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A b s t r a c t 

A mode l  o f  memor y an d learnin g i s  presente d whic h indexe s a  ne w even t  b y thos e feature s whic h ar e 

relevan t  i n explainin g wh y th e even t  occurred .  A s event s ar e adde d t o memory ,  generalization s ar e 

create d whic h describ e an d explai n similaritie s an d difference s betwee n events .  Th e memor y i s organize d 

so tha t  whe n a n even t  i s added ,  event s wit h simila r  feature s ar e noticed .  A n explanatio n proces s attempt s 

t o explai n th e simila r  features .  I f  a n explanatio n i s found ,  a  generalize d even t  i s create d t o organiz e th e 

simila r  event s an d th e explanatio n i s store d wit h th e generalize d event . 

Introduction 

Th e goa l  o f  thi s researc h i s t o identif y th e rol e o f  explanatio n i n a  generalizatio n base d memory .  A 

compute r  program ,  O C C A M,  ha s bee n implemente d whic h learn s abou t  variation s o f  kidnapping .  Th e 

progra m start s ou t  wit h genera l  knowledg e abou t  coercio n represente d a s a  m e t a - M O P |7] .  Afte r  som e 

examples ,  i t  create s a  M O P whic h describe s a  kin d o f  kidnappin g (alon g wit h th e explanatio n tha t  a 

famil y member  o f  th e victim' s famil y pay s th e ranso m t o achiev e th e goa l  o f  preservin g th e victim' s 

health) .  Furthe r  example s creat e a  specializatio n o f  thi s M O P whic h represen t  a n inheren t  fla w i n 

kidnapping :  tha t  th e victi m ca n testif y agains t  th e kidnapper ,  sinc e th e kidnappe r  ca n b e see n b y th e 

victim .  Thi s specializatio n i s  store d a s a  s u b - M O P o f  th e kidnappin g M O P an d i s  indexe d b y th e 

kidnapper' s goa l  failure :  goin g t o jail .  Afte r  som e mor e examples ,  a  similarit y i s  notice d abou t  th e 

kidnappin g o f  infants .  Thi s coincidenc e start s a n explanatio n proces s whic h explain s th e choic e o f  victi m 

t o avoi d a  possibl e goa l  failure ,  sinc e infant s canno t  testify . 

Ther e ar e a  coupl e o f  interestin g feature s o f  thi s typ e o f  learning : 

- The explanation process eliminates the problem of including unrelated coincidences in 

generalize d events .  Fo r  example ,  al l  o f  th e infant s kidnappe d i n th e event s presente d t o 

O C C AM hav e blon d hair .  Thi s featur e i s no t  use d i n th e explanation ,  s o i t  i s  no t  include d i n 

th e generalize d event . 

- There is causal and motivational information associated with generalized events. This 

informatio n state s wh y variou s feature s ar e include d i n th e generalize d event . 

- The explanation process can make use of the generalized events in memory. Explanation 

consist s o f  a  rul e base d componen t  simila r  t o P A M [9 |  an d a  memor y base d explanatio n 

component .  Th e rule s stat e suc h thing s a s tha t  i f  someon e say s the y ar e goin g t o hur t  a 

famil y member ,  thi s motivate s a  goa l  o f  preservin g th e healt h o f  th e famil y member .  Ther e 

ar e n o specia l  rule s abou t  kidnapping .  Therefore ,  i t  i s  no t  capabl e o f  explainin g th e 

kidnappin g o f  infant s unti l  i t  ha s buil t  a  generalize d even t  abou t  th e victi m testifyin g agains t 

th e kidnapper .  Th e explanatio n proces s use s intentiona l  link s [2 ]  t o specif y th e relationship s 

betwee n goals ,  plan s an d events . 
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R e l a t e d W o r k 

M u ch earl y wor k o n learnin g (e.g. ,  [8) ,  an d [3]) ,  centere d o n th e acquisitio n o f  a  concep t  fro m a  nunnbe r 

of  e.xamples .  A  characteristi c descriptio n o f  a  clas s o f  object s wa s buil t  b y inductiv e mean s b y considerin g 

positiv e (and ,  i n som e instances ,  negative )  examples .  Th e wor k reporte d her e differ s fro m thi s wor k o n 

concep t  acquisitio n i n a  numbe r  o f  ways .  First ,  thes e program s wer e "told "  wha t  concept s t o lear n an d 

example s wer e identifie d a s positiv e o r  negativ e instances .  I n contrast ,  O C C A M i s no t  tol d wha t  t o learn . 

Instead ,  O C C A M incrementall y learn s ne w concept s fro m example s a s a  natura l  consequenc e o f  organizin g 

memory aroun d similarities .  Secondly ,  th e generalize d event s buil t  b y O C C A M d o no t  contai n al l  feature s 

c o m m on t o th e examples .  It s explanatio n proces s distinguishe s betwee n relevan t  an d coincidenta l 

features . 

DeJon g present s a  mode l  o f  explanatio n base d learnin g [l ]  whic h learn s schemat a fro m a  singl e 

example .  Hi s progra m construct s a n explanatio n o f  relationship s betwee n variou s component s o f  a n even t 

by a  knowledge-intensiv e understandin g proces s simila r  t o P A M .  Th e explanatio n an d th e even t  ar e the n 

generalize d b y retainin g onl y thos e part s use d i n th e explanation .  Ou r  wor k differ s fro m DeJong' s i n a 

number  o f  aspects .  First ,  O C C A M learn s incrementally .  I t  i s  difficul t  t o imagin e a  syste m learnin g th e 

specialize d motivatio n fo r  kidnappin g infant s fro m th e firs t  exampl e o f  a  kidnapping ,  sinc e th e explanatio n 

proces s ca n fin d a n explanatio n fo r  kidnappin g an y person .  I n O C C A M,  afte r  th e basi c kidnappin g 

schema (o r  M O P)  i s learned ,  late r  example s focu s O C C A M o n explainin g coincidence s abou t  th e ag e o f  th e 

victims .  Additionally ,  th e explanatio n proces s make s us e o f  othe r  event s o r  generalize d events . 

I n IP P [5 ]  an d U N I M E M [6] ,  Lebowit z i s concerne d wit h makin g "factual "  generalizations .  Unlik e 

O C C A M,  thes e program s mak e n o attemp t  t o perfor m a  causa l  o r  explanator y analysis .  Therefore ,  n o 

distinctio n i s mad e betwee n relevan t  o r  coincidenta l  features .  Afte r  a  numbe r  o f  divers e examples ,  IP P 

and U N I M E M ca n correc t  generalization s t o remov e coincidence s whic h ar e contradicted . 

C Y R US [4 ]  i s  a  progra m whic h organize s an d searche s a  mode l  o f  episodi c memory .  Lik e IPP ,  i t  doe s 

not  produc e a n explanatio n o f  it s  generalizations .  I t  avoid s th e proble m o f  indexin g o n coincidentall y 

simila r  feature s b y a n a  prior i  se t  o f  relevan t  features . 

Learning and Memory in OCCAM 

O C C AM make s a  distinctio n betwee n tw o type s o f  generalize d events .  Explanator y generalize d event s 

ar e M O Ps create d a s a  specializatio n o f  a  mor e genera l  M O P.  Associate d wit h eac h explanator y 

generalize d even t  ar e ne w causa l  an d goa l  relationships .  Fo r  example ,  th e kidnappin g o f  infant s i s a n 

explanator y generalize d even t  whic h include s th e specia l  motivatio n fo r  selectin g th e hostage . 

Organizationa l  generalize d event s ar e als o create d a s specializatio n o f  mor e genera l  M O P s .  However , 

the y ad d n o additiona l  explanator y information .  The y correspon d t o th e factua l  generalization s o f  IP P 

and serv e mainl y t o organiz e th e memory .  A n exampl e organizationa l  generalize d even t  woul d b e 

kidnapping s wher e th e hostage s grandmothe r  pai d th e ransom .  (Unless ,  o f  course ,  som e explanatio n coul d 

be found. ) 

Ther e ar e tw o part s t o th e incrementa l  learnin g algorith m use d b y O C C A M.  Th e firs t  ste p i s t o fin d 

th e appropriat e plac e i n memor y t o inde x a  ne w event .  Th e memor y i s organize d s o tha t  a  ne w even t  wil l 

be adde d t o memor y i n th e sam e plac e a s simila r  events .  Th e secon d ste p i s t o attemp t  t o creat e a 

generalization . 

Afte r  th e mos t  specifi c  applicabl e M O P i s found ,  simila r  event s ar e foun d b y usin g th e feature s o f  th e 

ne w even t  a s indices .  Next ,  generalizatio n i s attempte d b y a  numbe r  o f  generalizatio n rule s whic h 

postulat e causa l  o r  intentiona l  relationships .  Fo r  example ,  on e rul e state s / /  a n actio n alway s precede s a 

state ,  postulat e th e actio n cause s th e state .  Othe r  rule s whic h postulat e goa l  relationship s wil l  b e 

discusse d i n th e nex t  section .  A n explanatio n proces s i s the n use d t o verif y th e postulate d causa l  o r 

intentiona l  relationships .  Thi s explanatio n proces s mark s al l  feature s necessar y fo r  establishin g th e 

relationships .  Th e explanatio n proces s use d her e i s mor e focuse d tha n tha t  use d i n DeJong' s work . 

Rathe r  tha n askin g genera l  question s suc h a s " W h y di d thi s happen?" ,  mor e specifi c  question s ar e use d 

suc h a s " W a s ther e a n actio n whic h motivate s a  goa l  befor e thi s actio n whic h thi s actio n achieves. "  A 
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new M O P ma y b e create d dependin g o n th e resul t  o f  th e generalization : 

- If the explanation is successful, than an explanatory generalized event is built and indexed 

under  th e mos t  specialize d M O P b y th e ne w feature s establishin g th e explanation .  Th e ne w 

even t  an d an y simila r  event s ar e organize d unde r  thi s ne w generalization ,  indexe d b y th e 

feature s no t  use d i n th e generalize d event . 

- If the explanation process is unsuccessful, and the most specific MOP is an explanatory 

generalize d event ,  a  defaul t  rul e i s use d t o attemp t  t o for m a n organizationa l  generalize d 

event .  Thi s note s tha t  ther e appear s t o b e a  coincidenta l  relationshi p bu t  doe s stor e an y 

justification . 

An Example: Learning about Kidnapping 

The meta-MOP for coercion involves a PREParation, a THREAT, a DEMAND, and several RESULT 

scenes .  Figur e 1  illustrate s a n exampl e o f  kidnappin g whic h i s a  kin d o f  coercion .  I n thi s Figure ,  th e 

notatio n "the(FEATURE) "  indicate s th e actua l  valu e o f  th e featur e i s th e sam e a s th e valu e o f  tha t 

feature .  Coercio n usuall y involve s a t  leas t  thre e roles :  a n A C T O R,  wh o perform s th e PREParation ,  an d 

says h e wil l  carr y ou t  th e T H R E AT unles s hi s D E M A ND i s met ;  a n O B J E CT whic h i s th e objec t  o f  th e 

PREParatio n an d th e T H R E AT (i.e. ,  i n kidnappin g th e hostag e i s th e OBJECT) ;  an d th e VICTI M whic h 

receive s th e T H R E A T,  an d usuall y perform s on e o f  th e RESULTs .  (Th e VICTI M i n kidnappin g i s no t  th e 

hostag e bu t  th e perso n wh o pay s th e ransom. )  Th e coercio n meta-MO P i s intende d t o b e ver y genera l 

and accoun t  fo r  man y situation s fro m kidnapping s t o playgroun d argument s (e.g. ,  "I f  yo u don' t  le t  m e 

pitch ,  I' m gonn a tak e m y bal l  an d g o home") . 

Kl: COERCIOI 

ACTOR huma n lAM E Jo e K .  HEIGHT tal l  AGE 30 s HAI R brow n 

OBJECT huma n RAUE Joh n V .  HEIGHT shor t  AGE teen s HAI R blon d 

RELATIOI  famil y TYP E so n 

OF the(VICTIM ) 

VICTI U huma n NAME Da d V .  HEIGHT tal l  AGE 40 8 HAI R blon d 

RELATIOI  famil y TYP E fathe r 

OF the(OBJECT ) 

PREP atran s ACTOR the(ACTOR )  T O the(ACTOR )  OBJECT the(OBJECT ) 

DEMAID poss-b y ACTOR the(ACTOR ) 

OBJECT mone y AMOUIT 5000 0 

THREAT healt h OF the(OBJECT )  VA L -1 0 

RESULT atran s ACTOR the(ACTOR )  FROM the(ACTOR ) 

TO the(VICTIM )  OBJECT the(OBJECT ) 

RESULT atran s ACTOR the(VICTIM ) 

FROM the(VICTIM ) 

TO th e (ACTOR) 

OBJECT mone y AMOUHT 5000 0 

RESULT Itria l  SENTENCE 1 5 VERDICT guilt y 

WITNESS the(OBJECT )  CRIMINA L the(ACTOR ) 

Figure 1: An Example of Coercion: A Kidnapping 

The initial state of the memory of OCCAM contains only the coercion meta-MOP (mm-COERCE). 

Kl ,  th e exampl e i n Figur e 1 ,  i s  the n adde d t o memory .  I t  i s  indexe d unde r  m m - C O E R CE b y al l  o f  it s 

feature s (i.e. ,  it s  scene s an d roles) .  Th e nex t  example ,  K2 ,  i s simila r  t o Kl ,  excep t  th e A G E o f  th e 

OBJECT i s a n infant ,  som e mino r  differenc e i n th e feature s o f  th e VICTI M an d th e A C T O R,  an d ther e i s 
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Lookin g fo r  sialla r  event s unde r  bb-COERCE.. .  foun d (Kl) . 

Similarities : 

COERCIOM 

ACTOR buaa n HEIGHT tal l  AGE 30 s HAI R brow n 

OBJECT huna n RELATIO I  famil y TYP E so n 

OF the(VICTIM ) 

VICTI M huma n RELATIO I  famil y TYP E fathe r 

OF th e (OBJECT ) 

PREP atran s ACTOR the(ACTOR )  T O the(ACTOR )  OBJECT the(OBJECT ) 

DEMAiro poss-b y ACTOR the(ACTOR )  OBJECT mone y 

THREAT healt h OF the(OBJ )  VA L -1 0 

RESULT atran s ACTOR th e (ACTOR)  FROM the(ACTOR ) 

TO th e (VICTIM )  OBJECT the(OBJECT ) 

RESULT atran s ACTOR the(VICTIM )  FROM the(VICTIM ) 

TO the(ACTOR )  OBJECT mone y 

Figure 2: Noticing the Similarities between two kidnappings 

no trial in which the ACTOR goes to jaiL Figures 2 and 3 are an edited transcript of the creation of a 

M OP whic h describe s th e kidnappin g o f  a  famil y member  fo r  a  monetar y ransom .  Th e similaritie s 

betwee n K l  an d K 2 ar e note d (se e Figur e 2) .  Then ,  a  rule ,  GENERALIZE-RESULTS,  i s use d t o postulat e 

an explanatio n fo r  thi s similarity .  Thi s rul e state s Loo k fo r  a n actio n befor e th e R E S U LT whic h 

motivate s a  goa l  whic h th e R E S U L T achieve s o r  a n actio n befor e th e R E S U LT whic h i s par t  o f  pla n 

whic h th e R E S U L T realizes .  I n thi s example ,  a  goa l  o f  preservin g th e healt h o f  th e O B J E CT b y th e 

VICTI M i s inferre d an d payin g th e ranso m achieve s thi s goal .  Additionally ,  th e A C T OR i s performin g 

th e pla n o f  keepin g a  bargai n whe n h e give s th e O B J E CT back .  I n general ,  a  bette r  explanatio n utilize s 

th e goal s rathe r  tha n th e plans .  However ,  i n thi s case ,  it' s  no t  possibl e t o infe r  wh y th e kidnappe r  release s 

th e hostage .  Thi s ne w M O P (MOP.327 )  i s indexe d unde r  m m - C O E R CE b y th e relevan t  features ,  an d th e 

inferre d goa l  a s show n i n Figur e 4 .  Notic e tha t  som e feature s (e.g. ,  th e A G E ,  an d HEIGH T o f  th e 

kidnapper )  ar e no t  include d i n th e generalizatio n eve n thoug h the y ar e common t o bot h kidnappin g 

example s becaus e the y ar e no t  use d i n th e explanation . 

Running generalization rule GESERALIZE-RESULTS. 

Inferrin g RESULT REALIZE S PLA I  (KEEP-BARGAII ) 

Inferrin g RESULT ACHIEVES GOAL (P-HEALTH ) 

Makin g sub-mo p MOP.32 7 {kidnap }  o f  mm-COERCE fro m (K 2 Kl ) 

Used i n explanation : 

COERCIOM 

ACTOR huma n 

OBJECT huma n 

VICTI M huma n RELATIO I  famil y OF the(OBJECT ) 

DEMAID poss-b y ACTOR th e (ACTOR)  OBJECT mone y 

THREAT healt h OF the(OBJECT )  VA L -1 0 

RESULT atran s ACTOR the(ACTOR )  FROM the(ACTOR ) 

TO the(VICTIM )  OBJECT the(OBJECT ) 

RESULT atran s ACTOR the(VICTIM )  FROM the(VICTIM ) 

TO the(ACTOR )  OBJECT mone y 

Figure 3: Forming an Explanatory Generalized Event 

32 6 



i  u-COERCE I 

DEMAID poBS-b y ACTOR | 

the(ACTOR )  I 

OBJECT Bone y T 

I  VICTI U 

I 

haman REUTIO I  full y 

OF the(OBJECT ) 

|U0P.327{kldnapplng }  Explanation : 

IVICTI U pay s ranso a t o preserv e 

•healt h o f  famil y Beabe r 

I 
I  GOAL-FAILUR E I 

iP-FREEDOy I 

¥ V 

RESULT Itria l 

CRIUIIA L the(ACTOR ) 

|U0P.332{jaile d kidnapper )  I 

I  Explanation :  Kidnappe r  convicte d I 

Ifro B hostage s identificatio n I 

OBJECT huma n I 

AGE infan t  I 

I 
? 

|U0P.347<kidnappin g infants }  I 

(Explanation :  Avoi d potentia l  goa l  I 

I  failure :  infant s canno t  testif y I 

I  SEITEIC E 

V 1 5 

Kl 

I 
I  VICTI U 

V 

K3 

human RELATIO I  |  GEIDE R 

TYPE grandmothe r  V  mal e 

of  the(OBJECT )  K 4 

V 

K2 

Figur e 4 :  Memor y afte r  creatin g 3  specialization s o f  m m - C O E R CE 

The next event added to memory is K3, which is similar to Kl in that the kidnapper goes to jail after 

th e hostag e testifies .  Ther e ar e mino r  difference s i n th e feature s o f  th e participants .  MOP.327 ,  th e 

kidnappin g M O P,  i s th e mos t  specifi c  M O P whic h i s no t  contradicte d b y K3 .  I t  ha s a n additiona l 

RESULT whic h i s simila r  t o a  resul t  o f  Kl .  A  rul e whic h state s / /  ther e i s a  R E S U LT whic h thwart s a 

goal ,  loo k fo r  a n actio n befor e th e R E S U LT whic h enable s th e R E S U LT find s a n inheren t  fla w i n 

kidnapping :  th e hostag e see s th e kidnappe r  whe n h e i s abducte d an d ca n testif y agains t  th e kidnapper .  A 

new M O P,  MOP.33 2 (jailed-kidnapper )  i s  create d a n indexe d unde r  MOP.32 7 (kidnap )  b y th e indice s o f 

th e RESULT,  th e goa l  failure ,  an d th e PREParatio n whic h enable s th e goa l  RESULT whic h thwart s th e 

goal  a s show n i n Figur e 4 .  K l  an d K 3 ar e indexe d unde r  thi s ne w M O P,  whil e K 2 remain s indexe d unde r 

th e kidnappin g M O P. 

K4,  anothe r  kidnappin g o f  a  blon d infan t  i n whic h th e kidnappe r  wa s no t  caught ,  i s  adde d t o memor y 

next .  MOP.32 7 (kidnap )  i s foun d t o b e th e mos t  specifi c  M OP whic h describe s K4 .  A  similarit y i s  notice d 

betwee n K 4 an d K2 ,  th e OBJECTs ar e bot h blon d infants .  A n applicabl e generalizatio n rul e state s / /  th e 

PREParatio n i s performe d o n th e a n object ,  loo k fo r  othe r  M O Ps whic h hav e a  goa l  failure .  Chec k i f 

th e PREParatio n avoid s th e goa l  failure ,  i f  i t  doe s postulat e th e A C T OR performe d th e PREParatio n t o 

avoi d th e goa l  failure .  I n thi s example ,  th e goa l  o f  preservin g freedo m o f  th e kidnappe r  canno t  b e 

thwarte d b y th e infan t  testifying .  A  ne w M O P i s create d indexe d b y th e A G E o f  th e OBJECT (an d no t 

th e hai r  color )  a s show n i n Figur e 4 . 

These example s illustrat e th e proces s o f  creatin g a n explanator y generalize d event .  I n a  mor e realisti c 

set  o f  examples ,  severa l  organizationa l  generalize d event s woul d als o b e create d an d eac h M O P woul d 

inde x a  greate r  numbe r  o f  event s an d sub-MOPs .  Th e poin t  o f  creatin g explanator y generalization s i s t o 

creat e specialize d explanation s fo r  situations .  Wit h onl y m m - C O E R CE i n memory ,  th e explanatio n o f 

kidnappin g a n infan t  woul d b e "Th e A C T O R want s th e VICTI M t o d o something "  Afte r  MOP.32 7 
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(kidnap )  i s created ,  th e explanatio n woul d b e "Th e A C T O R want s a  member  o f  th e OBJECT ' S famil y t o 

giv e hi m money "  Afte r  M O P . 3 4 7 (kidnappin g infants )  i s create d th e explanatio n woul d b e "Th e A C T O R 

want s a  member  o f  th e O B J E C T ' S famil y t o giv e hi m mone y an d th e A C T O R want s t o avoi d bein g 

convicted ,  s o he' s kidnappin g a n infan t  sinc e infant s can' t  testify * 

Conclusion 

O C C AM i s a  progra m whic h organize s memorie s o f  event s an d learn s b y creatin g explanator y 

generalize d events .  I t  addresse s th e issu e o f  decidin g whic h feature s ar e relevan t  i n producin g a 

generalization .  I t  answer s thi s questio n b y proposin g th e relevan t  feature s ar e thos e whic h ar e essentia l  i n 

explainin g wh y th e even t  occurre d (e.g. ,  wh y a  goa l  fails) .  Th e feature s whic h ar e no t  essentia l  t o arrivin g 

at  a n explanatio n ar e exactl y thos e feature s whic h woul d b e expecte d t o var y i n futur e events .  Th e 

unessentia l  feature s ar e no t  use d a s indice s b y O C C A M sinc e the y ar e no t  usefu l  i n understandin g futur e 

events .  O C C A M ca n lear n mor e quickl y an d accuratel y tha n man y previou s system s sinc e i t  relie s o n a n 

explanatio n proces s t o eliminat e unessentia l  feature s rathe r  tha n correlatio n ove r  a  larg e numbe r  o f 

examples .  Indexin g b y relevan t  feature s ha s som e implication s fo r  exper t  system s whic h operat e b y 

recallin g simila r  experiences .  Shoul d a  medica l  exper t  syste m inde x a  cas e b y th e patient' s weight ,  height , 

clothin g o r  jewelry ? Th e answe r  propose d her e i s t o us e thes e a s indice s i n explanator y generalize d event s 

onl y i f  the y ar e essentia l  i n establishin g a  pathologica l  explanation .  Organizationa l  generalize d event s 

describ e thos e situation s wher e a  coincidenc e i s note d bu t  ther e i s n o explanation .  Thes e coincidence s 

migh t  initiat e an d focu s th e searc h fo r  ne w pathologica l  knowledge . 
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