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We ar e intereste d i n designin g autonomou s agent s tha t 
ca n continuousl y an d intelligentl y adap t  thei r  behavio r  t o th e 
specific s o f  thei r  environmen t  throug h lon g ter m interactio n 
i n th e environment.Thi s pape r  present s a  framewor k fo r  rou -
tin e evolutio n i n th e contex t  o f  a n pla n executio n syste m 
calle d R A M A fo r  Routin e Activit y Maintenanc e an d Analy -
sis . 

R A MA store s knowledg e abou t  wha t  t o d o an d wha t  t o ex -
pec t  i n structure s calle d dynamics .  Durin g execution ,  r a m a 
update s parameter s associate d wit h it s  expectation s (e.g .  du -
ration ,  tim e o f  occurrence ,  frequenc y o f  occurrence) .  I t  use s 
thi s informatio n t o determin e whe n unexpecte d event s hav e 
occurre d an d whe n expectation s hav e failed .  I t  the n modi -
fies  it s dynamic s s o tha t  suc h anomalie s ca n b e accounte d fo r 
durin g subsequen t  execution . 

Agr e an d Shrage r  refe r  t o th e proces s throug h whic h activ -
it y associate d wit h recurren t  goal s become s adapte d t o par -
ticula r  environment s a s routin e evolutio n (Agr e &  Shrager , 
1981 )  an d posi t  tha t  i t  i s  th e basi s o f  skil l  acquisifion .  A n 
agen t  come s t o a n tas k fo r  th e first  tim e wit h a  roug h pla n 
and develop s a  detaile d notio n o f  wha t  t o expec t  a s tha t  ac -
tivit y unfolds .  A  theor y o f  routin e evolutio n mus t  specify :  I ) 
H o w a n agen t  acquire s expectations ;  2 )  H o w ar e the y refine d 
throug h activity ;  an d 3 )  Wha t  shoul d happe n whe n expec -
tation s ar e determine d t o b e inaccurate ? I n thi s paper ,  w e 
discus s ho w r a m a addresse s thes e questions . 

RAMA'S knowledg e consist s of ;  1 )  a  librar y o f  proces s 
models ,  calle d dynamics ,  whic h describ e wha t  t o d o an d wha t 
t o expec t  a s task s ar e performed ;  2 )  a  librar y o f  anomal y 
type s whic h r a m a use s t o classif y unexpecte d occurrence s 
and expectatio n failures ;  3 )  a  librar y o f  dynami c transforma -
tion s whic h describ e h o w t o modif y dynamic s i n respons e 
t o discovere d anomalou s event s o r  discovere d dependencies ; 
and 4 )  a  librar y o f  suggestiv e causa l  patterns ,  whic h describ e 
whic h possibl e dependencie s t o loo k fo r  t o explai n anomalou s 
events ,  rama ' s interprete r  retrieve s appropriat e dynamic s i n 
respons e t o goals . 

Durin g executio n R A MA update s expectations .  Th e mor e 
accurat e thes e estimate s are ,  easie r  i t  i s  t o spo t  whe n some -
thin g unusua l  ha s happened ,  r a m a update s th e followin g 
informatio n fo r  eac h dynami c i t  uses :  1 )  Interva l  durations , 
whic h ar e use d t o measur e h o w lon g event s las t  an d th e tim e 
betwee n events ;  2 )  Likelihoo d estimates ,  whic h measur e 

ho w likel y i t  i s  fo r  a n even t  t o occur ;  an d 3 )  Completio n rat e 
estimates ,  whic h estimat e ho w likel y i t  i s  tha t  th e dynami c 
wil l  complete . 

Unexpecte d event s an d expectatio n failure s constitut e 
anomalies ,  r a m a recognize s a n unexpecte d even t  b y com -
parin g it s observation s o f  th e worl d agains t  th e prediction s o f 
it s  activ e dynamics .  I f  a n observatio n i s no t  predicte d tha t 
observatio n i s a n unexpecte d event .  Likewise ,  whe n a n even t 
i s  predicte d t o occu r  bu t  no t  observe d whe n expected ,  a n ex -
pectatio n failur e occurs . 

W h en a n anomal y occurs ,  r a m a classifie s i t  a s belong -
in g t o on e o f  a  se t  o f  anomal y types .  Thes e anomal y type s 
overla p an d exten d th e nonmotivate d (i.e .  no t  involvin g othe r 
intentiona l  agents )  anomal y type s Leak e (1991 )  define s i n hi s 
thesis .  Th e anomal y type s ar e use d a s indec i  tha t  ca n trig -
ger  th e activatio n o f  othe r  dynamic s o r  retriev e on e o r  mor e 
simpl e transformation s tha t  sa y ho w t o modif y th e dynami c 
t o accoun t  fo r  th e anomal y durin g subsequen t  execution . 

Finally ,  R A MA attempt s t o determin e precursor s t o expec -
tatio n failure s o r  unexpecte d event s b y learnin g dependen -
cies .  Thi s learnin g i s guide d b y a  nofio n o f  wha t  event s ar e 
critica l  enoug h t o meri t  learnin g precursor s fo r  Fo r  example , 
havin g th e expecte d outcom e o f  a  dynami c no t  obtai n b y th e 
expecte d completio n tim e o f  th e dynami c woul d constitut e 
suc h a n event ,  r a m a the n use s dependenc y analysi s (Cohe n 
& H o w e ,  1995 )  t o determin e likel y precursor s o f  suc h a  fail -
ure . 

We hav e implemente d th e describe d architectur e an d hav e 
begu n evaluatio n i n a  graphica l  simulato r  develope d her e 
at  th e Universit y o f  Chicago .  W e ar e investigafin g ho w t o 
tractabl y tun e th e dependenc y analysis . 
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