha t 
suppor t  o r  discourag e permissibl e actions .  A  commen t  list s 
th e Advisor' s name ,  th e actio n commente d upon ,  an d a 
strength ,  a n intege r  from 0  t o 1 0 tha t  measure s di e intensit y 
and directio n o f  th e Advisor' s opinion . 

F O RR addresse s a  proble m a s a  sequenc e o f  decision s t o 
be made .  A t  decision-makin g time ,  a  FORR-base d syste m 
sense s th e curren t  stat e o f  th e worl d an d react s wit h a 
rapidly-compute d decision .  Th e calculatio n fo r  tha t  decisio n 
begin s i n th e first  tier ,  wher e Advisor s ar e consulte d i n a 
predetermined ,  fixed  order .  The y m a y hav e th e authorit y t o 
make a  decisio n unilaterall y o r  t o eliminat e a  lega l  actio n 
from  an y ftulher  consideration .  First-tie r  Advisor s ar e reac -
tive ,  consulte d i n sequence ,  an d referenc e onl y correc t  use -
ftjl  knowledge .  The y "sense "  th e curren t  stat e o f  th e worl d 
and wha t  the y k n o w abou t  th e proble m class ;  i f  the y mak e a 
decision ,  i t  i s  fas t  an d correct .  Th e commande r  ha d a  first-
tie r  Adviso r  whic h insiste d tha t  th e victim' s h m b s b e se -
cured .  A  goo d first-tier  Adviso r  fo r  gam e playin g i s "i f  yo u 
see a  winnin g move ,  tak e it; "  a  goo d on e fo r  maze-travers -
in g i s "i f  yo u se e th e goal ,  g o t o it. "  Onl y whe n th e firs t  tie r 
of  a  FORR-base d syste m fail s t o m a k e a  decisio n doe s con -
tro l  defaul t  t o th e nex t  tier . 

Second-tie r  Advisors ,  i n contrast ,  ar e no t  necessaril y  in -
dependent ,  o r  eve n correc t  i n th e ful l  contex t  o f  th e stat e 
space .  Eac h o f  the m epitomize s a  heuristic ,  specialize d vie w 
of  reaht y tha t  i s  a  reasonabl e argumen t  fo r  o r  agains t  on e o r 
mor e actions .  Second-tie r  Advisor s ar e reactiv e too ,  bu t  fa r 
les s trustworthy ,  becaus e neithe r  theu -  reasonin g proces s no r 
th e usefu l  knowledg e o n whic h the y rel y i s guarantee d cor -
rect .  Al l  th e second-tie r  Advisor s hav e a n opportunit y t o 
comment  befor e an y decisio n i s made .  Th e decisio n the y 
comput e i s th e actio n wit h th e highes t  tota l  strength ;  thi s 
represent s a  consensu s o f  thei r  opinions .  A  goo d second-tie r 
Adviso r  fo r  gam e playin g i s "maximiz e th e numbe r  o f  you r 
piece s o n th e boar d an d minimiz e thos e o f  th e othe r  contes -
tant; "  a  goo d on e fo r  maze-traversin g i s "mov e i n th e direc -
tio n o f  th e goal. "  Ther e i s evidenc e i n th e literatur e tha t 
peopl e approac h comple x task s a s i f  the y ha d suc h Advisor s 
(Biswas ,  Goldman ,  Fisher ,  Bhuva ,  &  G lewwe ,  1995 ; 
Ratterma n &  Epstein ,  1995) ,  bu t  fo r  th e rescu e situation , 
second-tie r  Advisor s m a y b e to o slo w an d to o risky . 

Situation-base d behavio r  ha s recentl y bee n incorporate d 
int o F O R R wit h tie r  1.5 .  A  tier-1. 5 Adviso r  temporaril y  di -
gresse s from  th e "sense-compute-execute "  loo p whe n i t  rec -
ognize s a  situatio n i n whic h it s knowledg e m a y hav e sub -
stantia l  impact .  Eac h tier-1. 5 Adviso r  ha s a  reactiv e trigge r 
t o recogniz e tha t  th e curren t  situatio n m a y benefi t  from  it s 
solutio n method ,  jus t  a s th e nee d t o hois t  wa s a  trigge r  fo r 
eac h o f  th e rescu e team' s holdin g devices .  Eac h als o ha s a 

acquire d usefu l  knowledg e 
curren t  stat e 1 

Tie r  1 : 
Reactio n fro m 
perfec t  krtowledg e 

lega l 
action s 

Tie r  1.5 : 
Searc h an d 
Inferenc e triggere d 
by situatio n 
recognitio n 

Tie r  2 : 
Heuristi c 
reaction s 

execut e Decision ? decisio n 

Ak+1 

Decision ? 

Am+ 1 A m +2 

Votin g 

Figur e 1 :  H o w F O R R make s decisions . 

knowledge-intensive, highly-constrained search procedure 
t o construc t  a  solutio n fragment, a  sequenc e o f  decision s 
rathe r  tha n a  singl e reactiv e one .  I f  th e first  tie r  ha s faile d t o 
make a  decision ,  eac h o f  th e prioritize d Advisor s o f  tie r  1. 5 
has th e opportunit y i n tur n t o trigger ,  an d eac h triggere d 
Adviso r  i s cede d contro l  unti l  on e o f  the m produce s a  solu -
tio n fragment.  Tier-1. 5 Advisor s execut e decision s i n th e ac -
tua l  proble m spac e a s the y attemp t  t o construc t  a  solutio n 
fragment.  Regardles s o f  it s  outcome ,  th e fns t  retiune d solu -
tio n fragment  i s incorporate d int o th e sdutio n unde r  con -
struction ,  an d contro l  i s  returne d t o tie r  1 .  I f  n o tier-1. 5 A d -
viso r  produce s a  sequenc e o f  recommende d steps ,  th e sec -
on d tie r  wil l  mak e th e decision .  Th e effectivenes s o f  situa -
tion-base d Advisor s an d thei r  rol e i n reasonin g i s bes t 
demonstrate d wit h a n example . 

3. Ariadne: an Implementation 

Ariadne is a FORR-based system for simulated robot path-
finding .  (Ariadne ,  daughte r  o f  Kin g Minos ,  helpe d Theseu s 
fin d hi s wa y throug h th e labyrinth. )  Ariadn e model s learnin g 
th e wa y aroun d a  comple x geographi c are a throug h a  serie s 
of  trip s there .  A  proble m clas s fo r  Ariadn e i s a  particula r 
maze,  an d learnin g occur s a s a  resul t  o f  repeate d pat h 
fmdin g i n th e sam e maze .  Ariadne' s tas k i s t o m o v e a  robo t 
from  som e initia l  locatio n t o th e stationar y goa l  i n a  se -
quenc e o f  lega l  moves .  Th e robot ,  however ,  i s severel y re -
stricted .  I t  ha s n o explici t  m a p an d i t  i s  no t  permitte d t o 
construc t  one .  I t  sense s wher e i t  i s  an d wher e i t  ca n g o i n 
one step ,  decide s whic h ste p t o take ,  an d "leaps "  ther e with -
out  collectin g dat a o n th e way . 

A stat e i n Ariadn e i s a  maz e containin g th e robo t  an d th e 
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goal .  Figur e 2  represent s a  sampl e stat e i n a  2 0 x  2 0 rectan -
gula r  gri d wit h discret e interna l  obstructions .  A  locatio n 
(r ,  c )  i n a  maz e i s th e positio n i n th e rth  ro w an d ct h col -
u m n,  addresse d a s i f  i t  wer e a n array .  Th e robo t  i s a t  (18,  6 ) 
and th e goa l  a t  (5 ,  14 )  i n Figur e 2 .  A t  an y instan t  i n time ,  th e 

stat e o f  th e worl d i s describe d t o Ariadn e a s th e dimension s 
of  th e maze ,  th e coordinate s o f  th e goal ,  th e robot' s coordi -
nates ,  th e pat h i t  ha s thu s fa r  traversed ,  an d h o w fa r  th e 
robo t  ca n "see "  i n fou r  direction s t o th e neares t  obstructio n 
or  t o th e goal .  A t  eac h ste p th e robo t  i s permitte d t o m o v e 
throug h an y numbe r  o f  unobstructe d location s i n on e (north , 
south ,  east ,  o r  west )  direction .  Th e robo t  i n Figur e 2  ha s 8 
lega l  moves :  nort h t o (17 ,  6) ,  eas t  t o (18,  7) ,  (18 ,  8) ,  (18,9) , 
and (18 ,  10) ,  sout h t o (19 ,  6 )  an d (20,6) ,  an d wes t  t o (18,  5) . 

A proble m i n Ariadn e i s a n initia l  locatio n R  fo r  th e robo t 
and a  locatio n G  fo r  th e goal .  A  proble m i s solvabl e i f  an d 
onl y i f  ther e exist s som e path ,  consistin g onl y o f  lega l 
moves ,  fix)m R  t o G ,  i.e. ,  throug h onl y unobstructe d loca -
tions .  Th e leve l  o f  difficult y o f  a  solvabl e proble m i s on e 
mor e tha n th e m i n i m u m numbe r  o f  (lef t  o r  right)  turn s th e 
robo t  mus t  mak e t o reac h th e goal .  Not e tha t  thi s i s  differen t 
from  th e Manhatta n distanc e (a s measure d i n gri d units ) 
from  th e robo t  t o th e goal .  Figur e 2  i s a  leve l  1 1 problem ; 
on e solutio n fo r  i t  ha s Manhatta n distanc e 29 . 

I t  i s  importan t  t o not e tha t  th e robo t  i s  no t  given ,  an d doe s 
not  construct ,  a n explicit ,  detaile d m a p o f  th e maze .  Ariadn e 
does ,  however ,  lear n descriptiv e abstraction s abou t  th e maz e 
as usefu l  knowledge :  gates ,  dead-ends ,  an d chambers .  A 
gat e i s a  locatio n tha t  offer s a  transitio n from  on e quadran t 
o f  th e maz e t o another ,  fo r  example ,  (11 ,  3 )  i s  a  gat e be -
twee n quadrant s 3  an d 2  i n Figur e 2 .  O f  course ,  a  gat e m a y 
not  alway s b e helpful ;  (11 ,  3 )  offer s acces s t o littl e o f  quad -
ran t  2 .  Afte r  eac h decision ,  Ariadn e test s whethe r  it s las t 
m o ve ha s change d it s quadrant ,  tha t  is ,  i f  i t  ha s move d 
throug h a  gate .  I f  so ,  th e robot' s curren t  locatio n i s learne d 
as a  gat e betwee n th e curren t  quadran t  an d th e previou s one . 
A corrido r  i s a  passagewa y o f  widt h on e tha t  eithe r  lead s 
nowher e ( a dead-end )  o r  i s a  hallway .  I n Figur e 2  {(14 ,  1) , 
(15 ,  1) ,  (16 ,  1) }  i s  a  dead-en d an d {(5 ,  15) ,  (5 ,  16) ,  (6 ,  16) , 
(6 ,  17) }  i s  a  hallwa y tha t  zigzags .  A  corrido r  i s learne d a s a 
pai r  o f  endpoint s when ,  from  th e curren t  state ,  th e robo t  ha s 
onl y on e o r  tw o moves .  Corridor s ar e enlarge d an d merge d 
togethe r  a s necessary .  A  chambe r  i s a n irregularl y shape d 
spac e wit h a n acces s poin t  an d a n approximat e extent ,  th e 
furthes t  i n eac h directio n on e ca n g o i n th e chamber .  Thi s i s 
a compact ,  heuristi c descriptio n tha t  a t  wors t  overstate s th e 
chamber  b y a  boundin g rectangle .  Figur e 2' s robo t  i s i n a 
chamber  wit h acces s poin t  (16 ,  5 )  an d exten t  1 6 north ,  1 0 
east ,  2 0 south ,  an d 4  west .  Th e acces s poin t  o f  a  chambe r  i s 
a locatio n withi n th e chambe r  tha t  afford s a  vie w outsid e it . 
For  example ,  from  (16 ,  5 )  th e robo t  ca n se e eas t  beyon d it s 
exten t  t o (16 ,  3) .  Al l  location s reachabl e from  th e robo t  re -
all y constitut e on e larg e chamber ,  bu t  th e chamber s tha t 
Ariadn e learn s ar e mor e limite d an d room-like .  W h e n Ari -
adn e i s no t  makin g goo d progres s an d th e decisio n cycl e 
reache s tie r  1.5 ,  a n Adviso r  m a y cal l  a  searc h procedur e tha t 
scan s verticall y an d horizontall y from  th e robot' s curren t 
positio n t o estimat e th e exten t  o f  th e curren t  chamber .  A 
chamber  i s represente d a s a n extent-access-poin t  pai r  an d 
store d o n a  Ust .  A  n e w chambe r  m a y subsum e a n ol d one ,  i n 

Quadran t  2  Quadran t  1 
I  2  3  4  5  6  7  S  0  1 0 I I  1 2 1 3 MI S 1 6 1 7 1 8 192 0 

2 3  4  S  b  /  a  9  1 0 I I  1 2 1 3 MI S 1 6 1 7 1 8 192 0 
Quadran t  3  Quadran t  4 

Figure 2: An Ariadne problem. The robot must move to the 
goal  i n unidirectiona l  step s throug h unobstructe d locations . 

which case it replaces it on the list. Otherwise, chambers are 
not  merged ,  an d the y m a y overla p o r  hav e mor e tha n on e 
acces s point . 

Ariadn e ha s 1 7 Advisors ,  liste d i n Tabl e 1 ,  wit h tier s 1 
and 1. 5 i n orde r  o f  thei r  relativ e priority .  Description s o f  th e 
trigger s fo r  th e tier-1. 5 Advisor s ar e italicized .  Fo r  example , 
Roundabou t  trigger s whe n th e robo t  i s i n th e sam e ro w o r 
colum n a s th e goa l  bu t  i t  canno t  se e i t  becaus e o f  a n ob -
struction .  Roundabou t  attempt s t o shif t  ove r  an d the n g o 
aroun d th e wal l  betwee n i t  an d th e goal .  If ,  fo r  example ,  th e 
robo t  o f  Figur e 2  wer e a t  (5 ,  18) ,  Roundabou t  woul d tak e i t 
t o (6 ,  18) ,  (6 ,  17) ,  an d (6 ,  16 )  befor e stoppin g a t  (5 ,  16 ) 
wher e th e goa l  i s  i n sight .  Not e tha t  Roundabout ,  lik e an y 
tier-1. 5 Advisor ,  i s  time-limite d an d heuristic .  I t  m a y fail ,  o r 
i t  m a y onl y ge t  close r  t o th e goa l  tha n i t  ha d been ,  withou t 
actuall y bringin g th e goa l  i n sight . 

Ariadne' s tier- 2 Advisor s embod y path-findin g common -
sens e an d d o n o forwar d searc h a t  al l  i n th e proble m space . 
Chamberlain ,  fo r  example ,  encourage s move s t o th e entr y 
poin t  o f  a  dead-en d o r  a  chambe r  whos e exten t  indicate s tha t 
th e goa l  migh t  li e within ,  an d discourage s move s t o an y 
othe r  entr y points .  (Althoug h Chamberlain' s comment s ar e 
base d upo n heuristi c extents ,  i t  neve r  permanentl y prevent s 
a solution ,  becaus e th e othe r  Advisor s m a y eventuall y over -
ride  i t  wit h thei r  o w n comments. )  Not e tha t  Chamberlain , 
unlik e Outt a Here ,  i s no t  permitte d t o search .  Th e simpl e 
idea s behin d th e tier- 2 Advisor s suppor t  rapi d computation . 
F O RR signal s (bu t  continue s t o calculate )  i f  an y Adviso r 
run s ou t  o f  time ,  an d tha t  ha s ye t  t o happe n wit h Ariadne . 

Ariadn e i s implemente d a s a  se t  o f  C o m m on Lis p routine s 
tha t  ru n wit h F O R R.  T o creat e a  proble m class ,  th e use r 
specifie s th e dimension s o f  th e maze ,  th e leve l  o f  proble m 
difficulty ,  an d th e percentag e o f  interna l  obstruction .  Furthe r 
technica l  detail s ar e availabl e i n (Epstein ,  1995) . 
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Tabl e 1 :  Ariadne' s Advisor s fo r  pat h finding.  Starre d 
Advisor s referenc e usefu l  knowledge . 

N a me Descriptio n 

Tier l 
No W a y *  D o no t  ente r  a  goal-fre e dead-end . 
Victor y M o v e t o th e goa l  i f  i t  i s i n sight . 

Tier 1.5 
Roundabou t  M o v e aroun d th e wal l  i f  alread y i n th e 

righ t  ro w o r  column . 
Outt a Here *  Exi t  a  goal-fre e dead-en d o r  chambe r  o r  a 

smal l  geographica l  area . 
Probe *  Exi t  a  chambe r  i f  recentl y locall y 

constrained . 
Super-Quadro *  Exi t  a  quadran t  i f  recentl y locall y 

constrained . 
Wander  Tak e ver y larg e step s L-shape d step s i f 

recentl y locall y constrained . 

Tie r  2 
Been Ther e Avoi d retur n t o a  previou s location . 
Chamberlain *  Avoi d o r  encourag e entrance s t o dead-end s 

and chamber s base d upo n thei r  extent . 
Done Tha t  Avoi d repetitio n o f  a  mov e i n th e sam e 

directio n a s on e ahead y take n fro m a 
previou s location . 

Gian t  Ste p M a k e th e longes t  possibl e m o v e i n som e 
direction . 

Goal  R o w M o v e t o th e sam e ro w a s th e goal . 
Goal  Colum n M o v e t o th e sam e colum n a s th e goal . 
Mr .  Roger s M o v e a s clos e t o th e goa l  a s possible . 
Opening *  Begi n th e wa y a  previou s successfu l  pat h 

did . 
Plo d M o v e on e locatio n i n som e direction . 
Quadro *  M o v e fro m on e quadran t  t o anothe r 

throug h know n gates . 

4.  E x p e r i m e n t a l  Resul t s 

The performance of six reasoning agents was tested: the full 
versio n o f  Ariadn e an d five  ablate d version s tha t  measur e 
th e contributio n o f  Ariadne' s variou s components .  Th e Ran -
do m agen t  select s rando m lega l  moves ;  thi s i s equivalen t  t o 
bhn d search .  Th e Reactiv e agen t  leams ,  bu t  use s onl y th e 
Advisor s i n tie r  1 ;  i t  simulate s correc t  reactiv e response .  Th e 
Reactive + agen t  leams ,  bu t  use s onl y th e Advisor s i n tier s 1 
and 1.5 ;  i t  simulate s reactiv e decisio n makin g wit h situation -
base d behavio r  bu t  withou t  heuristi c reasoning .  Th e Reac -
tive-Heuristi c agen t  leams ,  bu t  use s onl y th e Advisor s i n 
tier s 1  an d 2 ;  i t  simulate s reactiv e decisio n makin g withou t 
situation-base d behavior .  No-Learnin g include s onl y th e 
Advisor s i n an y tie r  tha t  d o no t  consul t  learne d usefu l 
knowledg e (thos e starre d i n Tabl e 1) .  Th e F O R R agen t  use s 
al l  th e Advisor s i n Tabl e 1 ;  thi s simulate s reactiv e decisio n 
makin g an d learnin g wit h situation-base d behavior .  Agent s 
wer e eliminate d fro m testin g afte r  poo r  performance .  Durin g 
earl y trial s th e Rando m agent ,  solve d onl y 1 2 % o f  10 0 leve l 
6 problems ;  i t  therefor e serve d merel y a s a  benchmark , 

A ru n fo r  a  fixed ,  randomly-generate d maz e i s 1 0 learnin g 

problem s give n t o th e ftill  versio n o f  Ariadne ,  followe d b y 5 
newly-generate d testin g problem s i n th e sam e maz e give n t o 
th e agent s wit h learnin g turne d off .  A  proble m o f  eithe r  kin d 
was terminate d whe n th e agen t  reache d th e goa l  o r  whe n i t 
had mad e 10 0 passe s throug h Figur e 1 .  Learnin g problem s 
wer e provide d onl y t o establis h a  usefu l  knowledg e bas e fo r 
thos e Advisor s tha t  depen d upo n it .  (Thos e Advisor s ar e 
starre d i n Tabl e 1. )  Becaus e F O R R i s non-deterministi c an d 
th e maze s an d problem s ar e generate d a t  rando m withi n th e 
specifie d constraints ,  result s fro m 1 0 run s wer e average d t o 
produc e a n experiment .  A n experimen t  wa s performe d fo r 
problem s wit h level s o f  difficult y 6 ,  8 ,  10 ,  an d 1 2 i n a 
20 X  2 0 maz e wit h 3 0 % intema l  obstruction .  Thes e parame -
ter s wer e selecte d t o provid e a t  leas t  100 0 possibl e problem s 
at  th e specifie d leve l  o f  difficulty .  A n y agen t  tha t  performe d 
badl y wa s omitte d fi-om  mor e difficul t  exp)eriments . 

Tabl e 2  report s th e results .  "Solved "  i s th e percentag e o f 
th e tes t  problem s th e agen t  coul d solv e wit h a t  mos t  10 0 
moves i n th e sam e maze .  "Pat h length "  i s th e Manhatta n 
distanc e alon g th e solutio n t o th e goal .  Sinc e a  ste p m a y 
move throug h mor e tha n on e location ,  pat h lengt h varie s 
among problem s o f  th e sam e difficulty .  "Moves "  i s th e 
number  o f  move s i n th e solution .  Th e numbe r  o f  distinc t  lo -
cation s actuall y visite d durin g thos e move s i s reporte d a s 
"locations. "  "Triggers "  measure s th e relianc e o f  th e syste m 
on tie r  1.5 ;  i t  i s  th e numbe r  o f  passe s throug h Figur e 1  dur -
in g whic h an y situation-base d Adviso r  executed .  Pat h 
length ,  moves ,  an d location s ar e compute d onl y ove r  solve d 
problems .  (Thi s make s th e ablate d agent s loo k somewha t 
bette r  tha n the y actuall y  are. )  " B F S % "  i s th e percentag e o f 
th e spac e reachabl e fro m th e robot' s initia l  positio n tha t 
breadth-firs t  searc h woul d hav e visite d o n th e sam e tes t 
problems .  T im e pressur e ca n b e apphe d t o a  solutio n tw o 
ways :  eithe r  a s th e pat h lengt h (sinc e computatio n tim e 
woul d b e muc h faste r  tha n trave l  time) ,  o r  a s th e numbe r  o f 
passe s throug h Figur e 1  (base d pwel y o n confutatio n time) . 

As th e problem s becom e mor e difficuh ,  th e abilit y  o f  th e 
ablate d agent s t o solv e th e problem s become s markedl y in -
ferior ,  an d th e situation-base d Advisor s trigge r  mor e often . 
The Reactive-Heuristi c agent ,  F O R R ' s origina l  formulation , 
draw s th e robo t  t o fewe r  location s an d construct s shorte r 
path s tha n Reactive + o n th e simple r  problems ,  bu t  solve s 
fewe r  difficul t  ones .  Althoug h situation-base d Advisor s 
make som e contributio n whe n combine d wit h tie r  1 , 
Reactive + i s clearl y inadequat e o n th e mor e difficul t 
problems .  Th e situation-base d Advisor s trigge r  mor e ofte n 
wit h Reactive + tha n wit h th e ful l  F O R R agen t  becaus e mos t 
of  the m recogniz e repetitiv e action ,  an d Reactive + 
frequentl y behave s repetitively . 

TTi e ful l  F O R R agen t  i s clearl y mor e powerfu l  tha n th e 
ablate d ones .  F O R R wit h tier-1. 5 offer s a  measur e o f  relia -
bilit y  an d achievemen t  th e othe r  version s lack .  Th e numbe r 
of  successe s b y th e ful l  F O R R agen t  represent s a  statisticall y 
significan t  improvemen t  ove r  th e others .  Althoug h thi s 
wor k wa s predicate d o n th e acceptabilit y  o f  suboptima l 
solutions ,  th e successfii l  path s o f  th e ablate d agent s ar e ex -
tremel y long .  Wit h al l  o f  F O R R ' s tier s i n place ,  Ariadn e 
get s th e robo t  t o th e goa l  mor e often ,  mor e quickly ,  an d 
consider s fewe r  alternative s alon g th e way . 
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Tabl e 2 :  Averag e testin g performanc e o f  agent s afte r  learnin g i n 1 0 randoml y generate d 2 0 x  2 0 mazes . 
Searc h terminate d upo n solutio n o r  afte r  10 0 decisions . 

Leve l Agen t Solve d Pat h Lengt h Move s Location s Trigger s B F S % 

Reactiv e 
Reactive + 
Reactive-Heuristi c 
FORK 

24 % 
96 % 
90 % 
98 % 

156. 2 
61. 2 
48. 2 

29. 7 

52. 0 
28. 0 
23. 5 
19. 2 

29. 8 
22. 0 
16. 1 
15. 8 

— 
13. 3 
— 

5. 5 

6 6 . 1 % 

8 

10 

12 

Reactive + 
Reactive-Heuristi c 
FORR 

Reactive + 
Reactive-Heuristi c 
FORR 

Reactive + 
FORR 

86 % 
88 % 
96 % 

80 % 
66 % 
86 % 

64 % 
80 % 

79. 7 
93. 3 
45. 5 

105. 3 
122. 0 
60, 6 

118. 0 
69. 4 

37. 4 
37. 5 
28. 5 

50. 4 
54. 3 
38. 3 

53. 0 
41. 8 

29. 1 
23. 7 
24. 3 

37. 8 
33. 0 
28. 5 

41. 2 
31. 7 

17. 7 

9. 9 

19. 7 

14. 8 

29. 9 
25. 7 

87 .4 % 

9 5 . 2 % 

9 6 . 2 % 

5.  S e a r c h a n d L e a r n i n g 

This domain is not amenable to traditional AI search tech-
niques .  Depth-firs t  searc h require s elaborat e backtrackin g 
an d loo p preventio n t o calculat e an y solution ;  ver y few ,  i f 
any ,  o f  th e tes t  problem s woul d b e solvabl e i n 10 0 step s thi s 
way.  Breadth-firs t  search ,  whil e i t  wil l  alway s solv e th e 
proWem,  doe s s o a t  th e cos t  o f  visitin g a  hig h proportio n o f 
th e node s eve r  accessibl e t o th e robo t  fi-om  it s startin g loca -
tio n i n th e searc h space .  A I  searche s ar e ofte n steere d b y a n 
evaluatio n functio n towar d th e "mos t  promising "  location s 
t o avoi d suc h difficulties .  Th e robot' s knowledg e i s s o lim -
ited ,  however ,  tha t  a n evaluatio n functio n woul d hav e al l  th e 
shortcoming s o f  th e Reactive-Heuristi c  agent .  Fo r  example , 
close r  t o th e goa l  i s  no t  necessaril y  better ;  ther e m a y b e a 
ver y lon g wal l  there .  Means-end s analysis ,  anothe r  standar d 
AI  technique ,  i s no t  possibl e becaus e th e robo t  know s little , 
i f  anythin g a t  all ,  abou t  th e immediat e vicinit y o f  th e goal . 
For  a  ver y larg e maze ,  then ,  exphci t  searc h woul d b e ex -
tremel y inefficient ,  perhap s intractable . 

Ther e i s a  comple x relationshi p amon g th e tiers .  Tie r  1. 5 
require s bot h tie r  I' s  commonsens e an d tie r  2' s  heuristi c 
knowledg e t o b e effective .  Tie r  2  trie s t o avoi d searc h an d 
effectivel y set s u p th e situation-base d Advisor s i n tie r  1. 5 s o 
tha t  the y ca n trigger .  Fo r  example .  Goa l  R o w an d Goa l  Col -
u mn pus h th e robo t  int o a  situatio n wher e Roundabou t  ca n 
trigger .  I n turn ,  th e situation-base d Advisor s o f  tie r  1. 5 se t 
up th e heuristi c reasoner s i n tie r  2 .  Fo r  example ,  Wande r 
put s th e robo t  wher e al l  th e tier- 2 Advisor s ar e mor e likel y 
t o m a k e new ,  constructiv e comments .  W h e n Ariadn e bog s 
down,  th e trigger s o f  th e tie r  1. 5 Advisor s behav e lik e a 
searc h party ;  the y expen d resource s t o improv e th e pro -
gram' s abilit y  t o mak e progress .  Th e usefii l  knowledg e ac -
quire d thi s wa y i s no t  overwhelming .  Ariadn e average d onl y 
30. 5 corridor s an d 10. 8 chamber s i n it s  leve l  1 2 problems . 

The initia l  impuls e behin d reactiv e programmin g wa s t o 
avoi d search .  W h e n on e augment s th e reactiv e Advisor s o f 
tie r  1  an d tie r  2  wit h tie r  1.5 ,  th e syste m i s kep t  withi n th e 
searc h minimizatio n philosoph y tw o ways .  First ,  F O R R onl y 
allocate s eac h Advisor ,  i n an y tier ,  a  limite d amoun t  o f 

computin g time .  Therefor e solutio n fi-agments  tha t  tak e to o 
lon g t o construc t  ar e no t  considered .  Second ,  tier-1. 5 Advi -
sor s hav e hand-code d routine s intende d t o addres s thei r  par -
ticula r  subgoals .  Thes e routine s generat e an d tes t  solutio n 
fi-agments,  jus t  th e wa y th e conunande r  did ,  bu t  th e pro -
pose d partia l  solution s mus t  b e highl y constrained ,  jus t  a s 
th e commander' s are .  Thi s constrain t  save s th e tier-1. 5 Ad -
viso r  from  a  combinatori c explosion .  Althoug h thei r  searc h 
ca n b e quit e deep ,  the y ar e effectiv e becaus e the y ar e 
severel y curtaile d b y knowledge . 

A n importan t  differenc e betwee n F O R R wit h tie r  1. 5 an d 
th e commande r  i s th e fac t  tha t  h e ra n hi s successfti l  simula -
tio n fou r  time s befor e h e implemente d it .  Comparin g move s 
and location s i n Tabl e 2 ,  i t  i s  clea r  tha t  Ariadn e coul d 
shorte n it s pat h length s b y a s m u c h a s 2 5 % i f  i t  remove d th e 
loops .  Wit h respec t  t o timing ,  however ,  th e robo t  visite d 
thos e locations ,  s o th e entir e pat h i s stil l  th e cost . 

The rol e o f  learnin g i n thi s domai n become s apparen t  onl y 
i n th e mos t  difficul t  problems .  I n anothe r  serie s o f  experi -
ment s w e teste d th e fiill  F O R R agen t  agains t  No-Learning . 
By leve l  10 ,  No-Learnin g solve d 2 0 % fewe r  problem s an d 
triggere d tie r  1. 5 thre e time s a s often .  Ther e wer e maze s 
(runs )  wher e No-Learnin g coul d solv e al l  five  level-1 0 
problem s (albei t  i n slightl y longe r  paths )  withou t  learne d 
usefu l  knowledge ,  bu t  i n tw o maze s i t  coul d solv e onl y two . 
The path s No-Learnin g finds  i n har d problem s loo k lik e a 
fhgh t  o f  steps .  No-Learnin g fail s o n problem s wher e th e 
goal  i s  hidde n behin d o r  th e robo t  begin s behin d a  variet y o f 
deceptiv e barriers .  Eve n whe n No-Leaniin g coul d solv e a 
har d problem ,  th e solution s wit h learnin g wer e shorter ,  les s 
repetitive ,  an d require d fewe r  decisio n cycles . 

Ariadn e ha s alread y performe d wel l  o n preliminar y test s 
i n 3 0 X  3 0 maze s an d continue s t o improv e a s w e refin e it s 
Advisor s an d it s learnin g algorithms .  Ther e i s ever y reaso n 
t o believ e tha t  Ariadn e wil l  continu e t o scal e up ,  i.e. ,  per -
for m wel l  i n muc h large r  an d mor e tortuou s maze s tha n 
these .  Hoyle ,  a  FORR-base d game-learnin g program ,  pro -
gresse d t o m u c h large r  space s afte r  th e additio n o f  onl y a 
fe w tier- 2 Advisor s (Epstein ,  1994) . 
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6.  Relate d W o r k 

Situation-based behavior is not case-based reasoning (CBR), 
althoug h the y hav e muc h i n common .  I n C B R ,  experience s 
ar e indexe d an d stored .  Later ,  whe n a  proble m arises ,  on e o r 
more potentiall y  relevan t  case s tha t  "remind "  th e syste m o f 
th e curren t  on e ar e retrieved ,  an d a n attemp t  i s mad e t o mod -
if y thei r  solution s t o solv e th e curren t  proble m (Kolodner , 
1993) .  Althoug h situation-base d behavio r  i s triggere d b y a n 
abstractio n o f  th e curren t  stat e tha t  coul d hav e bee n use d a s 
an inde x fo r  C B R ,  situation-base d behavio r  doe s no t  retriev e 
specifi c  solution s t o b e modified ,  onl y procedure s intende d 
t o generat e solutio n firagments.  Situation-base d behavio r  an d 
C BR bot h constrai n solutio n generation ,  bu t  C B R doe s i t  b y 
searchin g fro m ol d solutions ,  whil e situation-base d behavio r 
does i t  b y th e knowledg e inheren t  i n it s procedures .  Klei n 
and Calderwoo d emphasiz e tha t  th e huma n expert s the y 
stud y d o no t  perceiv e thei r  proble m solvin g a s reminding . 
Thi s i s no t  a  clai m tha t  C B R ha s n o paralle l  i n people ,  onl y 
tha t  i t  i s  les s likel y t o b e use d unde r  tim e pressure . 

Situation-base d behavio r  i s no t  plannin g either .  A  pla n i s 
a se t  o f  action s intende d t o reac h a  specifi c  goal .  Th e com -
mander  teste d holdin g device s b y incorporatin g the m int o 
plan s an d mentall y executin g thos e plan s unti l  on e promise d 
success .  Th e situation-base d Advisor s o f  tie r  1. 5 ar e no t 
planner s becaus e the y actuall y execut e thei r  behavior ,  eve n 
i f  the y d o no t  eventuall y recommen d it .  Fo r  example ,  Wan -
der  ca n investigat e a s man y a s eigh t  L' s (b y movin g on e 
longes t  ste p i n eac h directio n an d the n testin g fo r  possibl e 
secon d steps )  befor e i t  choose s on e t o execute .  Rathe r  tha n 
planners ,  situation-base d Advisor s ar e procedure s tha t  reac -
tivel y seiz e contro l  o f  a  FORR-base d program' s resource s 
fo r  a  fixed  perio d o f  time .  W h e n tha t  tim e elapse s th e situa -
tion-base d Adviso r  eithe r  return s contro l  t o tie r  2  o r  return s 
a sequenc e o f  action s whos e executio n i t  requires .  Tie r  2 
constitute s a  reactiv e decisio n maker ,  muc h lik e Peng i  (Agr e 
& Chapman ,  1990) .  Th e principa l  differenc e i s tha t  Pengi' s 
proble m i s hvin g i n it s world ;  i t  i s no t  hel d t o a n explici t  de -
cisio n standar d Uk e Ariadne' s "solv e i n 10 0 decisio n steps. " 

Nor  i s situation-base d behavio r  a  macro-operator .  A 
macro-operato r  i s a  generalizatio n acros s th e variable s en -
taile d i n a  successfu l  procedure ,  wherea s a  situation-base d 
Adviso r  i s a  procedura l  generahzatio n ove r  severa l  kind s o f 
behavio r  appropriat e t o a  situation .  Situation-base d behavio r 
i s a  resource-grabbin g heuristi c digressio n intende d t o pro -
duc e a  solutio n fi-agment. 

Situation-base d behavio r  doe s she d som e ligh t  o n th e de -
bat e abou t  representatio n an d reactivit y (Hayes ,  Ford ,  & 
Agnew,  1994) .  Fo r  Ariadn e conceptua l  knowledg e include s 
situation-base d trigger s lik e "th e las t  3 0 % o f  th e move s hav e 
been i n n o mor e tha n 5 % o f  th e location s i n th e maze "  an d 
" a wal l  lie s betwee n th e aligne d robo t  an d th e goal. "  Thi s 
wor k demonstrate s that ,  a t  leas t  i n thi s domain ,  th e represen -
tatio n o f  conceptua l  knowledg e i s a n essentia l  componen t  i n 
a reactiv e learner . 

7. Conclusions 

Ariadne succeeds on time-limited decision problems where 
traditiona l  A I  technique s fail .  Ablatio n indicate s tha t  n o sin -
gl e componen t  o f  th e hybri d reasone r  i s responsibl e fo r  it s 

success ;  ther e i s a  synerg y amon g them .  Th e progra m i s ro -
bust ;  i t  ca n lear n i n an y maz e withou t  "tuning. " 

The thesi s o f  thi s wor k i s tha t  severel y constraine d search , 
particulari y whe n enhance d b y learning ,  ca n pla y a n impor -
tan t  rol e i n th e performanc e o f  a n otherwis e reactiv e an d 
heuristi c system .  Situation-base d behavio r  i s modele d o n 
peopl e wh o produc e suboptima l  solution s unde r  tim e con -
straints .  A  reactiv e syste m goe s directl y firom  perceptio n t o 
an associate d action ,  withou t  an y opportunit y t o reaso n 
abou t  th e state .  Wit h tie r  1.5 ,  F O R K,  lik e Klei n an d Calder -
wood' s subjects ,  perceive s an d the n reason s abou t  th e cur -
ren t  stat e o f  th e worl d befor e i t  elicit s a n associate d action , 
but  stil l  maintain s som e o f  th e advantage s o f  reactivity .  Ari -
adne' s succes s a t  maz e searc h i s a  clea r  indicatio n tha t  re -
sourc e allocatio n t o highly-restricted ,  intelligen t  searc h i s a n 
importan t  face t  i n th e simulatio n o f  efficient ,  effectiv e 
learnin g an d decisio n makin g unde r  resourc e limitations . 
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