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Abstrac t 

The origi n o f  case s i s a  centra l  issu e i n cogni -
tiv e model s o f  case-base d reasoning .  Some recen t 
wor k propose s th e us e o f  wea k method s fo r  gener -
atin g solution s whe n a  relevan t  cas e i s no t  avail -
able ,  an d chunkin g th e solution s int o case s fo r 
potentia l  reuse .  Ou r  theor y o f  case-base d spsi -
tia l  plannin g an d navigatio n suggest s a  differen t 
approac h i n whic h menta l  model s o f  th e worl d 
provid e a  wa y fo r  solvin g ne w problem s an d ac -
quirin g cases .  Thes e menta l  model s als o pro -
vid e a  schem e fo r  organizin g th e cas e mmeory , 
adaptin g ol d cases ,  an d verifyin g ne w plans .  Th e 
use o f  multipl e methods ,  suc h a s th e case-base d 
and model-base d methods ,  raise s anothe r  impor -
tan t  issu e i n reasoning ,  namely ,  ho w t o oppor -
tunisticall y selec t  an d dynamicall y integrat e th e 
methods .  Ou r  theor y sujjgest s th e us e o f  simpl e 
meta r̂easonin g t o recursivel y selec t  a n appropri -
at e metho d a s th e proble m i s decompose d int o 
subproblems .  Thi s lead s t o th e dynami c integra -

'Thi s wor k ha s bee n paxtiail y  supporte d b y a  re -
searc h gran t  fro m th e Offic e o f  Nava J Researc h (con -
trac t  N00014-92-J-1234) ,  a  CE R gran t  fro m NS F 
(gran t  CCR-86-19886) ,  an d equipmen t  grant s an d do -
nation s fro m IBM ,  NCR,  an d Symbolics . 

tio n o f  differen t  method s wher e on e metho d i s 
used fo r  on e subproble m an d a  differen t  metho d 
fo r  anothe r  subproblem . 

Goal and Motivations 

Humans are often good at spatial planning and 
navigation .  Fo r  example ,  mos t  peopl e navigat e 
comple x landscapes ,  cities ,  building s etc. ,  appar -
entl y wit h littl e difficulty .  Further ,  thei r  abil -
it y  t o navigat e a  give n spac e appear s t o improv e 
wit h experience ,  i.e. ,  the y ca n for m bette r  navi -
gatio n plan s mor e efficiently .  On e computationa l 
theor y fo r  spatia l  plannin g an d navigatio n come s 
fro m researc h o n robotics .  Accordin g t o thi s the -
ory ,  th e robot' s planne r  use s a  menta l  mode l  o f 
th e worl d t o navigat e throug h it ,  e.g. ,  (Fikes , 
Hart ,  k  Nilsson ,  1972) ,  (Kuiper s &  Levitt ,  1988) , 
and (McDermot t  k  Davis ,  1984) .  Thi s model -
based metho d represent s th e navigatio n spac e i n 
th e for m o f  a  spatia l  model ,  an d plan s path s b y 
a goal-directe d heuristi c searc h o f  th e proble m 
spac e define d b y th e model .  Whil e thi s combina ^ 
tio n o f  spatia l  model s an d goal-directe d heuristi c 
searc h ha s le d t o th e developmen t  o f  som e power -
fu l  robo t  plannin g an d navigatio n systems ,  thes e 
technique s fai l  t o explai n ho w navigatio n abilit y 
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ca n improv e wit h experience . 
I n th e Route r  project ,  w e hav e bee n devel-, . 

opin g a n alternativ e case-base d theor y o f  spatia l 
plannin g an d navigation .  A n importan t  issu e i n 
developin g a  case-base d accoun t  o f  planning ,  o r 
reasonin g i n general ,  i s  th e origi n o f  th e cases : 
wher e d o th e case s com e from ? On e answe r  t o 
thi s questio n i s tha t  ne w case s ar e forme d b y 
adapting ,  perhap s combining ,  ol d cases .  I n fact , 
most  case-base d plannin g systems ,  suc h a s Plexu s 
(Alterman ,  1988 )  an d Che f  ( H a m m o n d ,  1989) , 
giv e precisel y thi s answer .  A n alternativ e an -
swer  i s tha t  case s resul t  fro m solvin g problem s 
by a  differen t  method .  Bot h Prodig y (Velos o 
k Carbonell ,  1991 )  an d Pria r  (Kambnaunpat i  k 
Hendler ,  1989) ,  fo r  example ,  us e thi s strateg y i n 
generatin g cases .  I n bot h Prodig y an d Priar ,  a 
nonlinea r  planner ,  base d o n means-end s analy -
sis ,  generate s solution s t o a  give n proble m an d 
chunk s th e solution ,  alon g wit h it s derivationa l 
trace ,  int o a  case .  Th e case s ar e indexe d b y th e 
goal s the y ca n hel p t o achieve .  Give n a  ne w prob -
lem ,  th e agen t  searche s it s cas e memor y t o find 
whethe r  a  usefu l  cas e i s available ,  an d i f  s o adapt s 
i t  t o solv e th e problem ,  withou t  appealin g t o th e 
nonlinea r  planner .  I f  a  usefu l  cas e i s no t  availabl e 
i n memory ,  the n th e nonlinea r  planne r  take s ove r 
and solve s th e proble m b y itself . 

Our  wor k o n th e Route r  projec t  suggest s a  dif -
feren t  answe r  t o th e questio n o f  th e origi n o f 
cases .  Lik e Prodig y an d Priar ,  i t  to o hypothe -
size s tha t  case s ca n ofte n originat e fro m solution s 
obtaine d b y othe r  method s i n additio n t o arisin g 
fro m adaptation s o f  ol d cases .  However ,  i t  use s a 
model-base d planner ,  lik e thos e use d i n robotics , 
fo r  generatin g th e solution .  Route r  thu s make s 
stronge r  assumption s abou t  th e availabl e knowl -
edge .  Unlik e Prodig y o r  Priar ,  th e conten t  o f  a 
cas e i n Route r  include s th e problem ,  th e solu -
tion ,  an d th e outcome ,  bu t  no t  th e derivationa l 
trace .  Th e cas e memor y i s organize d aroun d th e 
worl d model .  Lik e Prodig y an d Priar ,  give n a 
plannin g proble m Route r  searche s it s cas e m e m-
or y t o find  whethe r  a  usefu l  cas e i s available ,  an d 
i f  s o i t  adapt s th e cas e t o solv e th e problem .  Un -
lik e Prodig y an d Priar ,  however .  Route r  use s sim -
pl e meta^reasonin g t o integrat e it s model-base d 
and case-base d planner s b y opportunisticall y us -
in g th e model-base d planne r  fo r  th e tas k o f  cas e 
adaptation ,  an d th e case-base d planne r  fo r  simi -
larl y solvin g subgoal s se t  u p b y th e model-base d 
planner . 

Our  theory ,  embodie d i n Router ,  explain s ho w 
model-base d plannin g ca n lea d t o th e genera -
tio n o f  cases ,  ho w i t  ca n b e dynamicall y inter -
leave d wit h case-base d planning ,  an d ho w a n in -
tegrate d planner' s abilit y  ca n improv e wit h ex -
perience .  Thi s i s on e par t  o f  a  large r  theor y i n 
whic h case-base d plannin g i n tur n ca n lea d t o th e 
acquisitio n o f  menta l  model s o f  th e world .  Ou r 
theor y predict s that ,  wheneve r  possible ,  peopl e 
use case-base d reasonin g fo r  spatia l  plannin g an d 
navigatio n instea d o f  reasonin g fro m worl d mod -
el s becaus e th e forme r  metho d i s generall y mor e 
efficien t  tha n th e latter .  Ou r  theor y help s t o ex -

plai n som e recen t  psychologica l  dat a (Anderson , 
Kushmerick ,  k  Lebiere ,  1993) ,  whic h indicate s 
tha t  peopl e generall y rel y o n thei r  previou s ex -
perience s i n finding  ne w path-plans .  Th e theor y 
als o predict s tha t  whe n a  simila r  cas e i s no t  avail -
abl e i n memory ,  peopl e reaso n fro m thei r  worl d 
models ,  an d chun k thei r  solution s int o case s fo r 
potentia l  reuse .  I n addition ,  i t  predict s tha t  peo -
pl e dynamicall y interleav e model-base d an d case -
base d methods . 

Task and Domain 

Router plans paths on representations of two do-
mains :  th e Georgi a Tec h campu s an d th e Colleg e 
of  Computin g building .  I t  take s a s inpu t  a n ini -
tia l  locatio n an d a  destinatio n location .  Thes e 
location s ca n b e intersection s betwee n pathways , 
or  th e end-point s o f  pathways .  Pathway s m a y b e 
uni -  o r  bi-directional ,  an d mor e tha n tw o path -
ways m a y intersec t  a t  a  give n point .  Th e outpu t 
provide d b y Route r  i s a  path-pla n fro m th e ini -
tia l  locatio n t o th e destinatio n location ,  includ -
in g direction s o f  travel .  Th e onl y constrain t  o n 
th e outpu t  i s tha t  th e path-pla n mus t  b e lega l 
relativ e t o th e system' s knowledg e o f  th e geo -
graphica l  space .  I f  it s  knowledg e i s incomplet e o r 
incorrect ,  the n th e path-pla n m a y wel l  fai l  dur -
in g execution .  Route r  ha s acces s bot h t o a  spa ^ 
tia l  mode l  o f  th e navigatio n spac e an d t o previ -
ous pat h plannin g case s i n th e space .  Th e spa -
tia l  mode l  represent s qualitativ e knowledg e abou t 
street s (o r  path s i n general) ,  thei r  direction s 
and thei r  intersections .  Street s ar e groupe d int o 
neighborhoods ,  an d th e neighborhood s ar e orga -
nize d i n a  neighborhood-subneighborhoo d hierar -
chy .  Higher-leve l  neighborhood s contai n knowl -
edge o f  majo r  street s whil e lower-leve l  neighbor -
hood s contai n knowledg e o f  mino r  an d majo r 
street s withi n th e neighborhood .  Figur e 1  illus -
trate s a  par t  o f  Router' s spatia l  mode l  o f  th e 
Georgi a Tec h campus . 

W h en Route r  solve s a  ne w path-plannin g prob -
lem ,  i t  chunk s th e specificatio n o f  th e problem , 
it s solution ,  an d th e outcom e (whethe r  o r  no t  th e 
pla n succeede d upo n executio n i n th e world) ,  an d 
store s th e cas e i n memory .  Th e case s ar e indexe d 
by th e specification s o f  th e problem s the y solve , 
and ar e organize d aroun d th e hierarchica l  spatia l 
model .  Onc e i n memory ,  th e newl y acquire d cas e 
i s availabl e t o hel p th e syste m solv e futur e path -
plannin g problems . 

Reasoning Architecture 

Router's architecture is comprised of five core 
processes : 
D y n a m i c M e m o r y :  Router' s memor y i s orga -
nize d aroun d th e neighborhood-subneighborhoo d 
hierarch y o f  it s  spatia l  model .  Eac h neighbor -
hoo d i n thi s hierarch y act s a s a n inde x t o knowl -
edge o f  th e subneighborhood s an d th e street s i n 
th e neighborhood .  I t  als o act s a s a n inde x t o 
path-plannin g case s whos e initia l  and/o r  goa l  lo -
cation s fal l  withi n th e neighborhood .  Router' s 
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Figur e 1 :  A  Par t  o f  Router' s Spatia l  M o d e l  o f  th e G T C a m p u s 

memory i s dynami c i n tha t  th e syste m acquire s 
new case s an d learn s indice s t o them . 
Mode l -Base d Planner :  Th e model-base d plan -
ner  plan s path s b y searchin g th e hierarchically -
organize d spatia l  mode l  o f  th e navigatio n space . 
The searc h i s goal-directed ,  hierarchica l  an d 
heuristi c (Goe l  e t  a/. ,  1991) .  Eac h neighborhoo d 
i n th e spatia l  mode l  define s a  proble m space ,  an d 
th e hierarchica l  organizatio n o f  th e mode l  help s 
localiz e th e searc h t o specifi c  proble m spaces . 
The direction s o f  pathway s ar e use d a s a  heuristi c 
t o hel p reduc e th e searc h spac e withi n neighbor -
hoods . 
Case-Base d Planner :  Th e "pure "  case-base d 
planne r  solve s ne w problem s b y retrievin g an d 
potentiall y  adaptin g previousl y planne d paths . 
A path-plan ,  i n th e "pure "  case-base d mode ,  i s 
adapte d b y combtnin g wit h othe r  path-plan s re -
trieve d fro m memor y (Goe l  &  Callantine ,  1992) . 
I n th e integrate d planner ,  th e model-base d plan -
ner  ca n als o b e use d t o adap t  a  case . 
Mode l -Base d P la n Verifier :  Th e model-base d 
pla n verifie r  evaluate s th e correctnes s o f  a  path -
plan .  Th e verifie r  use s th e spatia l  mode l  t o 
simulat e th e propose d path-plan .  I f  th e path -
pla n fails ,  th e metho d selecto r  choose s eithe r  th e 
model-base d o r  th e case-base d metho d fo r  repair -
in g th e faile d path-pla n b y finding  a n alternativ e 
fo r  th e faile d segment .  Failur e ca n occur ,  fo r  in -
stance ,  i n situation s i n whic h th e characteristic s 
of  th e worl d hav e change d sinc e a  cas e wa s stored . 
Feedbac k fro m th e use r  o n th e succes s o f  a  path -
pla n i s als o verifie d befor e i t  i s  store d i n memory . 
M e t h o d Selector :  Sinc e Route r  ha s acces s t o 

bot h case s an d models ,  i t  mus t  choos e whic h rea ^ 
sonin g method ,  case-base d o r  model-based ,  t o ap -
pl y t o eac h tas k a t  hand .  I t  use s a  simpl e meta -
reasone r  i n th e for m o f  th e metho d s e ecto r  fo r 
thi s tas k a s describe d below . 

Opportunistic Method Selection 

W h at  ar e th e criteri a fo r  selectin g a 
m e t h o d ? Sinc e Route r  ca n emplo y eithe r  th e 
model-base d o r  th e case-base d reasonin g metho d 
t o perfor m a  path-plannin g tas k (o r  subtask) ,  i t 
need s som e mechanis m fo r  choosin g on e metho d 
i n an y give n situation .  I n general ,  th e decisio n 
criterio n m a y depen d o n severa l  features ,  i n ad -
ditio n t o th e natur e o f  th e tas k an d th e domai n 
(Goe l  &  Chandrasekaran ,  1992) :  (1 )  propertie s 
tha t  ar e desire d o f  th e solutio n t o th e tas k {e.g. , 
some measur e o f  optimality) ;  (2 )  propertie s tha t 
ar e desire d o f  th e metho d (e.g. ,  rapi d execution) ; 
and (3 )  th e availabilit y  o f  knowledg e require d b y 
th e variou s method s {e.g. ,  whethe r  o r  no t  a  usefu l 
cas e ca n b e accesse d fro m memory) . 
H o w doe s th e m e t h o d selecto r  w o r k ? Whil e 
al l  thre e factor s m a y b e importan t  i n general ,  th e 
availabilit y  o f  knowledg e (o r  lac k thereof )  i s  crit -
ica l  i n guidin g th e decisio n process .  Route r  use s 
a simpl e meta-reasone r  fo r  run-tim e metho d se -
lection .  I t  accesse s a  meta-memor y o f  availabl e 
method s eac h tim e a  plannin g (sub)tas k ha s t o 
be performed ,  an d determine s th e usefulnes s o f 
th e applicabl e method s t o th e task .  The n th e 
meta-reasone r  select s an d invoke s th e mos t  usefu l 
metho d accordin g t o th e abov e criteria .  Fo r  ex -
ample ,  i f  a  cas e simila r  t o th e curren t  (sub)tas k i s 
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availabl e i n th e cas e memory ,  the n th e metho d se -
lecto r  ma y selec t  th e case-base d metho d fo r  solv -
in g th e task .  Thi s i s becaus e Router' s meta -
reasone r  believe s tha t  i n genera l  (i )  th e case -
beise d metho d i s computationall y mor e efficien t 
tha n th e model-base d method ,  an d (ii )  th e qual -
it y o f  th e solution s produce d b y th e case-base d 
metho d i s th e sam e a s tha t  o f  solution s produce d 
by th e model-base d planner .  I f  a  cas e i s no t  avail -
abl e i n memory .  Route r  select s th e model-base d 
metho d becaus e i t  believe s tha t  it s  worl d mode l  i s 
complet e an d correct .  Whethe r  o r  no t  th e model -
base d metho d ca n find  a  correc t  solutio n depend s 
on man y issue s suc h a s whethe r  th e worl d ha s 
change d sinc e th e mode l  wa s las t  update d (se e 
below) . 
H o w doe s th e metho d selecto r  integrat e 
differen t  methods ? Actually ,  th e method -
selectio n proces s i n Route r  i s  a  littl e mor e elabo -
rat e tha n w e hav e describe d s o far .  Route r  select s 
a metho d eac h tim e i t  set s u p a  ne w subtstsk .  Fo r 
example ,  i f  Route r  select s th e case-base d metho d 
at  th e to p level ,  an d th e case-base d metho d set s 
up th e subtas k o f  pla n adaptation ,  the n Route r 
agai n use s meta-reasonin g t o selec t  a  metho d fo r 
adaptin g th e plan .  Dependin g o n th e selectio n 
criteri a describe d above ,  thi s ca n resul t  i n th e 
invocatio n o f  th e case-base d o r  th e model-base d 
planner .  I n thi s way ,  Route r  opportunisticall y in -
tegrate s th e tw o plannin g method s a t  it s  disposal . 

Case Acquisition 

W h e r e d o th e initia l  case s com e from ? 
Router' s cas e memor y initiall y  ca n b e empty .  I f 
so,  whe n th e first  fe w path-plannin g problem s 
ar e presente d t o Router ,  th e metho d selecto r  ha s 
t o choos e th e model-beise d metho d fo r  solvin g 
them .  Th e syste m chunk s an d store s th e solu -
tion s generate d b y th e model-base d planne r  i n th e 
cas e memory .  A s i t  solve s additiona l  problems , 
it s cas e memor y grow s an d th e metho d selecto r 
start s choosin g th e case-base d planne r  fo r  plan -
nin g ne w paths .  Router' s reasonin g thu s grad -
uall y shift s fro m purel y model-base d t o increas -
ingl y case-based .  Alternatively ,  th e use r  ca n di -
rectl y suppl y a n initia l  se t  o f  cases . 
W h at  case s ar e store d i n m e m o r y ? I n ad -
ditio n t o complet e path-plans .  Route r  als o store s 
partia l  path-plan s i n it s  cas e memory .  Fo r  exam -
ple ,  i f  Route r  ha s foun d a  pat h t o g o fro m inter -
sectio n a  t o intersectio n z ,  sa y a ,  b ,  c ,  d,... ,  z ,  the n 
i t  store s th e entir e pat h a s a  cas e fo r  potentia l 
reuse ,  sinc e a  futur e proble m ma y requir e i t  t o 
pla n a  pat h fro m a  t o z  again .  I n addition ,  sinc e 
th e proble m o f  goin g fro m an y on e intermediat e 
locatio n o n th e pat h t o anothe r  {e.g. ,  fro m a  t o c , 
at o d ,  bt o d  an d s o on) ,  ma y b e require d a t  som e 
futur e time ,  th e syste m als o store s thes e "partial " 
path-plan s a s reusabl e cases . 
H o w ar e th e case s indexed ? Case s ar e in -
dexe d bot h b y thei r  initia l  an d goa l  location s 
and b y th e neighborhood s i n th e spatia l  mode l 
t o whic h thes e location s belong .  Sinc e th e neigh -
borhood s i n Router' s spatia l  mode l  ca n overlap . 

a cas e ma y b e indexe d multiply .  Sinc e a  path -
pla n woul d b e labele d onl y wit h it s initi a an d 
goal  location s t o begi n with ,  thi s multipl e index -
in g schem e require s learnin g th e othe r  appropri -
at e indices . 
H o w doe s pla n failur e lea d t o learning ? Th e 
user  ma y suppl y Route r  wit h feedbac k o n th e ex -
ecutio n o f  a  path-plan .  I f  th e path-pla n fails ,  th e 
user  ma y suppl y informatio n abou t  th e cause s fo r 
th e failure .  Route r  the n simpl y update s it s spa -
tia l  mode l  t o reflec t  th e cause s fo r  th e failure . 
Sinc e th e model-base d pla n verifie r  use s th e spa -
tia l  mode l  t o evaluat e a  path-pla n befor e report -
in g i t  t o th e user ,  thi s updatin g o f  th e mode l  help s 
th e syste m avoi d makin g th e sam e mistak e i n fu -
tur e plannin g tasks . 

Performance Evaluation 

Route r  i s a  full y  operationa l  syste m writte n i n 
C o m m on Lisp .  Route r  perform s path-plannin g 
i n tw o type s o f  geographica l  spaces :  urba n area s 
and buildin g interiors .  I t  contain s spatia l  mod -
el s o f  th e Georgi a Tec h campu s an d (th e first 
floor  of )  th e Colleg e o f  Computin g buildin g o n th e 
campus.  Th e followin g dat a pertain s t o Router' s 
plannin g performanc e o n th e representatio n o f 
th e Georgi a Tec h campus . 

The street s i n Router' s mode l  for m 17 5 
intersection s an d ar e organize d i n a  5-leve l 
neighborhood-subneighborhoo d hierarchy .  Thi s 
makes fo r  a  tota l  o f  15,28 2 distinc t  problem s tha t 
th e syste m ca n solve .  W e hav e teste d Route r  o n 
more tha n 5 0 sequence s o f  3 2 path-plannin g prob -
lem s each .  I n eac h sequence ,  th e syste m starte d 
wit h n o case s i n it s memor y bu t  acquire d the m 
as i t  solve d ne w problems .  Th e system' s perfor -
mance ca n b e characterize d a s follows : 
(1 )  Fo r  sequence s i n whic h path-plannin g prob -
lem s ar e presente d i n rando m order .  Router' s 
modalit y o f  reasonin g shift s quit e smoothl y fro m 
model-base d t o case-based .  Tha t  is ,  fo r  th e first 
fe w problem s i t  use s th e model-base d metho d fo r 
pat h plannin g an d chunk s th e solution s int o cases . 
As th e numbe r  o f  case s i n it s memor y increases , 
i t  graduall y start s usin g th e case-base d metho d 
fo r  plannin g ne w paths . 
(2 )  Th e type s o f  problem s (fo r  instance ,  problem s 
involvin g tw o subneighborhood s versu s problem s 
involvin g onl y a  singl e neighborhood) ,  th e lengt h 
of  th e path s planned ,  an d th e sequenc e i n whic h 
th e path s ar e planne d an d stored ,  al l  affec t 
Router' s subsequen t  performance .  Proble m se -
quence s whic h begi n wit h intra-neighborhoo d 
path-plannin g problem s an d the n abruptl y switc h 
t o inter-neighborhoo d problem s d o no t  provid e a 
usefu l  se t  o f  case s fo r  solvin g late r  problems .  Fo r 
suc h proble m sequences .  Route r  doe s no t  displa y 
th e smoot h shif t  fro m model-base d t o case-base d 
plannin g discusse d above . 
(3 )  O n average ,  cas e retrieva l  an d adaptatio n i n 
Route r  i s  computationall y les s costl y tha n model -
base d path-planning .  Thu s th e system' s aver -
age performanc e improve s a s th e numbe r  o f  case s 
i n it s memor y increases .  Also ,  th e qualit y o f 
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solution s generate d b y th e case-base d planne r 
appear s comparabl e t o tha t  o f  solution s gener -
ate d b y th e model-base d planner .  Thi s verifie s 
Router' s belief e regardin g th e usefulnes s o f  th e 
tw o methods . 
(4 )  Route r  i s abl e t o updat e it s spatia l  mode l  i n 
respons e t o use r  feedbac k o n th e failur e o f  a  path -
plan .  I n addition ,  i t  use s th e update d mode l  fo r 
solvin g ne w problems ,  verifyin g propose d solu -
tions ,  an d thu s avoidin g pas t  mistakes . 

Discussion 

Th e issu e o f  th e origi n o f  case s i s centra l  t o case -
base d model s o f  h u m a n proble m solving .  On e 
metho d fo r  acquirin g case s i s t o chun k th e solu -
tion s generate d b y a  wea k nonlinea r  planner ,  a s 
i s don e i n Prodigy .  Ou r  wor k o n Route r  show s 
tha t  a  model-base d planne r  ca n als o provid e so -
lution s tha t  ca n b e chunke d int o cases .  I t  show s 
tha t  th e choic e o f  alternativ e plannin g method s 
i s no t  restricte d t o wea k method s lik e thos e use d 
by Prodig y bu t  m a y involv e stronge r  (knowl -
edge rich )  method s suc h a s model-base d planning . 
Further ,  th e conten t  o f  a  cas e i n Prodig y consist s 
of  a  goal ,  a  pla n an d th e derivatione d trace .  I n 
contrast ,  th e conten t  o f  a  cas e i n Route r  consist s 
of  a  goal ,  a  pla n fo r  achievin g it ,  an d feedbac k o n 
th e outcom e o f  th e pla n i n th e world . 

Of  course ,  w e ar e no t  claimin g tha t  human s 
begi n wit h complet e o r  correc t  model s an d the n 
acquir e case s throug h model-base d planning .  I n 
our  genera l  theory ,  model s an d Ccise s coexis t  an d 
complemen t  on e another .  Give n a  partia l  model , 
model-base d plannin g ca n hel p t o acquir e ne w 
cases .  O n th e othe r  hand ,  give n a  se t  o f  cases , 
th e agen t  m a y generaliz e t o for m a  menta l  mode l 
of  th e navigatio n space .  I n a  siste r  projec t  calle d 
Autognosti c w e ar e studyin g ho w model s evolv e 
fro m generalizatio n ove r  case s (Strouli a &  Goel , 
1992) . 

Our  ide a o f  combinin g case-base d an d model -
base d reasonin g originate s fro m earlie r  wor k o n 
th e Kriti k  system ,  whic h model s desig n proble m 
solvin g (Goel ,  1991) .  Kritik' s case s ar e design s o f 
device s suc h a s electri c circuit s an d hea t  exchang -
ers .  Eac h cas e contain s a  mode l  o f  th e wa y th e 
device' s structura l  component s produc e it s out -
put  behaviors .  Give n a  ne w problem ,  Kriti k  look s 
fo r  a  simila r  cas e i n memor y an d redesign s i t  b y 
adaptin g i t  t o th e ne w problem' s specification . 
Th e case-specifi c  model s hel p th e syste m i n di -
agnosin g an d adaptin g ol d design s t o satisf y ne w 
specifications . 

I n cognitiv e model s o f  proble m solving ,  suc h 
as Prodigy ,  tha t  combin e case-base d method s 
wit h othe r  method s suc h a s means-end s analysis , 
onl y on e metho d i s  use d t o solv e a  give n prob -
lem .  Tha t  is ,  whil e thes e model s us e means-end s 
analysi s t o generat e solution s an d acquir e cases , 
means-end s analysi s play s n o othe r  functiona l  rol e 
i n case-base d proble m solving .  I n contrast ,  ou r 
wor k o n Route r  show s ho w menta l  model s ca n 
(an d do )  pla y severa l  role s i n additio n t o gener -
atin g cases .  Fo r  example .  Router' s spatia l  mode l 

als o provide s a  schem e fo r  indexin g th e cas e m e m-
ory ,  fo r  adaptin g retrieve d case s t o solv e ne w 
problems ,  an d fo r  verifyin g planne d paths .  Per -
hap s mor e importantly .  Route r  show s h o w sim -
pl e meta^reasonin g ca n b e use d t o opportunisti -
call y selec t  a  metho d durin g reasonin g s o tha t 
one metho d i s use d t o solv e on e par t  o f  a  prob -
le m an d anothe r  metho d i s use d t o solv e anothe r 
part .  Thi s result s i n th e dynami c interleavin g o f 
multipl e methods . 
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