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Abstract : 
The thesi s o f  thi s pape r  i s tha t  learnin g i s planful ,  goal-directe d activit y -  tha t  acquirin g knowledg e 

i s intentiona l  action .  I  presen t  evidenc e tha t  learnin g fro m one' s experience s require s makin g decision s 

abou t  wha t  i s wort h learning ,  regardles s o f  th e specifi c  mechanism s underlyin g th e learnin g o r  o f  th e 

degre e o f  consciousnes s o r  automaticit y o r  leve l  o f  effor t  o f  th e learning .  Decision s abou t  wha t  i s wort h 

learnin g ar e th e expression s o f  desire s abou t  knowledge .  I  the n sketc h a  theor y o f  whenc e desire s fo r 

knowledg e arise ,  ho w the y ar e represented ,  an d ho w the y ar e used .  A  taxonom y o f  learnin g action s i s 

als o proposed .  Thi s theor y ha s bee n partiall y  implemente d i n tw o compute r  models ,  whic h ar e briefl y 

described . 

Introduction 

The centra l  clai m o f  thi s pape r  i s tha t  learnin g i s planful ,  goal-directe d activit y -  tha t  acquirin g 

knowledg e i s intentiona l  action .  I f  true ,  thi s thesi s raise s th e relevanc e o f  bot h actio n psycholog y an d 

AI  plannin g t o theorie s o f  learning .  Actio n psycholog y (e.g .  Tolma n (1932 )  o r  Fres e &  Sabin i  (1985) )  i s 

base d o n th e idea s tha t  huma n behavio r  i s directe d toward s th e accomplishmen t  o f  goals ,  tha t  i t  i s 

directe d b y plans ,  tha t  thos e plan s ar e hierarchicall y arranged ,  an d tha t  backgroun d knowledg e an d 

th e environmen t  interac t  i n th e creatio n an d executio n o f  plan s fo r  th e guidanc e o f  action .  A s Fres e & 

Sabin i  observ e (p .  xxiii )  suc h a  vie w i s n o doub t  a  goo d mode l  o f  som e behavior s an d a  poo r  mode l  o f 

others .  Her e I  wil l  tr y t o demonstrat e tha t  thi s vie w play s a n importan t  rol e i n understandin g ho w 
peopl e an d machine s lear n fro m comple x experiences . 

Machine learning research has been dominated by the view that learning is a kind of search (see, e.g., 

Langley ,  Gennar i  &  Iba ,  1987) .  I  believ e tha t  plannin g form s a  bette r  foundatio n tha n searc h fo r 

learning .  I n AI ,  plannin g i s a  se t  o f  technique s fo r  selectin g an d combinin g action s t o achiev e explici t 

goals ;  see ,  e.g .  Sacerdoti ,  (1971 )  o r  Charnia k &  McDermot t  (1985) .  Th e A I  wor k originall y focuse d o n 

decomposin g abstrac t  goal s int o "primitive "  action s expecte d t o achiev e th e goa l  give n specifi c  resourc e 
limitation s (suc h a s tim e an d energy) .  I t  ha s sinc e evolve d t o conside r  issue s suc h a s uncertai n 

environments ,  managin g comple x actio n ove r  time ,  revisin g plan s durin g thei r  execution ,  takin g 

advantag e o f  unexpecte d opportunities ,  avoidin g unexpecte d danger s (Bimbau m 1986) ,  an d "situating " 

th e planne r  i n th e environmen t  generall y (Chapma n 1985) .  Th e goal s an d action s considere d i n A I 

plannin g ar e grounde d i n th e physica l  world .  Domain s tackle d b y A I  planner s thu s fa r  includ e stackin g 

blocks ,  schedulin g deliveries ,  creatin g recipes ,  suggestin g battl e tactics ,  an d man y others .  Applyin g 

thi s researc h t o th e tas k o f  learnin g require s mappin g wor k o n plannin g i n physica l  domain s ont o 

plannin g i n menta l  domains .  Tha t  is ,  a  theor y o f  plannin g t o lear n mus t  describ e th e origin s an d natur e 
of  goal s t o learn ,  th e action s tha t  ca n b e take n t o learn ,  th e menta l  an d physica l  resource s thos e action s 

conten d for ,  th e aspect s o f  th e environmen t  tha t  a  learne r  mus t  tak e int o accoun t  whe n planning ,  an d a 

proces s fo r  selectin g amon g an d combinin g action s t o accomplis h th e goals ,  give n limite d resource s an d 

th e embeddin g o f  th e learne r  i n it s environment .  Thi s pape r  sketche s suc h a  theory . 

Learning Requires Decision-making 

What  i s th e evidenc e tha t  learnin g i s goa l  driven ? Ther e ar e severa l  convergin g line s o f 

argumentation .  Th e simples t  i s  th e widesprea d us e o f  goal/pla n languag e b y peopl e discussin g th e 

acquisitio n o f  knowledge .  "Inquirin g mind s wan t  t o know, "  "prerequisite s fo r  courses, "  an d "researc h 

strategies "  ar e reference s t o goals ,  actio n precondition s an d plan s (respectively )  fo r  gainin g knowledge . 

Peopl e ca n easil y enumerat e man y differen t  kind s o f  plan s fo r  learning ,  an d th e situation s i n whic h 

the y ar e appropriate .  Som e genera l  example s o f  commo n plan s t o lear n include :  as k a n expert ,  loo k i t 

up i n a  book ,  watc h fo r  i t  i n th e newspaper ,  tr y i t  yoursel f  an d see ,  wai t  unti l  i t  happen s again ,  o r  eve n 

ru n a  scientifi c  experiment .  Peopl e ar e als o capabl e o f  generatin g a  variet y o f  ver y specifi c  knowledg e 

acquisitio n plan s fo r  commonl y occurrin g knowledg e acquisitio n goa l  types .  Fo r  example ,  whe n aske d 

ho w t o fin d Marvi n Minksy' s hom e phon e number ,  on e perso n suggeste d seve n differen t  potentia l  plans : 

tr y Bosto n director y assistance ,  cal l  M I T an d as k i n th e C S department ,  as k som e othe r  senio r  A I 
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researcher ,  tr y th e A A A I  membershi p directory ,  sen d hi m email ,  as k th e reporte r  wh o interviewe d 

hi m fo r  Scienc e recently ,  o r  cal l  th e publishe r  o f  Societ y o f  Min d an d as k them .  H e wa s als o abl e t o 

rat e th e likelihoo d o f  succes s o f  eac h o f  thes e plans ,  an d coul d sugges t  genera l  principle s abou t  ho w t o 

get  simila r  informatio n i n variou s circumstances .  Th e widesprea d us e o f  goal/pla n languag e i n 

describin g learning ,  an d th e abilit y  o f  f)eopl e t o easil y generat e plan s whe n give n statement s o f  desire d 

knowledg e is ,  fo r  now ,  merel y anecdotal .  A  stronge r  lin e o f  argumen t  come s fro m a n analysi s o f  th e 

combinatoric s o f  inductiv e learnin g fro m comple x experience . 

Inductive inference is limited in at least two ways. First, a recent proof by Deitterich (1989) 

demonstrate d tha t  learnin g algorithms ,  ver y broadl y defined ,  ca n evaluat e onl y a  smal l  proportio n o f 

th e hypothese s compatibl e wit h th e experience s the y have .  Tha t  is ,  ther e ar e fa r  mor e hypothese s 

consisten t  wit h experienc e tha n ca n b e distinguishe d amon g usin g tha t  experience .  A  brie f  sketc h o f  th e 

proo f  i s a s follows :  Conside r  inferentia l  effor t  require d t o lear n fro m experience ,  eve n i n th e drasticall y 

simplifie d situatio n assume d i n th e PAC-learnablit y literatur e (Valien t  1984) .  Thi s simpl e tas k use d 

fo r  computationa l  complexit y analyses ,  involve s a  learne r  attemptin g t o induc e a  subse t  h  o f  th e se t  o f 

al l  Boolea n n-tuple s b y processin g m distinc t  examples ,  wher e a n exampl e i s a n n-tupl e labelle d a s t o 

it s membershi p i n h .  Ther e ar e 2^ ^  ''"• '  hypothese s tha t  ar e consisten t  wit h th e m example s see n s o far . 

That  is ,  eac h o f  th e 2"- m possibl e n-tuple s tha t  ar e no t  example s coul d b e i n h  o r  not .  Th e siz e o f  tha t 

hypothesi s spac e grow s doubl e exponentiall y  i n th e complexit y o f  th e experiences .  Informatio n i n th e 

experience s grow s onl y exponentiall y  i n thei r  complexity .  Learnin g b y searchin g a  spac e whos e siz e i s 

proportiona l  t o th e spac e o f  hypothese s consisten t  wit h experienc e i s therefor e intractable . 

The second problem with inductive algorithms stems from the fact that all known machine learning 

algorithm s requir e tim e proportiona l  t o th e numbe r  o f  feature s tha t  ca n appea r  i n thei r  inputs ,  tha t  is , 

th e numbe r  o f  feature s the y ca n "perceive. "  Learnin g system s tha t  tak e tim e dependen t  o n th e numbe r  o f 

p)erceptabl e feature s i n th e univers e wil l  b e unabl e t o accoun t  fo r  huma n behavior ,  an d ar e unlikel y t o 

be adequat e fo r  applyin g machin e learnin g t o desirabl e technologica l  task s (e.g .  analyzin g dat a fro m 

th e huma n genom e project) .  Thi s i s no t  t o sa y tha t  thes e algorithm s ma y no t  prov e t o explai n a  portio n 

of  huma n learning ,  bu t  alon e the y canno t  for m a  sufficien t  theory . 

To see how daunting the problem of learning algorithms that take time proportional to the complexity 

of  thei r  experience s is ,  conside r  th e complexit y o f  huma n experience .  A n orde r  o f  magnitud e estimat e o f 

th e amoun t  o f  afferen t  (incoming )  informatio n ca n b e sketche d easily :  approximatel y lO '̂̂ -lO^ ^  nerv e 

cell s i n th e body ,  conservativel y 1 % t o 1 0 % o f  the m sensor y nerves ,  eac h capabl e o f  carryin g betwee n 

100 an d 100 0 bit s pe r  second .  Combinin g t o fin d a  ver y conservativ e lowe r  bound ,  human s routinel y 

handl e a t  leas t  10^ ^  x  lO'̂ x 10^=10^ ^  bit s pe r  secon d a t  thei r  sensor y surface s ove r  thei r  entir e (waking ) 

lifetimes ,  an d quit e possibl y a s muc h a s 10^ ^  o r  mor e bit s pe r  second .  Ther e i s simpl y mor e informatio n 

availabl e i n human-lik e experienc e tha n inductiv e algorithm s ca n handle . 

Machine learning theories of induction are not generally proposed as cognitive models of human 

learnin g generall y (althoug h the y ar e sometime s advance d a s model s o f  categor y formatio n o r 

categorica l  perception) ,  an d thi s i s on e o f  th e reasons .  Th e computationa l  complexit y o f  searchin g th e 

hypothesi s spac e generate d b y experience s anywher e nea r  a s comple x a s huma n exp)erienc e woul d tak e 

computationa l  powe r  fa r  exceedin g eve n generou s estimate s o f  th e computationa l  powe r  o f  th e huma n 

brain .  An d sinc e p)eopl e us e extensiv e backgroun d knowledg e i n learning ,  th e complexit y o f  th e searc h 

spac e o f  i s furthe r  increase d b y th e interactio n betwee n experience s an d al l  o f  memory .  Schank ,  Collin s 

and Hunte r  (1986 )  argue d tha t  inductiv e categor y formatio n approache s fail s o n othe r  pragmati c 

ground s a s well . 

It is important to note here that parallelism does not provide a simple solution to these problems. The 

number  o f  hypothese s consisten t  wit h a  se t  o f  experience s grow s doubl e exponentiall y  i n th e complexit y 

of  th e experiences .  Straightforwar d parallelizatio n o f  th e searc h throug h thi s spac e woul d requir e a 

number  o f  processor s exponentia l  i n th e complexit y o f  input s t o mak e thi s eve n a n exponentia l  tim e task . 

For  comparison ,  curren t  artificia l  neura l  ne t  technolog y (e.g .  Rummelhart ,  McClellan d &  th e PD F 

group ,  1986) ,  typicall y use s a  numbe r  o f  processor s proportiona l  t o th e complexit y o f  th e inputs ;  ther e 

ar e typicall y fa r  fewe r  hidde n node s tha n inpu t  node s i n thes e networks ,  sinc e to o man y hidde n node s 

reduce s th e usefulnes s o f  th e learnin g thes e network s do . 

Since the hypothesis space generated by human-like experience is far too large to be searched, even 

sublinearly ,  an d al l  inductio n algorithm s tak e tim e dependen t  o n th e complexit y o f  thei r  inputs ,  wha t 
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can peopl e b e doin g whe n the y lear n fro m thei r  experiences ? Th e inescapabl e conclusio n i s tha t  the y 

must  someho w drasticall y restric t  th e spac e o f  hypothese s tha t  the y conside r  durin g learning .  H o w ? 

A key first step is the transformation of inputs to more compact representations of experience, capturing 

th e "important "  aspect s an d reducin g th e amoun t  o f  "irrelevant "  information .  Thi s proces s i s 

hardwire d perceptua l  processin g an d i s likel y t o b e automati c an d fas t  (Fodor ,  1985) .  However ,  eve n 

th e transforme d representationa l  spac e wil l  b e quit e larg e i n system s capabl e o f  human-lik e behavior . 

It  i s  simpl y th e cas e tha t  peopl e ar e sensitiv e t o a  ver y larg e numbe r  o f  potentiall y  relevan t  stimuli , 

and tha t  thi s larg e numbe r  o f  "features "  i s overwhelmin g t o know n learnin g algorithms .  S o wha t  ca n b e 

done t o restric t  th e siz e o f  thi s spac e t o manageabl e proportions ? 

Existing machine learning methods have restricted the size of this space by applying inductive biases, 

e.g .  Utgof f  (1986) ,  o r  b y a  prior i  limitation s o n th e structur e o f  th e hypothesi s space ,  through ,  fo r 

example ,  th e us e o f  decisio n tree s o r  neura l  networks .  Thes e approache s ca n b e considere d syntactic ,  i n 

tha t  the y constrai n th e for m o f  th e hypothese s considered ,  rathe r  tha n thei r  content . 

I propose that the method of restricting potentially learnable hypotheses for both people and effective 

machin e learnin g system s shoul d b e content-based .  Explici t  characterization s o f  desirabl e knowledg e 

provid e a  principle d metho d fo r  restrictin g th e real m o f  experienc e an d backgroun d knowledg e 

considere d i n learning ,  an d thereb y th e siz e o f  th e hypothesi s spac e tha t  mus t  b e considered .  Havin g 

goal s specifyin g wha t  (kin d of )  knowledg e i s desirabl e provide s a  significan t  advantag e fo r  system s 

tryin g t o lear n fro m ver y comple x experience . 

Why does having explicit knowledge acquisition goals provide an advantage? The idea is to exert the 

broades t  effectiv e top-dow n constrain t  o n th e spac e o f  possibl e concept s t o learn .  Bidirectiona l 

inference ,  i.e .  th e abilit y  t o us e top-dow n constraint s (i n thi s case ,  goals )  a s wel l  a s bottom-u p 

informatio n (here ,  processe d perceptua l  data) ,  i s  th e mos t  effectiv e know n techniqu e fo r  reducin g th e 

siz e o f  a  spac e tha t  ha s t o b e searche d t o fin d desire d concept s (Birnbau m 1986) . 

This claim is consistent with a large body of psychological research on goal direction in selection of 

focu s o f  attention ,  particularl y fro m socia l  psychology .  Zukier' s (1986 )  revie w concludes : 

"Experimenta l  studie s hav e clearl y demonstrate d tha t  a  perso n wil l  structur e an d proces s informatio n 

quit e differently ,  dependin g o n th e futur e us e h e o r  sh e intend s t o mak e o f  it .  Informatio n integratio n 

clearl y i s precede d b y future-oriente d decision-makin g processes ,  whic h guid e dat a selectio n an d th e 

choic e o f  a n appropriat e strateg y o r  mod e fro m amon g th e severa l  tha t  ar e available, "  (p .  495) . 

Hoffman, et al (1981) demonstrate that different goal orientations (e.g. "form an impression of a person 
i n th e followin g story "  o r  "remembe r  a s muc h a s yo u ca n fro m th e followin g story." )  ma y influenc e no t 

onl y t o th e us e o f  differen t  representations ,  bu t  als o th e selectio n an d us e o f  differen t  kind s o f 

informatio n processing .  Althoug h th e goa l  orientation s teste d i n tha t  wor k ar e quit e abstract ,  the y 

significantl y constrai n th e spac e o f  hypothese s consisten t  wit h th e experimenta l  materials .  Sru U & 

Wyer' s (1986 )  results ,  althoug h divergen t  i n importan t  respect s fro m thos e o f  Hoffman ,  e t  al ,  als o 

provid e evidenc e tha t  differen t  goa l  orientation s hav e a  stron g effec t  o n learning .  Thes e result s bea r  a n 

interestin g relationshi p t o th e on e o f  th e implication s tha t  Deitteric h (1989 )  draw s fro m hi s proo f 

abou t  machin e learnin g algorithm s (p .  128) : 

[DJifferent classes of learning problems may call for different learning algorithms. An 

importan t  proble m fo r  futur e researc h i s t o attemp t  t o identif y relationship s betwee n 

type s o f  learnin g problems.. .  an d type s o f  hypothesi s spaces... . 

That is, the combinatorics of learning require the selection of learning methods that are appropriate to 

particula r  kind s o f  problems ,  an d goa l  orientatio n clearl y effect s th e result s o f  learning .  Thi s 

convergenc e o f  evidenc e fro m bot h psychologica l  studie s an d fro m computationa l  complexit y analysi s i n 

machin e learnin g suggest s a  hypothesi s abou t  th e contro l  o f  learning :  Goal s abou t  wha t  woul d b e 

desirabl e t o lear n ar e centra l  t o makin g require d decision s abou t  wha t  an d ho w t o learn . 

Related Previous Research 

Othe r  cognitiv e theorie s hav e als o include d referenc e t o desire s fo r  knowledge ,  althoug h ther e ar e 

significan t  difference s betwee n thos e prio r  theorie s an d th e curren t  claims .  Fo r  example ,  conside r  th e 

D - K N OW (delta-knowledge )  clas s o f  goals ,  whic h ar e par t  o f  th e conceptua l  dependenc y 

representatio n propose d b y Schan k &  Abelso n (1977) .  The y ar e goal s t o "chang e knowledg e state, "  i.e . 
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t o lear n something .  Example s o f  D - K N O W goal s wer e t o fin d ou t  th e locatio n o f  foo d (i n orde r  t o g o t o 

i t  an d the n ea t  i t  )  o r  t o fin d ou t  th e pric e o f  a n ite m (i n orde r  t o bu y it) .  Th e generatio n o f  D - K N O W 

goal s wa s alway s tie d ver y specificall y t o a  physica l  supcrgoa l  (e.g .  satisf y hunger) ,  an d wer e no t 

mentione d i n th e author' s late r  theorie s o f  learnin g (e.g .  Schank ,  1982) .  Othe r  theories ,  particularl y 

fro m th e anima l  learnin g psycholog y literature ,  hav e propose d genera l  motivation s t o learn :  a  "wil l  t o 

perceive "  (Thorpe) ,  a  "motivatio n fo r  learning "  (Thacker) ,  an d a  "searc h b y a n informatio n hungr y 

organism "  (Pribra m -  al l  reporte d i n Livesey ,  1986 ,  p .  20-21) ,  bu t  thes e theorist s di d no t  propos e an y 

specifi c  desires ,  jus t  diffus e drives .  Socia l  psychologist s hav e use d variou s "goa l  orientations "  a s 

explanator y phenomen a i n theorie s o f  attention ,  recal l  an d judgement ,  whic h ar e clos e i n spiri t  t o th e 

goal s t o lear n propose d here .  However ,  socia l  psychologist' s  goa l  orientation s ar e generall y specifie d 

at  a  ver y abstrac t  leve l  (e.g .  "For m a n impression, "  o r  "mak e predictions") ,  an d a s Zukier' s (1986 ) 

revie w notes ,  "I n general ,  however ,  littl e systemati c researc h i s availabl e o n goa l  orientatio n i n 

inference ,  an d n o comprehensiv e taxonomie s o f  'middle-level '  o r  concret e goal s hav e emerge d fro m 

thes e studies. " 

Also related to the current claims is the work of Horvitz, et al, (1989). They present a calculus for 

decidin g whe n t o d o mor e inferenc e (versu s whe n t o act )  i n medica l  decisio n making .  Althoug h base d o n 

highl y idealize d function s fo r  estimatin g th e expecte d valu e o f  additiona l  inferenc e (i n thei r  model , 

inferenc e include s dat a gathering) ,  i t  provide s a n attemp t  t o mode l  content-base d decision s abou t  whe n 

i t  i s  worthwhil e t o acquir e knowledge .  Althoug h thei r  mode l  doe s no t  specif y wha t  i s wort h learning , 

i t  m a y b e usefu l  i n decidin g whethe r  i t  i s  wort h learnin g a t  all ,  potentiall y  reducin g th e siz e o f  th e 

potentia l  hypothesi s spac e t o zero .  Minto n (1988 )  als o propose s a  mode l  o f  judgin g whethe r  i t  i s  wort h 

learning ,  althoug h hi s mode l  involve s computin g th e effec t  o f  learnin g o n futur e performanc e afte r  th e 

new concep t  i s formed ,  an d i s henc e no t  usefu l  fo r  constrainin g th e hypothesi s space . 

Both failure-driven (e.g. Schank 1982) and success-driven (e.g. Dejong & Mooney, 1986) computer 

model s o f  learnin g posi t  ver y direc t  connection s betwee n experience s an d (implicit )  desire s t o learn .  I n 

thes e systems, ,  th e learnin g alway s take s plac e a t  th e tim e o f  th e failur e (o r  success) ,  an d anythin g ca n 

be learne d a t  tha t  tim e i s learned .  A  syste m tha t  plan s t o lear n ma y generat e learnin g goal s a s a  resul t 

of  a  succes s o r  failure ,  an d m a y (o r  ma y not )  b e abl e t o achiev e thos e goal s a t  tha t  time .  Th e rol e o f 

failur e (o r  success )  i n plannin g t o lear n system s i s t o identif y knowledg e tha t  i s wort h pursuing ,  no t 

(necessarily )  t o signa l  th e tim e whe n knowledg e ca n b e acquired ;  the y ar e failur e (o r  success ) 

motivated ,  no t  failur e (o r  success )  driven . 

In the remainder of this paper, I sketch a theory of the origins and uses of explicit goals about what to 

learn .  Som e aspect s o f  thi s theor y o f  knowledg e acquisitio n goal s an d knowledg e acquisitio n plannin g 

ar e presente d i n greate r  detai l  i n Hunte r  (1989,1990 a an d 1990b) . 

Learning Goals 

I n orde r  t o mak e learnin g computationall y feasible ,  learner s mus t  hav e goal s specifyin g wha t  the y 

wis h t o learn ,  whic h ar e use d t o constrai n th e spac e o f  possibl y inducibl e concepts .  H o w ar e thes e goal s 

represented ? Wher e d o the y com e from ? H o w d o the y influenc e th e learnin g process ? 

Desires about knowledge can be represented in at least two distinct ways. The first representational 

forma t  i s base d o n a  descriptio n o f  th e functio n tha t  th e desire d knowledg e wil l  fulfill .  Thes e ar e 

generall y state d a s "desire s t o kno w how, "  suc h a s th e desir e t o kno w ho w t o distinguis h betwee n 

mushroom s an d toadstools ,  o r  h o w t o recogniz e a  potentia l  goo d dea l  i n th e rea l  estat e ads .  Th e othe r 

representationa l  forma t  i s a  descriptio n o f  th e relationshi p o f  th e desire d knowledg e t o a  se t  o f  existin g 

knowledge ;  fo r  example ,  th e desir e t o kno w th e capitol s o f  al l  5 0 states ,  o r  th e name s o f  you r  boss' s 

children . 

The relation-to-other-knowledge representation of learning goals is similar to Lehnert's (1978) work on 

representatio n o f  question s i n natura l  languag e understanding .  I n he r  compute r  model ,  question s wer e 

represente d b y th e sam e knowledg e structure s tha t  hel d memories ,  bu t  wit h som e o f  th e unfille d slot s i n 

thos e structure s identifie d a s th e subjec t  o f  a  question .  I t  i s  als o possibl e t o us e he r  representationa l 

strateg y fo r  th e interna l  representatio n o f  knowledg e acquisitio n goals :  goal s ca n b e represente d a s 

pointer s t o certai n unfille d slot s i n memor y structures .  R a m (1989 )  presente d a  theor y wher e relation -

to-other-knowledg e representation s o f  question s wer e use d t o driv e natura l  languag e understanding . 

M a ny o f  Ram' s result s appl y t o th e desig n o f  knowledg e acquisitio n planner s generally . 
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Where d o unfille d slot s i n memor y structure s com e from ? I n genera l  terms ,  the y com e fro m th e 

incomplet e instantiatio n o f  knowledg e schemas .  I n orde r  t o generat e relation-to-other-knowledg e goa l 

representations ,  a  learne r  mus t  hav e som e knowledg e o f  th e structur e o f  it s  knowledge .  Conside r  a 

simpl e example :  i n orde r  t o represen t  th e goa l  t o fin d th e capitol s o f  al l  5 0 states ,  a  learne r  mus t  kno w 

tha t  state s hav e capitols .  Tha t  knowledg e implie s tha t  th e representatio n fo r  eac h stat e wil l  hav e a 

"Capitol "  slot ,  an d (presumably )  th e value s fo r  som e o f  thos e slot s ar e unfilled .  Thos e unfille d slot s 

can b e th e subjec t  o f  a  desir e fo r  knowledge .  Tha t  is ,  th e relation-to-other-knowledg e representatio n o f 

a goa l  t o lear n i s th e resul t  o f  th e applicatio n o f  som e knowledg e abou t  th e structur e o f  knowledg e t o 

for m a  characterizatio n o f  a  gap ,  whic h i s a  representatio n o f  desire d knowledge .  R a m (1989 )  present s 

a muc h mor e detaile d mechanis m fo r  generatin g thes e kind s o f  goal s durin g th e proces s o f  understandin g 

natura l  language . 

The other form of knowledge goal representation, based on the function of the desired knowledge, arise 

fro m inference s abou t  knowledg e usefu l  fo r  particula r  tasks .  Th e knowledg e underlyin g thes e inference s 

provid e mapping s fro m desire d performanc e t o desire d knowledge .  Th e resultin g representation s 

specif y th e processe s i n whic h th e knowledg e wil l  b e used ,  an d th e rol e tha t  i t  wil l  pla y i n thos e 

processes .  Anothe r  simpl e example :  i n orde r  t o d o diagnosis ,  on e mus t  kno w (a )  th e kind s o f  thing s tha t 

can effec t  th e behavio r  o f  a  syste m an d (b )  method s fo r  distinguishin g amon g alternativ e potentia l 

cause s o f  th e to-b e diagnose d behavior .  W h e n th e nee d t o diagnose ,  say ,  compute r  disk-driv e failure s 

arises ,  tha t  hig h leve l  knowledg e ca n b e use d t o generat e goal s t o fin d ou t  abou t  th e way s dis k drive s 

can fai l  an d ho w t o distinguis h amon g them .  Th e genera l  knowledg e mus t  identif y wher e i n th e 

diagnosti c proces s th e desire d informatio n wil l  b e use d an d fo r  what ,  s o tha t  whe n i t  i s  foun d th e 

informatio n ca n b e store d i n th e appropriat e plac e fo r  late r  use .  Se e Hunte r  (1989 )  fo r  detaile d 

example s o f  th e generatio n an d representatio n o f  thi s kin d o f  knowledg e goa l  i n a  diagnosi s domain . 

Planning to Learn 
The generatio n an d representatio n o f  goal s t o lear n i s onl y th e beginnin g o f  th e learnin g process .  Th e 

theoretica l  justificatio n fo r  generatin g the m depend s o n thei r  effectivenes s a t  constrainin g 

combinatoric s o f  learnin g fro m comple x experience .  I  indicate d briefl y tha t  learnin g shoul d involv e 

bidirectiona l  inference :  top-down ,  fro m learnin g goal s an d bottom-up ,  fro m experientia l  data .  H o w ca n 

thi s b e accomplished ? 

The idea is to use AI planning techniques for making decisions about which learning actions should be 

take n i n wha t  orde r  t o achiev e th e knowledg e goal s o f  a n acto r  situate d i n th e world .  Generall y 

speaking ,  thes e decision s ar e base d o n knowledg e abou t  availabl e resources ,  knowledg e abou t  action s 

and knowledg e abou t  th e curren t  stat e o f  th e worl d (includin g th e actor' s curren t  knowledg e state) . 

Plannin g t o lear n i s muc h lik e othe r  kind s o f  planning ,  s o her e I  wil l  jus t  tr y t o describ e th e kind s o f 

knowledg e abou t  resources ,  action s an d state s o f  th e worl d tha t  ar e necessar y fo r  plannin g abou t 

learning ,  rathe r  tha n describ e th e proces s itself .  Th e sourc e o f  followin g characterization s ar e th e 
compute r  model s IV Y an d INVESTIGATOR .  IV Y wa s primaril y a n exploratio n i n decidin g wha t  wa s 

wort h learning ,  an d INVESTIGATO R focuse s o n ho w t o lear n give n a  se t  o f  learnin g goals .  The y ar e 

describe d i n detai l  i n Hunte r  (1989 )  an d (1990a) ,  respectively . 

Learning Actions 

The action s tha t  peopl e tak e t o acquir e knowledg e spa n a  tremendou s range ,  fro m lookin g u p a n answe r 

i n a  referenc e boo k t o designin g an d runnin g scientifi c  experiments .  I n orde r  fo r  a  planne r  t o selec t  action s 

appropriat e t o goals ,  th e action s mus t  b e annotate d wit h th e resource s tha t  the y require ,  precondition s 

t o executin g th e action s an d expecte d outcome s o f  th e action s (an d perhap s informatio n abou t  possibl e 

alternativ e outcome s an d relativ e probabilitie s o f  th e alternatives) .  Her e w e wil l  conside r  som e o f 

thos e action s an d thei r  representations . 

In a system capable of taking a large number of possible actions, hierarchies of action classes can 

improv e th e combinatoric s o f  th e plannin g process .  Classe s o f  knowledg e acquisitio n action s are ,  i n 
effect ,  hypothese s abou t  th e componen t  cognitiv e processe s involve d i n learning .  IV Y an d 

INVESTIGATOR,  tw o compute r  model s o f  plannin g t o learn ,  us e ver y differen t  action s an d lear n fro m 

ver y differen t  sort s o f  data ,  bu t  thei r  action s ca n nvertheles s b e groupe d int o fou r  clearl y define d 

classes : 

• Finding examples of specified phenomena. This class of actions maps abstract characterizations 

(phenomena )  t o specifi c  instance s (examples) .  I n IV Y an d INVESTIGATOR ,  thes e action s fal l  int o tw o 
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subclasses :  explici t  dat a gatherin g an d perceptua l  processing .  I N V E S T I G A T O R map s 

characterization s t o instance s b y doin g variou s kind s o f  databas e lookups .  IV Y work s "perceptually, " 

checkin g fo r  input s tha t  matc h a  desire d characterizatio n whil e doin g it s mai n tas k o f  diagnosis .  Bot h 

subclasse s requir e a s precondition s representation s o f  th e desire d phenomen a tha t  ca n b e use d t o acquir e 

or  recogniz e examples .  I n addition ,  th e dat a gatherin g action s requir e acces s t o th e source s o f  data . 

Each f>articula r  actio n furthe r  specifie s th e genera l  preconditions ;  e.g .  t o loo k u p bibliographi c record s 

fro m Medline**" ,  INVESTIGATO R mus t  for m a  quer y i n th e Elhil l  retrieva l  languag e an d b e abl e t o 

ope n a  networ k connectio n t o th e Medline'' "  server .  Th e resource s consume d b y thi s clas s o f  action s (se e 

belo w fo r  a  discussio n o f  learnin g resources )  ar e th e tim e i t  take s t o fin d th e desire d example ,  an d th e 

memory require d t o stor e th e foun d examples .  Th e expecte d tim e t o fin d example s perceptuall y ca n b e 

larg e (i.e .  yo u d o no t  kno w whe n yo u wil l  fin d wha t  yo u ar e lookin g for) .  Th e expecte d amoun t  o f 

memory require d fo r  som e databas e searche s ca n als o b e large . 

• Grouping examples. The actions in this class create collections of related examples. Subclasses of 

thes e action s includ e findin g simila r  example s (usin g variou s metrics) ,  clusterin g example s int o 

equivalenc e classes ,  an d buildin g hierarchica l  clusters .  Th e preconditio n t o thi s clas s o f  action s i s a 

collectio n o f  examples .  Fo r  example ,  give n a  geneti c sequenc e (say ,  retrieve d fro m a  database ) 

INVESTIGATOR ca n us e sequenc e matchin g algorithm s t o fin d othe r  geneti c sequence s i t  know s abou t 

tha t  ar e simila r  t o it .  Ver y fe w resource s ar e require d fo r  thi s action .  INVESTIGATO R ca n als o us e 

Cheeseman' s (1989 )  Bayesia n classificatio n progra m Autoclas s I I  t o divid e a  collectio n o f  object s int o 

clusters .  Tha t  actio n require s significan t  amount s o f  tim e an d C P U cycles .  Som e othe r  groupin g action s 

(e.g .  hierarchica l  clustering )  als o requir e a n applicabl e distanc e metri c a s a  precondition . 

• Generating Abstract Characterizations of Groups. This diverse class of learning actions includes many 

of  th e technique s traditionall y associate d wit h machin e learning :  concep t  formation ,  statistica l 

analyse s o f  collection s o f  examples ,  an d formin g explanation s o f  phenomena .  Thi s clas s o f  action s map s 

fro m a  collectio n o f  example s an d a  collectio n o f  existin g abstraction s t o a  ne w abstrac t  characterizatio n 

of  th e collectio n o f  examples .  INVESTIGATOR' S abstractio n action s s o fa r  includ e a n inductiv e 

categor y formatio n algorith m (whic h generate s conjunctiv e definition s fro m group s o f  positiv e an d 

negativ e examples )  an d A N O V A algorithm s fo r  determinin g th e statistica l  feature s o f  collection s o f 

examples .  Thes e action s d o no t  us e existin g characterizations :  the y m a p directl y fro m a  se t  o f 

example s t o a n abstrac t  characterization .  An y learnin g metho d tha t  use s domai n knowledg e use s bot h 

example s an d existin g abstraction s (th e domai n knowledge )  t o for m ne w abstraction s (e.g .  explanation s 

of  th e examples) .  Althoug h th e action s i n thi s clas s var y a  grea t  deal ,  thei r  precondition s an d 

expecte d result s ar e simila r  enoug h s o tha t  i t  i s  possibl e t o formulat e usefu l  plannin g knowledg e tha t 

refer s t o thi s genera l  class . 

• Mapping Abstract Characterizations from One Group to Another. This class of learning actions 

transfer s characterization s fro m on e grou p t o another .  INVESTIGATO R currentl y ha s onl y on e actio n 

i n thi s class :  a  marke r  passin g metho d fo r  mappin g a  distinctio n i n on e hierarch y int o another .  Th e 

precondition s ar e tw o hierarchies ,  a  distinctio n i n one ,  an d a  mappin g betwee n th e leave s o f  th e 

hierarchies .  Thi s actio n wa s use d t o m a p a  distinctio n i n a  taxonom y hierarch y (groupin g organism s 

int o classes )  int o a  protei n famil y hierarchy .  Th e individua l  protein s wer e labelle d wit h th e organis m 

tha t  the y cam e from ,  i.e .  ther e wa s a  m a p fro m th e leave s o f  th e protei n hierarch y t o leave s o f  th e 

taxonom y hierarchy .  Executin g th e actio n foun d protei n familie s tha t  wer e associate d wit h specifi c 

taxa .  Althoug h no t  implemente d i n eithe r  program ,  thi s clas s als o contain s al l  o f  th e learnin g action s 

involvin g analogy ,  a s wel l  a s method s fo r  mappin g knowledg e acros s dissimila r  group s o f  example s 

(e.g .  intersectio n search) . 

Individual learning actions are rarely able to satisfy knowledge acquisition goals; they must be 

assemble d int o sequence s o f  action s -  int o plan s t o learn .  I n INVESTIGATOR ,  th e generatio n o f  learnin g 

plan s i s don e b y top-dow n subgoa l  decomposition .  Decompositio n rule s embod y knowledg e abou t  wha t 

th e variou s knowledg e acquisitio n action s an d classe s o f  action s ar e goo d for .  Knowledg e acquisitio n 

goal s ar e transforme d int o subgoals ,  an d th e subgoal s ar e furthe r  decompose d unti l  th e proces s bottom s 

out  i n specifi c  knowledg e acquisitio n action s whos e tota l  resourc e consumptio n doe s no t  excee d prese t 

limits ,  an d al l  o f  whos e precondition s ca n b e satisfied .  IV Y di d no t  d o it s ow n subgoa l  decomposition , 

but  use d programme r  assemble d stereotypica l  plans .  However ,  INVESTIGATO R i s strictl y top>-down , 

and canno t  currentl y tak e advantag e o f  unexpecte d opportunities ,  wherea s IV Y wa s abl e t o selec t  amon g 

potentia l  knowledg e acquisitio n plan s base d o n opportunitie s detecte d durin g routin e performance . 
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Work i s currentl y underwa y t o mak e INVESTIGATOR' S plannin g mor e sensitiv e t o it s situation , 

creatin g a  mechanis m fo r  explorin g dat a an d partia l  result s i n a  mor e bottom-up ,  opportunisti c fashion . 

Learning Resources 

Wit h unlimite d resources ,  plannin g i s trivial .  Unfortunately ,  ther e ar e alway s limits .  Physica l 

planner s hav e t o manag e resource s lik e energy ,  mone y an d time .  Plannin g t o lear n i s similarl y 

constrained ,  althoug h th e resource s ar e different .  I n particular ,  learner s hav e limitation s o n th e 

amount  o f  memor y the y hav e an d o n th e amoun t  o f  tim e the y ca n spen d o n inference .  Program s lik e 

INVESTIGATOR ma y als o hav e limit s o n th e amoun t  o f  networ k traffi c  the y generate .  Traditiona l 

physica l  plannin g resource s ma y als o com e int o play ,  e.g .  databas e acces s ma y cos t  money .  Planner s 

may hav e stric t  limit s o n resourc e consumption ,  o r  ma y merel y tr y t o avoi d waste .  INVESTIGATO R 

has estimate s o f  th e resource s eac h o f  it s  action s wil l  consume ,  an d select s amon g alteriwtiv e plan s fo r 

accomplishin g a  goa l  b y minimizin g th e resource s consumed .  I t  ca n als o rejec t  plan s tha t  excee d prese t 

limits ,  e.g .  woul d tak e thousand s o f  C P U hour s o r  gigabyte s o f  storage . 

For INVESTIGATOR, memory and CPU cycles are the constraining resources. Some of its knowledge 

acquisitio n action s ar e directl y annotate d wit h a  formul a fo r  estimatin g th e resource s consumed .  Th e 

resource s consume d b y other s ca n b e inferre d fro m generalization s associate d th e clas s o f  whic h th e 

actio n i s a  member .  Fo r  example ,  groupin g example s i s assume d t o tak e tim e an d memor y proportiona l 

t o th e numbe r  o f  examples .  Th e Autoclas s I I  groupin g metho d override s thos e defaults ,  specifyin g tha t 

i t  take s a  larg e amoun t  o f  tim e initially ,  plu s tim e proportiona l  t o th e numbe r  o f  example s time s time s 

th e complexit y o f  th e example s time s th e numbe r  o f  expecte d classes) .  Becaus e INVESTIGATO R trie s 

t o conserv e resourc e consumption ,  Autoclas s i s no t  use d unles s th e othe r  groupin g method s fai l  o r  unles s 
it s particula r  kin d o f  outpu t  i s  a  prerequisit e fo r  som e othe r  action . 

The question of managing resources in learning raises the issue of learning over time. Existing machine 

learnin g researc h ha s focuse d o n learnin g fro m a  particula r  dataset .  Conversely ,  human-lik e learnin g 

occur s ove r  a n entir e lifetime .  Learner s nee d t o decid e no t  onl y whethe r  an d wha t  t o learn ,  bu t  whe n t o 

learn .  IV Y i s abl e t o kee p "question s i n th e bac k o f  it s  mind, "  i n th e for m o f  pendin g learnin g plans , 

whic h ar e execute d a s opportunitie s arise .  A  mor e sophisticate d planne r  migh t  manag e a  comple x an d 

interactin g se t  o f  learnin g goals ,  makin g decision s abou t  whe n t o pursu e a  particula r  goal ,  base d o n it s 

relationshi p t o th e program' s othe r  learnin g an d performanc e goal s an d o n o n th e curren t  stat e o f  th e 

world . 

Conclusion: Decision-making in Learning 

The spac e o f  possibl e lesson s fro m experienc e i s s o larg e tha t  i t  i s  combinatoricall y implausibl e t o lear n 

the m all .  A  learne r  situate d i n a  comple x worl d mus t  therefor e mak e decision s abou t  wha t  i s wort h 

learning .  Th e result s o f  thes e decision s ar e explici t  (althoug h no t  necessaril y conscious )  goal s abou t  th e 

knowledg e a  learne r  desires .  Learnin g i s no t  a  passiv e process :  learner s ac t  i n orde r  t o learn .  Thei r 

goal s ca n b e use d t o direc t  th e selectio n o f  th e action s taken . 

Planning is decision-making based on expectations about the outcomes of actions. Effective learning 

decision s requir e knowledg e abou t  th e kind s o f  action s tha t  ca n b e take n t o acquir e an d transfor m 

knowledge ,  an d th e resource s tha t  thos e action s consume .  Knowledg e abou t  learnin g action s use d i n 

plannin g include s informatio n abou t  th e prerequisite s fo r  takin g a n actio n an d abou t  it s  expecte d results . 

Algorithm s modele d o n A I  planner s i n physica l  domain s ca n b e use d t o selec t  course s o f  actio n tha t  ca n 

be expecte d t o yiel d th e desire d result s unde r  resourc e constraints .  Unlik e physica l  plannin g domains , 

th e limitin g resource s i n learnin g ar e ofte n inferentia l  effor t  (CP U cycle s fo r  compute r  systems )  an d 

memory capacities . 

The evidence for viewing learning as a planning process comes from both combinatoric arguments and 

empirica l  result s i n actio n psychology .  Thi s vie w raise s a  variet y o f  issue s no t  traditionall y deal t 

wit h i n th e machin e learnin g o r  cognitiv e psycholog y literature :  H o w d o learner s com e t o hav e specifi c 

desire s abou t  knowledge ? Wha t  kind s o f  desire s t o f)eopl e hav e abou t  knowledge ? Fo r  example ,  ca n 

the y fea r  specifi c  kind s o f  knowledge ? H o w d o larg e number s o f  goal s t o acquir e knowledg e interact ? 

Can the y interfer e wit h eac h othe r  th e wa y physica l  goal s can ? H o w ar e the y prioritized ? Th e 

plannin g proces s raise s question s o f  it s  own :  H o w ca n learner s recogniz e unexp>ecte d opportunitie s t o 

learn ? Wha t  ar e th e action s tha t  peopl e tak e t o learn ? H o w ar e thos e action s organize d an d selecte d 

among? Wha t  d o peopl e kno w abou t  th e learnin g action s themselves ,  an d ca n ne w action s b e learned ? 

Answer s t o thes e question s awai t  futur e research . 

267 



Reference s 
Birnbaum ,  L .  (1986) .  Integrate d Processin g i n Plannin g an d Understanding .  PhD .  thesis ,  Yal e 

University ,  N e w Haven ,  CT .  (Technica l  Repor t  YALEU/CSD/RR#489 ) 

Chapman,  D .  (1985) .  Plannin g fo r  Conjunctiv e Goals .  (Technica l  Repor t  802) .  Boston ,  M A :  M I T A I 

Laboratory . 

Charniak ,  E. ,  &  McDermott ,  D .  (1985) .  Introductio n t o Artificia l  Intelligence .  Reading ,  M A :  Addision -

Wesley . 

Cheeseman,  P. ,  Kelly ,  J. ,  Self ,  M. ,  Stutz ,  J. ,  Taylor ,  W .  &  Freeman ,  D .  (1988) .  AutoClass :  A  Bayesia n 

Classificatio n System ,  i n Proceeding s o f  th e Fift h Internationa l  Conferenc e o n Machin e Learning . 

Universit y o f  Michigan ,  An n Arbor. :  Morga n Kaufman . 

Deitterich ,  T .  (1989) .  Limitation s o n Inductiv e Learning ,  i n Proceeding s o f  th e Sixt h Internationa l 

Worksho p o n Machin e Learning .  Cornel l  University ,  Ithic a N Y .  (pp .  125-128) .  Sa n Mateo ,  CA : 

Morga n Kaufma n 

Dejong ,  J. ,  &  Mooney ,  R .  (1986) .  Explanation-base d Learning :  A n Alternativ e View .  Machin e Learning . 

1(2) ,  pp .  145-176 . 

Fodor ,  J .  (1985) .  Th e Modularit y o f  Mind .  Boston ,  M A :  MI T Press . 

Frese ,  M. ,  &  Sabini ,  J .  (1985) .  Goa l  Directe d Behavior :  Th e Concep t  o f  Actio n i n Psychology .  Hillsdale , 

NJ:  Lawrenc e Erlbau m Associates . 

Hoffman ,  C ,  Mischel ,  W. ,  &  Mazze ,  K .  (1981) .  Th e Rol e o f  Purpos e i n th e Organizatio n o f  Informatio n 

Abou t  Behavior :  Trait-base d Versu s Goal-base d Categorie s i n Perso n Cognition .  lourna l  o f 

Personalit y an d Socia l  Psychology .  39 ,  211-255 . 

Horvitz ,  E. ,  Cooper ,  G. ,  &  Heckerman ,  D .  (1989) .  Reflectio n an d Actio n Unde r  Scarc e Resources : 

Theoretica l  Principle s an d Empirica l  Study .  (Knowledg e System s Laborator y Workin g Pape r  No . 

KSL-89-1) .  Stanfor d University ,  Stanford ,  C A 

Hunter ,  L .  (1989) .  Knowledg e Acquisitio n Planning :  Gainin g Expertis e Throug h Experience .  PhD .  thesis , 

Yal e University ,  N e w Haven ,  CT .  (Technica l  Repor t  YALEU/DCS/TR-678 ) 

Hunter ,  L .  (1990a) .  Knowledg e Acquisitio n Plannin g fo r  Inferenc e fro m Larg e Datasets .  i n Proceeding s o f 

th e 23r d annua l  Hawai i  Internationa l  Conferenc e o n Syste m Sciences ,  Softwar e Track .  Vol .  2  Kona , 

Hawaii ,  (pp .  35-44) .  Washington ,  D C :  IEE E Press . 

Hunter ,  L .  (1990b) .  Decidin g Wha t  t o Learn .  Submitte d t o th e Sevent h Internationa l  Conferenc e o n 

Machin e Learning .  Austin ,  TX . 

Langley ,  P. ,  Gennari ,  J. ,  &  Iba ,  W .  (1987) .  Hil l  Climbin g Theorie s o f  Learning .  Proceeding s o f  th e Fourt h 

Internationa l  Worksho p o n Machin e Learning .  Irvine .  CA .  (pp .  312-323) .  :  Morgan-Kaufman . 

Lehnert ,  W .  (1978) .  Th e Proces s o f  Questio n Answering .  Hillsdale ,  NJ :  Lawrenc e Erlbau m Associates . 

Livesey ,  P .  (1986) .  Learnin g an d Emotion :  A  Biologica l  Synthesis .  Volum e \ ,  Evolutionar y Processes . 

Hillsdale ,  NJ :  Lawrenc e Erlbau m Associates . 

Ram,  A .  (1989) .  Question-drive n Understanding :  A n Integrate d Theor y o f  Stor y Understanding ,  Memor y 

and Learning .  PhD ,  thesis ,  Yal e University ,  N e w Haven ,  CT .  (Tec h repor t  YALEU/CSD/RR#710 ) 

Rumelhart ,  D. ,  McClelland ,  J. ,  &  th e P D P Grou p (1986) .  Paralle l  Distribute d Processing :  Exploration s 

i n th e Microstructur e o f  Cognitio n (Volume s 1, 2 &  3) .  Cambridge ,  M A :  MI T Press . 

Sacerdoti ,  E .  (1971) .  A  Structur e fo r  Plan s an d Behavior .  N e w York ,  NY :  America n Elsvier . 

Schank ,  R .  (1982) .  Dynami c Memory :  A  Theor y o f  Remindin g an d Learnin g i n Computer s an d People . 

Hillsdale ,  NJ :  Lawrenc e Erlbau m Associates . 

Schank ,  R. ,  &  Abelson ,  R .  (1977) .  Scripts .  Plans ,  Goal s an d Understanding .  Hillsdale ,  NJ :  Lawrenc e 

Erlbau m Associate s 

Schank ,  R. ,  Collins ,  G. ,  &  Hunter ,  L .  (1986) .  Transcendin g Inductiv e Categor y Formatio n I n Learning . 

Behaviora l  an d Brai n Sciences ,  9(4) ,  pp .  639-687 . 

Srull ,  T. ,  &  Wyer ,  R .  (1986) .  Th e Rol e o f  Chroni c an d Temporar y Goal s i n Socia l  Informatio n Processing . 

i n R .  Sorrentino ,  &  E .  Higgin s (eds.) .  Handboo k o f  Motivatio n an d Cognition :  Foundation s o f  Socia l 

Behavior ,  (pp .  503-549) .  Guilford ,  CT :  Th e Guilfor d Press . 

Tolman ,  E .  (1932) .  Purposiv e Behavio r  i n Animal s an d Men .  N e w York :  Centur y Press . 

Utgoff ,  P .  (1986) .  Shif t  o f  Bia s fo r  Inductiv e Concep t  Learning ,  i n R .  Michalski ,  J .  Carbonell ,  &  T . 

Mitchel l  (editors.) .  Machin e Learnin g 2  Lo s Altos ,  CA :  Morga n Kaufmann . 

Valient ,  L .  (1984) .  A  theor y o f  th e leamable .  Communication s o f  th e A C M.  27(11) ,  1134-1142 . 

Zukier ,  H .  (1986) .  Th e Paradigmati c an d Narrativ e Mode s i n Goal-Guide d Inference ,  i n R .  Sorrentino , 

& E .  Higgin s (eds.) .  Handboo k o f  Motivatio n an d Cognition :  Foundation s o f  Socia l  Behavior ,  (pp . 

465-502) .  Guilford ,  CT :  Guilfor d Press . 

Medlin e i s a  trademar k o f  th e Nationa l  Librar y o f  Medicine . 

268 


	cogsci_1990_261-268



