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I n t e g r a t i n g F e a t u r e E x t r a c t i o n a n d M e m o r y S e a r c h 

Chr istophe r  O w e n s 

D e p a r t m e n t  o f  C o m p u t e r  Sc ienc e 

Yal e Universit y 

Reasonin g fro m prio r  experienc e depend s upo n havin g a  larg e memor y o f  prio r 

case s an d a  syste m fo r  retrievin g the m whe n the y ar e relevant .  Often ,  relevanc e mean s 

similarit y t o th e curren t  situatio n o n th e basi s o f  abstrac t  o r  themati c feature s othe r 

tha n th e feature s use d t o initiall y  describ e th e curren t  situation .  T o retriev e case s 

relevan t  t o som e ne w situation ,  a  syste m mus t  b e abl e t o describ e th e ne w situatio n i n 

abstrac t  term s an d us e tha t  descriptio n a s a  searc h ke y o r  a s a  mean s t o judg e th e 

appropriatenes s o f  prio r  cases .  Typically ,  th e abstrac t  descriptio n proces s ha s bee n 

considere d a s separat e fro m th e memor y searc h process .  Thi s pape r  present s a  schem e 

fo r  integratin g th e featur e extractio n an d memor y searc h processe s an d argue s i n favo r 

of  suc h a n approac h o n methodologica l  an d efficienc y grounds .  I t  present s a  progra m 

tha t  exploit s parallelis m t o contro l  som e o f  th e hig h processin g cost s associate d wit h 

featur e extractio n an d memor y search . 

RETRIEVAL AND ABSTRACT FEATURES 

Recent work has suggested that a good approach to planning and problem-solving situations is 

fo r  a  syste m t o ge t  reminde d o f  specifi c  prio r  experience s an d t o reaso n base d upo n th e 

similaritie s an d difference s betwee n tha t  prio r  experienc e an d th e curren t  problem .  Fo r  example , 

case-base d reasoner s suc h a s thos e describe d b y [Simpson ,  85] ,  [Hammond ,  86] ,  [Sycara ,  87] , 

[Kolodner ,  87 ]  an d [Ashle y an d Rissland ,  87 ]  an d analogica l  reasoner s suc h a s thos e describe d b y 

[Carbonel l  an d Veloso ,  88] ,  [Winston ,  80 ]  an d elsewher e fundamentall y rel y upo n a  larg e an d 

richly-indexe d memor y o f  experience s couple d wit h som e mechanis m fo r  recallin g th e righ t 

memory a t  th e righ t  time . 

For  analogica l  reasonin g o r  case-base d reasonin g system s t o wor k well ,  the y mus t  b e abl e t o 

retriev e memorie s o f  prio r  experience s tha t  bea r  som e interestin g similarit y t o a  give n ne w 

proble m o r  situation .  Th e ke y her e i s interestin g similarity :  recallin g a  prio r  cas e onl y help s a 

reasone r  t o th e degre e t o whic h tha t  prio r  cas e share s som e importan t  functiona l  o r  causa l 

characteristic s wit h th e curren t  problem .  If ,  fo r  example ,  a  sho p schedule r  i s tryin g t o expedit e 

th e productio n o f  a  particula r  par t  b y havin g tw o machine s wor k o n i t  a t  th e sam e time ,  prio r 

case s i n whic h i t  successfull y o r  unsuccessfull y trie d t o spee d u p productio n migh t  b e useful ,  a s 

migh t  prio r  case s i n whic h i t  trie d t o us e thos e tw o machine s together .  Bu t  prio r  case s involvin g 

th e manufactur e o f  clas s 7 B flange s a t  3:3 0 o n Tuesda y afternoon s whil e i t  wa s 7 8 degree s i n th e 

shop an d whil e machin e 4  wa s workin g o n a  typ e 2 C bracke t  assembly ,  althoug h the y hav e al l 

thes e fact s i n common wit h th e curren t  situation ,  ar e likel y t o she d littl e ligh t  o n th e curren t 

problem .  Althoug h th e similaritie s betwee n thos e case s an d th e curren t  on e ar e numerous ,  the y 

simpl y don' t  bea r  upo n th e proble m tha t  th e schedule r  i s tryin g t o solve . 
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H ow t o characteriz e 

Th e proble m i s describin g o r  characterizin g th e curren t  problem .  Onc e a  syste m i s abl e t o 

describ e th e situatio n presente d above ,  fo r  example ,  a s "tryin g t o si)ee d u p productio n b y 

schedulin g multipl e agent s t o wor k o n th e sam e jo b a t  th e sam e time, "  i t  migh t  b e reminde d o f 

some case s wher e thi s pla n worke d an d som e wher e i t  di d not ,  perhap s becaus e tw o machine s 

wer e tryin g t o perfor m incompatibl e tasks ,  o r  perhap s becaus e the y go t  i n eac h others '  way . 

Analyzin g th e difference s betwee n thes e pas t  case s an d th e curren t  situatio n migh t  indicat e 

whethe r  o r  no t  th e pla n wa s a  goo d idea ;  i t  migh t  als o sugges t  additiona l  plannin g step s tha t 

migh t  b e necessar y t o anticipat e an d avoi d failures .  Th e machines '  action s migh t  b e coordinated , 

fo r  example ,  t o preven t  som e ba d interaction . 

But  ho w ca n a  syste m deriv e tha t  kin d o f  description ? No t  onl y wa s thi s characterizatio n o f  th e 

situatio n no t  presen t  i n th e origina l  o r  "perceptual "  description ,  bu t  i t  i s  als o impossibl e t o deriv e 

fro m an y boolea n combinatio n o r  weightin g o f  ra w perceptua l  features .  I f  th e feature s availabl e t o 

th e sho p schedule r  consiste d o f  a  se t  o f  reading s fro m instrument s an d sensor s aroun d th e sho p 

plu s a  lis t  o f  wha t  machin e wa s workin g o n wha t  part ,  n o weightin g o r  boolea n combinatio n o f 

thes e feature s woul d ge t  u s th e reminding s w e wante d i n th e prio r  example .  "Machin e 4  an d 

Machin e 8  bot h workin g o n th e s a m e part "  i s  a  descriptio n tha t  canno t  b e s o derived .  "Tw o 

machine s workin g o n th e sam e part "  eve n mor e so . 

So a n effectiv e cas e retrieve r  mus t  no t  onl y fac e th e proble m o f  choosin g whic h feature s o f  a  give n 

situatio n descriptio n ar e relevan t  retrieva l  cue s i n th e contex t  o f  thi s situation ,  i t  als o mus t 

extrac t  o r  deriv e som e abstrac t  feature s tha t  ar e no t  initiall y  presen t  i n tha t  description ,  s o tha t 

thos e abstrac t  feature s ca n b e use d a s searc h key s o r  a s par t  o f  similarit y metrics .  Th e tas k o f 

extractin g thos e features ,  o r  o f  characterizin g th e curren t  situation ,  i s  a n inseparabl e par t  o f  th e 

tas k o f  m e m o r y searc h an d shoul d b e s o considere d theoretically .  M e m o r y i s no t  jus t  th e proces s 

of  startin g fro m som e descriptio n o f  th e inpu t  an d usin g i t  t o search .  A  theor y o f  memor y mus t 

includ e a  theor y o f  ho w tha t  descriptio n i s derived . 

EXTRACTION AND SEARCH 

Much work in AI memory has either explicitly or implicitly separated the task of deriving 

abstrac t  description s fro m th e tas k o f  actuall y searchin g m e m o r y fo r  object s tha t  matc h thos e 

abstrac t  descriptions ,  an d hav e focuse d o n th e latter .  Fo r  example ,  muc h progres s ha s bee n mad e 

i n th e memory-base d reasonin g paradig m (se e [Stanfil l  an d Waltz ,  88]) .  Connectionis t 

approaches ,  too ,  ar e ver y goo d a t  decidin g ho w t o weigh t  feature s t o measur e cas e similarity ,  bu t 

the y d o no t  dea l  wit h th e proble m o f  ho w ra w dat a get s turne d int o set s o f  feature s i n th e firs t 

place ,  no r  d o the y dea l  wit h h o w ne w feature s ca n b e learned .  S o m e system s ar e buil t  o n th e 

assumptio n tha t  inpu t  case s com e alread y describe d i n th e sam e representationa l  languag e a s wa s 

use d t o describ e th e case s alread y i n memory ,  s o tha t  syntacti c mean s ca n b e use d t o measur e 

similarity .  Thi s ha s bee n a  necessar y assumptio n t o allo w wor k t o procee d o n th e mechanic s o f 

m e m o ry organizatio n an d search ,  bu t  i t  beg s a  questio n tha t  full-fledge d memory-base d system s 

wil l  hav e t o face :  H o w ar e feature s extracte d fro m ra w input ? 

Give n tha t  mechanism s ar e availabl e t o d o retrieva l  an d matchin g base d o n weighte d vector s o f 

features ,  i t  i s  temptin g t o sa y tha t  som e kin d o f  parsin g o r  featur e extractio n proces s shoul d b e 
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run over the data to extract the abstract features and weight them, and that then the original 

and derive d feature s shoul d subsequentl y b e use d a s inpu t  t o th e retrieva l  process .  Bu t  thi s 

approac h i s problemati c fo r  severa l  reasons . 

Complexity of "parsing" 

One problem with this approach is that "parsing" or abstract feature extraction, can be arbitrarily 

comple x whe n attempte d bottom-up .  Althoug h feature s lik e "multipl e machine s workin g o n th e 

same part "  a s describe d abov e ar e quickl y an d easil y calculabl e fro m input ,  other s m a y b e muc h 

les s so .  Ther e m a y b e a n arbitraril y  larg e numbe r  o r  abstrac t  feature s tha t  on e migh t  potentiall y 

want  t o deriv e fro m input ,  an y o f  the m potentiall y  arbitraril y  costl y t o infer .  Sinc e th e featur e 

extractio n proces s doe s no t  kno w wha t  i s i n memor y an d ho w memor y i s organize d an d searched , 

i t  migh t  expen d inferentia l  cos t  o n extractin g feature s fro m th e inpu t  tha t  d o no t  tur n ou t  t o b e 

particularl y usefu l  indices .  I t  i s  clea r  tha t  w e don' t  wan t  t o extrac t  al l  possibl e abstrac t  feature s 

befor e searchin g memory ,  w e jus t  wan t  t o ge t  som e reasonabl e se t  o f  them . 

Unfortunately ,  decidin g wha t  constitute s a  reasonabl e se t  o f  abstrac t  feature s fro m a  particula r 

episod e require s havin g a n abstrac t  themati c understandin g o f  tha t  episode ,  whic h i s th e ver y 

proble m w e wer e tryin g t o solv e i n th e firs t  place .  Ther e i s a  methodologica l  circularit y t o thi s 

approach .  W h a t  proces s ca n provid e thi s abstrac t  themati c understanding ? On e tha t  relie s o n 

retrievin g relevan t  cases ? 

Features not static 

A second problem is that the set of abstract features that one might need to extract is not static, 

but  depend s upo n th e se t  o f  case s i n memory .  Th e feature s tha t  on e need s ar e th e one s tha t 

describ e th e similaritie s an d difference s betwee n th e variou s case s i n memory .  A s th e se t  o f  case s 

changes ,  s o mus t  th e se t  o f  abstrac t  features .  W h e n ne w case s ar e adde d t o memory ,  separat e 

step s mus t  b e performe d t o selec t  indexin g feature s fo r  discriminatin g amon g thos e ne w object s 

and t o develo p procedure s fo r  extractin g thos e feature s fro m input .  W h e n a  ne w indexin g featur e 

i s learned ,  al l  object s i n memor y mus t  b e reexamine d t o determin e whethe r  o r  no t  the y embod y 

tha t  feature ;  thos e tha t  d o mus t  b e appropriatel y re-indexed . 

Expressing retrieval goals 

A third important design consideration for case memories is that there is no one correct or closest 

matc h i n memor y t o a  give n ne w experience .  W h a t  constitute s a  goo d matc h depend s upo n th e 

goal s o f  th e syste m processin g th e ne w event .  Differen t  retrieva l  goal s wil l  yiel d differen t 

remindings ,  an d i t  i s  importan t  tha t  a  retrieva l  schem e b e abl e t o tak e int o accoun t  th e system' s 

retrieva l  goals . 

An exampl e o f  thi s ca n b e foun d i n th e discussio n o f  th e S W A L E case-base d explaine r  syste m 

([Schank ,  86] ,  [Kas s an d Owens ,  88] ,  [Leake ,  88]) .  On e o f  th e example s th e syste m wa s calle d 

upo n t o explai n wa s th e deat h o f  Swale ,  a  three-year-ol d rac e hors e w h o die d mysteriously ,  on e 

week afte r  winnin g th e prestigiou s Belmon t  Stake s race . 

W h at  constitute s a  satisfactor y explanatio n o f  thi s kin d o f  exampl e depend s upo n th e goal s o f  th e 

explainer .  Therefore ,  th e kin d o f  remindin g (an d therefor e th e abstrac t  descriptio n o f  Swale' s 
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death) that is appropriate depends on the goals of the explainer as well. An insurance examiner, 

fo r  example ,  migh t  b e reminde d o f  th e cas e o f  a  valuabl e paintin g tha t  mysteriousl y disappeare d a 

yea r  eai-lier ,  i n wha t  turne d ou t  t o b e a  fak e burglar y stage d b y th e owne r  t o collec t  th e insuranc e 

money.  A  veterinaria n migh t  b e reminde d o f  th e co w tha t  mysteriousl y die d th e previou s wee k 

an d begi n investigatio n t o se e i f  th e medica l  cause s wer e th e same .  A  racin g examine r  migh t  b e 

reminde d o f  othe r  case s o f  on e competito r  tryin g t o disabl e anothe r  an d migh t  suspec t  th e owner s 

of  Swale' s competitors .  A  gamble r  migh t  b e reminde d o f  othe r  example s o f  a n odds-o n favorit e 

suddenl y bein g disable d o r  otherwis e remove d fro m competition .  Eac h o f  thes e individual s wil l 

retriev e differen t  reminding s fro m memor y becaus e eac h ha s describe d Swale' s deat h i n differen t 

terms .  Eac h descriptio n i s equall y correct ,  bu t  eac h lead s t o a  differen t  pat h o f  explanator y 

reasoning . 

I t  i s  difficul t  t o accoun t  fo r  thes e difference s i n retrieva l  wit h a  syste m tha t  separate s featur e 

extractio n fro m th e res t  o f  memory .  I t  i s  unreasonabl e t o assum e tha t  veterinarians ,  insuranc e 

adjuster s an d gambler s hav e totall y differen t  processe s fo r  extractin g feature s fro m situations .  I t 

i s  possibl e tha t  th e difference s coul d b e accounted  fo r  b y som e proces s tha t  map s retrieva l  goal s 

t o predictiv e features ,  a s discusse d b y [Step p an d Michalski ,  86 ]  o r  [Scifert ,  88] .  Thi s coul d b e 

use d t o weigh t  th e importanc e o f  feature s dependin g upo n ho w relevan t  the y wer e t o th e curren t 

set  o f  retrieva l  goals .  Bu t  thi s approac h leave s unanswere d th e questio n o f  ho w retrieva l  goal s an d 

predictiv e feature s ar e linke d together . 

A mor e satisfyin g explanatio n o f  th e difference s i n ho w th e individual s abov e explaine d th e sam e 

even t  i s tha t  abstrac t  featur e extractio n i s drive n b y th e cas e librarie s o f  eac h o f  thes e individuals . 

Th e veterinaria n ha s a  larg e cas e librar y o f  anima l  disease s an d consequentl y describ e th e even t  i n 

term s o f  feature s tha t  ca n discriminat e amon g thes e cases .  Likewis e a n insuranc e examine r  i s 

discriminatin g amon g a  second ,  differen t  librar y o f  cases ,  an d a  gamble r  amon g a  third .  Eac h o f 

thes e individual s extracts ,  fro m th e story ,  th e feature s necessar y t o discriminat e amon g th e case s 

i n hi s o w n memory .  Eac h individua l  ca n b e usin g th e sam e kin d o f  mechanis m t o extrac t  abstrac t 

feature s fro m concret e description s o f  situations ,  bu t  tha t  mechanis m i s bein g drive n b y a 

differen t  cas e librar y i n eac h case ,  an d s o result s i n a  differen t  se t  o f  feature s bein g extracted ,  a 

differen t  cas e retrieved ,  an d a  differen t  explanatio n generated . 

INTEGRATING EXTRACTION WITH RETRIEVAL 

Some of these issues can be addressed by integrating feature extraction and case retrieval as much 

as possible .  Instea d o f  tryin g t o extrac t  al l  possibl e abstrac t  feature s fro m inpu t  an d the n usin g 

tha t  se t  o f  feature s a s a  retrieva l  cue ,  a  syste m ca n allo w featur e extractio n an d memor y searc h t o 

procee d incrementally .  Eac h tim e a  ne w featur e i s extracte d fro m th e inpu t  i t  change s th e poo l  o f 

candidat e case s tha t  migh t  appl y t o th e curren t  situation ;  eac h tim e th e poo l  o f  candidate s 

change s i t  suggest s differen t  feature s tha t  shoul d b e extracte d fro m inpu t  t o tr y t o discriminat e 

a m o ng th e candidates . 

Playing "20 questions" 

The model for this approach is that, rather than the front-end or feature extraction portion of the 

syste m tellin g m e m o r y wha t  th e inpu t  cas e look s lik e an d the n memor y comin g u p wit h a  match , 
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memory is now playing a game of "20 questions" witli the feature extraction process, asking for 

feature s a s i t  need s the m t o discriminat e amon g it s know n cases .  Sinc e featur e extractio n i s 

expensive ,  memor y i s tryin g t o as k a s fe w "questions "  a s possible ;  seekin g m a x i m u m payof f  fo r  it s 

inferentia l  cos t  wit h eac h question .  Th e issu e t o resolv e i s ho w memor y shoul d decid e wha t 

questio n t o as k next . 

The simples t  an d leas t  interestin g wa y t o pla y "2 0 questions "  i s vi a a  discriminatio n tree ,  th e tre e 

i s balanced ,  th e progra m ca n choos e th e correc t  matc h fro m amon g n  case s b y askin g abou t 

log(n )  features .  Bu t  th e proble m wit h usin g thi s approac h a s a  mode l  fo r  cas e retrieva l  i s  tha t  a 

discriminatio n tre e i s a  stati c object .  I t  mus t  b e se t  u p a t  th e tim e th e syste m i s built ,  and , 

althoug h i t  ca n b e modifie d b y addin g case s an d ne w discriminatin g features ,  i t  i s 

computationall y expensiv e t o reorganize .  Reorganizin g a  tre e dynamicall y fo r  eac h quer y i s 

prohibitivel y expensive ,  s o takin g int o accoun t  changeabl e item s lik e retrieva l  goal s i s difficult . 

Furthermore ,  a  tree-base d retrieva l  algorith m wil l  hav e difficult y i f  i t  ask s th e featur e extractio n 

proces s fo r  a  particula r  featur e an d receive s th e answe r  " I  don' t  know "  o r  "That' s to o expensiv e 

t o calculate. "  W h a t  a n integrate d approac h t o featur e extractio n an d memor y searc h need s i s a 

mor e flexible  an d dynami c wa y o f  playin g "2 0 questions" . 

The objec t  i s  t o as k abou t  th e featur e tha t  offer s th e mos t  informatio n conten t  fo r  th e leas t 

inferentia l  cost ,  subjec t  t o th e curren t  retrieva l  goal s o f  th e system .  Par t  o f  thi s proble m i s 

difficult :  ther e i s n o goo d wa y o f  calculatin g a  prior i  th e difficult y o f  inferrin g an y give n feature . 

The bes t  on e ca n d o i s t o remembe r  ho w difficul t  i t  ha s bee n i n th e pas t  t o determin e th e 

presenc e o r  absenc e o f  tha t  featur e an d us e tha t  cos t  a s a n estimate .  Barrin g an y othe r 

information ,  on e ca n mak e th e erroneou s bu t  necessar y simplifyin g assumptio n tha t  al l  abstrac t 

feature s ar e equall y difficul t  t o extract . 

Fortunately ,  th e likel y utilit y  o f  a  featur e a s a  retrieva l  cu e i s mor e easil y estimable .  Th e simples t 

basi s i s tha t  o f  informatio n content .  A  featur e tha t  i s  presen t  i n o r  absen t  fro m al l  o f  a  give n se t 

of  candidate s i s no t  wort h extractin g fro m ne w input ,  becaus e i t  doe s no t  narro w dow n th e spac e 

of  candidat e matches .  O n th e othe r  hand ,  a  featur e tha t  i s  presen t  i n abou t  hal f  o f  th e candidat e 

case s i s wort h examinin g becaus e knowin g whethe r  o r  no t  i t  i s  presen t  i n th e ne w inpu t  cas e cut s 

th e poo l  o f  remainin g candidat e matche s i n half .  Accordingly ,  a n importan t  par t  o f  a n 

incrementa l  retrieva l  algorith m i s a  schem e fo r  suggesting ,  give n a  se t  o f  cases ,  feature s that ,  i f 

know n t o b e presen t  o r  absen t  i n th e inpu t  case ,  woul d discriminat e amon g them .  Thes e ar e th e 

feature s tha t  th e syste m shoul d tr y t o extrac t  fro m input .  Eac h tim e a  featur e i s extracte d i t  ca n 

be use d t o chang e th e member s o f  th e curren t  candidat e se t  o f  cases ;  eac h tim e th e se t  o f 

candidat e case s change s i t  woul d sugges t  a  ne w se t  o f  discriminatin g features . 

Parallel implementation 

The A N O N progra m i s a n attemp t  t o integrat e featur e extractio n an d memor y search .  I t  play s 

th e rol e o f  a  memor y i n servic e o f  a n overarchin g case-base d plannin g o r  explanatio n system .  It s 

behavio r  i s t o sugges t  feature s t o a n (external )  featur e extractio n process ,  and ,  base d upo n 

whethe r  eac h suggeste d featur e i s foun d t o b e present ,  absen t  o r  to o expensiv e t o infer ,  t o 

continuall y narro w a  se t  o f  candidat e case s unti l  eithe r  i t  finds  eithe r  on e cas e o r  a  grou p o f  case s 

tha t  d o no t  diffe r  i n thei r  causa l  implication s a  propo s th e curren t  problem .  It s cas e librar y i s a 

set  o f  abstrac t  knowledg e structure s characterizin g stereotypica l  pla n failur e situations .  Thes e 
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cases correspond to common advice-giving proverbs like too many cooks spoil the broth. (See 

[Dyer ,  82 ]  fo r  a  discussio n o f  th e relationshi p o f  proverb s t o stereotypica l  situations. ) 

A N O N 's memor y contain s abou t  100 0 o f  thes e proverbia l  cases .  I n a  ful l  plannin g syste m the y 

woul d b e represente d i n muc h mor e causa l  detai l  tha n ha s bee n don e t o date ,  bu t  th e purpos e o f 

thi s syste m i s t o explor e retrieva l  strategie s i n a  larg e cas e library .  A  for m fo r  deepe r  causa l 

representatio n fo r  thes e proverbia l  knowledg e structure s i s simila r  t o th e Explanatio n Pattern s 

(XPs )  describe d b y [Schank ,  86 ]  o r  [Kas s an d Owens ,  88] . 

Eac h cas e i s represente d o n on e processo r  o f  a  Connectio n Machin e paralle l  processo r  a s i s eac h 

know n indexin g feature .  Th e syste m operate s i n tw o alternatin g modes :  retrieva l  an d featur e 

suggestion . 

Retrieva l  m o d e consist s o f  movin g fro m a  se t  o f  feature s t o a  se t  o f  case s tha t  embod y thos e 

features .  Thi s i s don e b y instructin g th e desire d feature s t o broadcas t  t o th e case s tha t  embod y 

them ,  th e case s ca n the n b e ordere d accordin g t o ho w man y o f  th e desire d feature s the y embody . 

Th e mechanis m i s i n plac e her e t o assig n weight s t o th e feature s base d o n an y o f  th e criteri a 

discusse d above ;  th e progra m currentl y assume s equa l  weights .  Thi s kin d o f  retrieva l  i s  discusse d 

i n mor e detai l  b y [Stanfil l  an d Kahle ,  86] . 

Featur e suggestio n m o d e i s th e mor e importan t  mode ;  i t  i s  th e mean s whereb y th e syste m pick s 

th e nex t  featur e t o tr y t o extrac t  fro m input .  Th e ke y t o bein g abl e t o sugges t  feature s i s t o b e 

abl e t o examin e an y grou p o f  case s an d t o sugges t  a  featur e tha t  wil l  discriminat e amon g them . 

Thi s ca n b e don e wit h an y tw o case s jus t  b y comparin g th e feature s tha t  participat e i n thei r 

causa l  structure .  I f  th e case s sugges t  differen t  causa l  conclusion s the n ther e mus t  b e a  featur e i n 

thei r  causa l  structur e tha t  discriminate s betwee n them . 

Wi t h large r  group s o f  case s tha t  canno t  b e compare d individuall y wit h eac h other ,  th e paralle l 

implementatio n approximate s thi s featur e suggestio n behavio r  b y mean s o f  calculatin g 

representativeness .  T o find  ou t  ho w representativ e a  give n featur e i s o f  th e currentl y activ e 

candidat e pool ,  eac h processo r  correspondin g t o a  currentl y activ e candidat e cas e i s instructe d t o 

sen d a  messag e t o eac h processo r  correspondin g t o a  featur e tha t  i s  represente d i n tha t  case . 

Feature s ca n thu s b e ordere d o n th e basi s o f  ho w wel l  eac h represent s th e c o m m o n qualitie s o f  al l 

th e case s i n th e candidat e pool . 

Feature s tha t  ar e highl y representativ e o r  no t  a t  al l  representativ e o f  a  give n poo l  ar e no t  likel y t o 

be goo d discriminators :  the y ar e no t  wort h extractin g fro m th e ne w inpu t  cas e becaus e the y 

canno t  b e use d t o reduc e th e numbe r  o f  candidate s i n th e pool .  Feature s tha t  ar e representativ e 

of  abou t  hal f  th e candidate s i n a  pool ,  o n th e othe r  hand ,  ar e ver y goo d discriminators .  Thes e ar e 

th e feature s tha t  th e syste m suggest s tryin g t o infe r  next . 

Of  cours e simpl y countin g th e numbe r  o f  case s tha t  eac h featur e woul d inde x i s onl y th e crudes t 

possibl e us e o f  thi s calculatio n strategy .  Jus t  a s feature s ca n b e weighte d i n retrieva l  mode ,  case s 

ca n b e weighte d i n featur e suggestio n mode .  Representativenes s doe s no t  hav e t o b e determine d 

on th e basi s o f  numerica l  cas e counts ;  i t  ca n b e determine d o n th e basi s o f  weighte d cas e counts . 

T h e algorith m ca n b e use d t o selec t  feature s tha t  divid e th e poo l  o f  case s no t  i n half ,  bu t  i n hal f 

on a  weight-adjuste d basis .  Th e sourc e o f  thes e weight s ca n be ,  fo r  example ,  base d upo n feature s 

correlate d wit h th e retrieva l  goal s discusse d previously . 
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Feature s o f  thi s algorith m 

Sinc e thi s approac h use s th e content s o f  case s fo r  organizin g memor y an d require s n o separat e 

indexin g knowledge ,  i t  make s i t  eas y fo r  th e syste m t o accep t  ne w cases .  Sinc e th e case s 

themselve s sugges t  th e indexin g feature s tha t  woul d discriminat e betwee n themselve s an d othe r 

case s i n memory ,  th e ne w case s ar e include d i n th e nex t  memor y retrieva l  cycl e withou t  th e nee d 

t o perfor m an y explici t  reorganizatio n o r  re-indexing . 

Addin g ne w indexin g knowledg e t o existin g cases ,  o n th e othe r  hand ,  i s slightl y mor e 

complicated .  W h e n th e retrieva l  proces s encounter s tw o case s tha t  canno t  b e discriminate d fro m 

eac h other ,  tha t  indicate s tha t  on e o r  bot h o f  th e case s ar e no t  represente d i n enoug h detail . 

Currentl y th e syste m i s onl y abl e t o indicat e case s tha t  nee d thei r  degre e o f  detai l  enhanced ;  i t  i s 

not  abl e t o ad d detai l  t o a  cas e representation .  Th e intentio n i s t o ad d detai l  wheneve r  th e 

syste m i s unabl e t o discriminat e betwee n tw o case s i n memory ;  th e mechanis m fo r  doin g s o i s t o 

buil d a  causa l  explanatio n o f  th e differenc e betwee n th e case s an d us e th e feature s tha t 

participat e i n tha t  explanatio n a s ne w discriminatin g features . 

CONCLUSIONS 

No matter what kind of architecture one uses to accomplish the actual details of memory search, 

one mus t  mak e a  stron g commitmen t  t o th e ide a o f  abstrac t  features .  Th e case s o f  whic h on e 

want s t o b e reminde d ar e ofte n thos e tha t  shar e abstract ,  rathe r  tha n concret e o r  surface-leve l 

similarit y t o th e curren t  proble m situation .  Ofte n thes e abstrac t  feature s canno t  b e calculate d b y 

boolea n combinatio n o r  weighting s o f  th e concret e perceptua l  feature s an d mus t  therefor e b e 

derive d fro m complicate d an d difHcult-to-calculat e relationship s betwee n perceptua l  features . 

But ,  jus t  becaus e on e i s committe d t o th e ide a o f  abstrac t  feature s doe s no t  mea n tha t 

implementation s mus t  hav e a  featur e extractio n o r  parsin g proces s separat e fro m th e memor y 

searc h process .  Ther e i s n o reaso n wh y al l  possibl e abstrac t  feature s mus t  b e extracte d fro m th e 

inpu t  befor e th e searc h o f  memor y ca n begin .  I n fact ,  th e approac h o f  extractin g a  vecto r  o f 

abstrac t  feature s an d the n usin g tha t  whol e vecto r  a s a  searc h ke y i s to o costl y i n term s o f 

processin g resources .  Instead ,  a  mor e incrementa l  approac h tha t  let s th e content s o f  memor y 

determin e wha t  feature s nee d t o b e extracte d fro m inpu t  make s muc h bette r  utilizatio n o f  a 

system' s inferencin g power .  Thi s approac h control s th e complexit y o f  inference ,  expresse s retrieva l 

goal s a s a  functio n o f  th e case s alread y i n memory ,  an d ha s desirabl e propertie s wit h regar d t o 

th e reorganizatio n o f  memor y t o tak e int o accoun t  ne w experience s an d ne w indexin g features . 

Obviousl y thi s approac h doe s no t  solv e th e proble m o f  ho w t o recogniz e an y give n featur e i n 

input ;  tha t  i s  stil l  a n ope n question .  W h a t  i t  doe s accomplish ,  however ,  i s  t o sho w ho w a  syste m 

can hav e a  grea t  man y abstrac t  an d difficult-to-infe r  feature s a s par t  o f  it s  indexin g vocabular y 

withou t  havin g t o identif y th e presenc e o r  absenc e o f  eac h on e o f  the m ever y tim e i t  processe s a 

ne w piec e o f  input . 
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