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Universit y o f  Californi a a t  Berkele y 

Berkeley ,  C A 9472 0 U.S.A . 
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A b s t r a c t 

Probabilistic models of pattern completion have several ad-
vantages ,  namely ,  abilit y t o handl e arbitrar y conceptua l  rep -
resentation s includin g compositiona l  structures ,  an d explic -
itnes s o f  distributiona l  assumptions .  However ,  a  ga p i n th e 
theor y o f  inductio n o f  prior s ha s hindere d probabilisti c  mod -
elin g o f  cognitiv e generalizatio n bitises .  W e propos e a  fam -
il y o f  method s parameterize d alon g a  valu e 7  tha t  control s 
th e degre e t o whic h th e probabilit y  distributio n bein g in -
duce d generalize s fro m th e trainin g set .  Th e extreme s o f  th e 
7-continuu m correspon d t o relativ e frequenc y method s an d 
extrem e m a x i m u m entrop y methods .  Th e method s appl y 
t o a  wid e rang e o f  patter n representation s includin g simpl e 
featur e vector s a s wel l  a s frame-lik e featur e D A G s . 

Introduction 

The motivations for this work arise from the shortcomings 

of  existin g theoretica l  framework s i n tw o fields : 

• Many neural network pattern completion models have the 
desirabl e characteristi c o f  bein g inherentl y biase d t o gen -

eraliz e fro m trainin g data .  T w o drawbacks ,  however ,  are : 

(a )  frequentl y ther e ar e n o clearl y specifie d desiderat a o n 

th e natur e o f  statistica l  distribution s t o b e learne d b y a 

neura l  net ,  an d (b )  w e ar e currentl y unabl e t o efficientl y 

represen t  compositiona l  structure s a s featur e vectors. ^ 

• Probabilistic and statistical inductive models, being sym-
bolic ,  ca n easil y handl e compositiona l  structures .  H o w -

ever ,  ther e i s a  lac k o f  model s tha t  ca n b e biase d t o gener -

aliz e fro m trainin g data ;  specifically ,  th e mos t  c o m m o n 

method s fo r  inducin g prio r  probabilit y  distributions — 

relativ e frequenc y prior s an d m a x i m u m entrop y priors — 

ar e inadequate . 

'Thi s pape r  hji s  benefitte d greatl y fro m helpfu l  discussion s wit h 
Terr y Regie r  an d Stev e Omohundro ,  an d I  a m gratefu l  t o M̂ lrt i  Hears t 
fo r  implementin g cod e t o generat e th e induce d distributions .  Thauik s t o 
Nige l  War d fo r  proofreading ,  an d als o t o Rober t  Wilensky ,  Jerom e Feld -
man,  an d th e member s o f  th e BAI R ̂ ln d L q seminars .  Thi s researc h wa s 
sponsore d i n par t  b y th e Defens e Advance d Researc h Project s Agenc y 
(DoD) ,  monitore d b y th e Spac e 2md Nava l  Warfar e System s Command 
unde r  N00039-88-C-0292 ,  th e Offic e o f  Nava l  Researc h unde r  contrac t 
N00014-89-J-3205 ,  an d th e Sloa n Foundatio n unde r  gran t  86-10-3 . 

A numbe r  o f  recen t  proposaJ s emplo y recurren t  net s t o achiev e "dy -
nami c compositionality "  tha t  csu i  sequentiall y "'expan d out "  composi -
tiona l  structure s (e.g. ,  Pollac k 1989 ,  1990) ,  bu t  ther e i s httl e consensu s 
as t o th e limit s o f  suc h approeiches . 

T o addres s thi s ga p w e propos e a  famil y o f  inductiv e meth -

ods ,  calle d th e 7-continuum ,  tha t  ca n b e though t  o f  i n severa l 

ways : 

• From the associationist point of view, a functional specifi-

catio n fo r  a  clas s o f  patter n completio n models . 

• From the learning point of view, a non-Bayesian inductive 

learnin g me tho d fo r  a  probabilisti c  inferenc e engine .  A n 

inductiv e bia s i s  determine d b y a  se t  o f  abstractiv e rela -

tions . 

• From the probability theory point of view, a method for 

generatin g prior s fro m a  trainin g set .  Th e metho d incor -

porate s a n a  prior i  abstractiv e bia s tha t  cause s th e mode l 

t o mak e generalizations . 

Our driving application is probabilistic pattern completion 

t o suppor t  integrate d natura l  languag e parsin g an d semanti c 

interpretation ,  wher e th e pattern s combin e lexical ,  syntactic , 

and semanti c structures .  I n a  probabilisti c  patter n comple -

tio n model ,  th e inpu t  i s  a n abstrac t  o r  partia l  pattern ,  an d 

th e tas k i s t o selec t  th e mos t  probabl e complet e pattern . 

Th e propose d method s ar e mor e flexible  tha n neura l  net -

work s wit h respec t  t o representatio n constraints ;  concept s 

need no t  b e represente d a s featur e vectors ,  bu t  onl y nee d 

t o satisf y a  weake r  semi-lattic e constraint ,  explaine d be -

low .  Limite d form s o f  compositiona l  conceptua l  structur e 

ar e permitted .  A t  th e sam e time ,  th e natur e o f  th e proba -

bilit y  distribution s tha t  ca n b e learne d i s clearl y formulated , 

and thes e distribution s ar e bette r  fo r  modelin g generaliza -

tio n fro m a  trainin g se t  tha n eithe r  relativ e frequenc y o r 

m a x i m u m entrop y priors . 

Our  proposa l  fills  a  ga p i n th e existin g theor y o f  probabil -

it y  distributio n induction .  However ,  i t  i s  no t  intende d tha t 

th e distribution s generate d b y ou r  method s necessaril y b e 

evaluabl e b y computationall y tractabl e means .  Th e meth -

ods ar e information-theoreti c functiona l  specifications ,  fo r 

whic h differen t  approximatio n heuristic s m a y b e appropriat e 

dependin g upo n th e domain . 

P a t t e r n S t r u c t u r e a n d t h e A b s t r a c t i o n S p a c e 

We shal l  onl y conside r  example s wher e th e pattern s (in -

stances )  ar e encode d usin g feature-vecto r  an d feature-DA G 

(frame-like )  representations ,  thoug h th e interna l  structur e o f 

pattern s i s o f  n o consequenc e t o th e inductiv e method s an d 

m a ny othe r  representation s coul d b e use d a s well .  Th e se t 

949 



XA 

T^ xl Obi Tx 

i x lo x r u 

F igur e 1 :  Featur e abstractio n semi-lattices . 
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Figur e 2 :  Semi-lattice s fo r  (a )  incomple t e featur e abstraction , 

(b )  position-insensitiv e featur e abstraction . 

of  possibl e pattern s mus t  b e finit e (thoug h arbitraril y  large ) 

an d form s th e spac e o f  simpl e events .  T o perfor m patter n 

completio n usin g probabilisti c  inference ,  w e nee d t o k n o w 

th e probabilit y  distributio n ove r  thes e events . 

C o m p o u nd event s constitut e abstraction s ove r  group s o f 

patterns .  Not e tha t  al l  pattern s ar e define d t o b e simpl e 

events ;  c o m p o u n d event s o r  abstraction s ar e no t  prope r  pat -

terns ,  bu t  partia l  o r  incomplet e patterns .  Thi s usag e shoul d 

not  b e confuse d wit h th e conventiona l  A I  us e o f  th e notio n 

of  abstractio n a s a n epistemologice J relationshi p betwee n tw o 

concepts . 

T h e shap e o f  th e abstractio n hierarch y i s determine d b y 

a se t  o f  abstractiv e relations .  Figur e 1  shows ,  fo r  2 -  an d 

3-bi t  vecto r  patterns ,  th e hierarch y determine d b y a  feature -

abstractiv e relatio n tha t  substitute s "x "  o r  "don' t  care "  bit s 

fo r  featur e values.  T h e lea f  node s ar e complet e pattern s (sim -

pl e events) ;  th e interna l  node s ar e incomplet e pattern s (com -

poun d events) . 

I n a  patter n completio n task ,  th e inpu t  i s a n interna l  nod e 

representin g a n abstrac t  o r  partia l  pattern .  T h e tas k o f  com -

pletin g th e patter n correspond s t o selectin g th e mos t  prob -

abl e lea f  nod e (complet e pattern )  unde r  th e interna l  node . 

(Th e ter m "simpl e event "  i s s o m e w h a t  counterintuitiv e w h e n 

speakin g o f  complet e patterns ,  whic h ar e m o r e fleshe d ou t 

tha n incomplet e ones. ) 

Min ima l  constraint s ar e impose d o n th e shap e o f  th e ab -

stractio n space .  I n fact ,  th e onl y constrain t  i s  tha t  th e ab -

stractiv e relation s mus t  determin e a  semi-lattic e hierarchy , 

mean in g tha t  fo r  an y tw o concept s ther e mus t  b e a  uniqu e 

leas t  uppe r  boun d (mos t  specifi c  c o m m o n ancestor) .  Fig -

ur e 2  show s othe r  usefu l  example s o f  abstractiv e relations . 

T h e sort s o f  pattern s tha t  motivate d developmen t  o f  th e 

7-continuu m ar e m o r e comple x tha n feature-vectors .  Thes e 

patterns ,  whic h deriv e f ro m semanti c networ k an d predi -

cat e logi c languages ,  ca n b e represente d a s feature-DAGs , 

an d allo w compositiona l  structure s an d variabl e unification . 

Figur e 3  show s tw o (complete )  pattern s tha t  demonstrat e 

h o w feature-DA G representation s ca n b e use d (th e detail s 

ar e unimportan t  here) .  A n exampl e o f  a  feature-DA G repre -

sentin g pla n decompositio n i s show n i n (a) .  Fo r  ou r  parsin g 

an d interpretatio n application ,  a  sampl e feature-DA G fo r  th e 

nomina l  c o m p o u n d weeken d gues t  i s show n i n (b) .  Detail s 

o n h o w w e m a p unification-gramma r  structure s int o feature -

(a ) 
lab̂ BARTu-a i 

w>lku>.|loi > buylicb i  liil e n i n 

(b ) 
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fUS I 

Figur e 3 :  Featur e D A G s (se e text) . 
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Figur e 4 :  Semi-lattic e fo r  a  feature-DA G patter n space .  Th e lea f 

node s (shaded )  ar e th e simpl e events .  Her e eac h feature-DA G 

i s restricte d t o dept h 2  an d branc h facto r  2 ;  ther e ar e onl y tw o 

concept s a  an d 6 ,  an d a  i s superordinat e t o h ;  an d ther e ar e tw o 

primitiv e role s x  an d y  tha t  combin e t o for m a  thir d composit e 

rol e z . 

D A Gs (fo r  a  simple r  probabilit y  model )  ar e give n i n a n earlie r 

pape r  ( W u 1990) . 

Give n thes e sort s o f  feature-DA G patterns .  Figur e 4  show s 

th e semi-lattic e determine d b y the  abstractiv e relation s w e 

use  fo r  ou r  parsin g an d semanti c interpretatio n model ,  mak -

in g som e simplifyin g restrictions .  T h e abstractiv e relation s 

determin e h o w t o generat e al l  th e ancestor s o f  an y pattern . 

T h e fou r  relation s use d her e are :  superordinat e concep t  sub -

stitutio n (a n ancesto r  ca n b e generate d b y replacin g an y con -

cep t  wit h a  superordinat e concept) ,  s u b - D A G partitio n (a n 

ancesto r  ca n b e generate d b y extractin g an y partitio n tha t 

i s  itsel f  a  D A G ) ,  concep t  unificatio n optio n (a n ancesto r  ca n 

be generate d b y addin g a n optio n t o unif y an y tw o compat -

ibl e concepts) ,  an d rol e de-unificatio n optio n (a n ancesto r 

ca n b e generate d b y addin g a n optio n no t  t o unif y th e prim -

itiv e role s comprisin g a  composit e role) .  Thes e abstractiv e 

relation s m a k e i t  possibl e t o represen t  suc h thing s a s th e 

conditiona l  probabilit y  o f  tw o role s o r  fillers  bein g unified , 

somethin g feature-vecto r  model s hav e difficult y with . 
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I n d u c t i v e M e t h o d s fo r  P robab i l i s t i c  M o d e l s 

Th e proble m o f  inducin g probabilit y  distribution s fro m a 

finite  sample ,  o r  trainin g set ,  ha s a  lon g history .  I n th e 

past ,  m u c h debat e abou t  th e validit y o f  variou s proposal s 

has arise n fro m differen t  interpretation s o f  probai)ilit y  the -

or y (se e Weatherfor d 1982 ;  Hackin g 1975 ;  Mortim. T 1988 ; 

Cheeseman 1985) .  Probabilit y  theory ,  a s a  mathematica l 

framework ,  ca n legitimatel y b e appropriate d fo r  differen t 

purposes ,  s o lon g a s th e interpretatio n i s m a d e clear .  Thre e 

of  th e mai n school s ar e subjectiv e probabilities ,  whic h denot e 

degree s o f  belief ;  relativ e frequenc y probabilities ,  whic h de -

not e real-worl d physica l  properties ;  an d logica l  probabilities , 

whic h ar e purel y logica l  relations .  T h e acquisitio n o f  prior s 

i s a  proble m tha t  plague s al l  probabilisti c  inferenc e mecha -

nisms ,  includin g th e widel y use d Bayesia n network s (Pear l 

1988 ;  natura l  languag e interpretatio n i s don e b y Go ldma n & 

Charnia k 1990) ,  bu t  littl e i f  an y wor k ha s attempte d t o in -

terpre t  th e prior s a s a  mode l  o f  th e a  prior i  cognitiv e biase s 

tha t  giv e ris e t o generalizatio n tendencies . 

Assume w e hav e a  probabilisti c  patter n completio n engine . 

W h at  shoul d it s prior s be ,  i.e. ,  wha t  i s a  legitimat e sourc e 

of  initia l  probabilities ? A n y se t  o f  prior s incorporate s biases ; 

ther e i s n o suc h thin g a s absolutel y uninformativ e priors . 

(Equiprobabilit y  a m o n g al l  event s i s deceptive :  splittin g an y 

one even t  int o tw o cause s al l  othe r  probabilitie s t o b e revise d 

fo r  n o logicall y justifiabl e reason. ) 

However ,  th e fac t  tha t  prior s incorporat e a  bia s i s a  plu s 

rathe r  tha n a  negative ,  give n tha t  ou r  purpos e i s t o mode l  hu -

m an inductiv e generalization .  T h e importan t  thin g i s jus t  t o 

matc h th e model' s bia s a s closel y t o a  human' s a s possible. ^ 

Thi s put s ou r  us e o f  probabilit y  i n th e subjectivis t  school , 

relate d t o logica l  probabilitie s bu t  outsid e th e relativ e fre -

quentis t  school .  W e no w examin e w h y tw o o f  th e mos t  com -

monl y use d method s fo r  establishin g prior s ar e no t  suitabl e 

fo r  ou r  purpose . 

Ther e ar e tw o mai n problem s wit h settin g th e prio r  dis -

tributio n equa l  t o th e relativ e frequenc y distributio n i n th e 

trainin g set .  Th e first  proble m hold s fo r  bot h subjectiv e an d 

logica l  probabilit y  models :  an y even t  no t  i n th e trainin g se t  i s 

assigne d zer o probability .  Fo r  example ,  i n ou r  nomina l  com -

poun d interpretatio n domain ,  m a n y nomina l  compound s lik e 

weeken d gues t  ar e nove l  construction s on e woul d no t  neces -

saril y  expec t  i n a  trainin g set .  Nonetheless ,  a  nonzer o prob -

abilit y  shoul d b e assigne d t o th e bes t  interpretation .  Th e 

majo r  contributio n o f  Carnap' s (1952 ,  1962 )  classi c wor k o n 

logica l  probabilit y  i s  a  solutio n t o th e zero-probabilit y  prob -

lem ,  calle d th e A-continuu m o f  inductiv e methods .  Thi s i s 

a famil y o f  method s fo r  inducin g a  prio r  distributio n fro m a 

sampl e (trainin g set) ,  parameterize d b y A .  H  A  =  0  th e prior s 

ar e exactl y th e relativ e frequencies ,  bu t  i f  A  >  0  ther e ar e n o 

nonzer o prio r  probabilities .  A t  A  =  o o equiprobabl e prior s 

ar e assigne d t o al l  simpl e events ,  an d ther e i s n o sensitivit y 

t o th e sample . 

The secon d proble m hold s fo r  subjectiv e probabilit y  mod -

els :  usin g th e relativ e frequenc y distributio n fro m th e train -

Î t  i s  beyon d ou r  presen t  scop e t o offe r  methodologicc d guideline s 
fo r  matchin g biases . 

in g se t  permit s n o generalization .  Ye t  h u m a n learner s gen -

eralize .  Neura l  networ k researc h ha s demonstrated ,  fo r  a 

number  o f  differen t  neura l  models ,  plausibl e way s i n whic h 

generalizatio n biase s ca n b e inherent ,  e.g. ,  restrictin g hid -

den laye r  sizes .  Thi s i s actuall y a  stronge r  versio n o f  th e 

first  problem ;  th e reaso n w e d o no t  wan t  zer o probabilitie s 

assigne d t o nove l  event s i s tha t  som e generalizatio n ough t 

t o occu r  an d thu s giv e nonzer o probabilitie s t o nove l  events . 

None o f  Carnap' s method s perfor m generalization :  a n even t 

i n th e trainin g se t  neve r  raise s th e probabilit y  fo r  othe r  sim -

ila r  events .  T h e probabilit y  fo r  th e bes t  interpretatio n o f 

weeken d gues t  shoul d no t  onl y b e nonzero ,  bu t  i n fac t  shoul d 

be greate r  tha n tha t  o f  an y othe r  interpretation ,  becaus e o f 

it s  similarit y t o othe r  event s tha t  ar e i n th e trainin g se t  suc h 

as ,  say ,  holida y visitor . 

Of  th e method s fo r  inducin g prior s tha t  allo w generaliza -

tion ,  m a x i m u m entrop y ha s bee n th e mos t  popula r  metho d 

(Cheesema n 1987 ;  Jayne s 1979) .  Give n som e se t  o f  proba -

bilitie s fo r  compoun d event s (join t  probabilities) ,  th e proba -

bilitie s fo r  simpl e event s ar e compute d b y choosin g th e dis -

tributio n tha t  maximize s a n entrop y measur e 

c 

«=i 

whil e stil l  satisfyin g th e give n join t  probabilit y  constraints . 

I n othe r  words ,  wha t  m a x i m u m entrop y doe s i s fill  i n prob -

abilitie s t o complet e th e join t  distribution ,  give n constraint s 

on th e value s fo r  som e o f  th e probabilities .  Ther e ar e 

information-theoreti c argument s tha t  thi s metho d minimize s 

th e amoun t  o f  informatio n assumed .  M a x i m u m entrop y 

method s d o no t  specif y whethe r  join t  probabilitie s ar e rel -

ativ e frequencies ,  bu t  thi s i s usuall y assumed . 
T h e proble m wit h usin g m a x i m u m entrop y method s fo r 

generalizatio n i s tha t  the y d o no t  specif y ho w t o choos e whic h 

compoun d event s t o assig n probabilitie s to .  Trainin g set s 

contai n simpl e events ,  no t  compoun d events .  T h e relativ e 

frequenc y distributio n fo r  th e simpl e event s full y  determine s 

th e join t  distributio n fo r  compoun d events—ther e i s n o roo m 
fo r  makin g generalizations .  I n orde r  t o ge t  generalizations , 

some o f  th e simpl e events '  probabilitie s mus t  b e discarde d 

(a s wel l  a s som e o f  th e compoun d events '  probabilities ,  fo r 

eve n mor e generalization )  an d the n recompute d b y maxi -

m u m entropy .  (Thi s i s generalizatio n because ,  fo r  example , 
i f  fo r  som e compoun d event ,  m a x i m u m entrop y replace s al l 

it s  simpl e events '  probabilitie s wit h equa l  probabilities ,  an d 

th e simpl e event s originall y ha d differen t  trainin g se t  frequen -

cies ,  effectivel y a  singl e generalizatio n abou t  al l  th e simpl e 

event s comprisin g th e compoun d even t  i s made. )  M a x i m u m 

entrop y doe s no t  specif y whic h probabilitie s t o discard ,  an d 

dependin g o n this ,  differen t  generalization s wil l  b e made .  I n 

th e extreme ,  i f  al l  relativ e frequencie s ar e discarded ,  max -

i m u m entrop y make s al l  simpl e event s equiprobable ;  thi s 

i s extrem e over-generalizatio n becaus e i t  generalize s ever y 

trainin g even t  t o al l  othe r  simpl e events . 

W h at  w e propos e i s a  continuu m o f  method s tha t  var y 

accordin g t o a  paramete r  7  tha t  control s ho w m u c h general -

izatio n occurs .  T h e extrem e end s o f  th e continuu m tur n ou t 
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Figur e 5 :  Effec t  o f  a  trainin g instanc e 01 0 

t o b e th e s a m e a s Carnap' s A-continuum .  However ,  wher e A 

dictate s th e degre e o f  sensitivit y t o th e trainin g set ,  7  dic -

tate s th e degre e o f  generalizatio n fro m th e trainin g set .  A t 

7 =  0  n o generalizatio n i s  don e an d th e prior s ar e th e rela -

tiv e frequencies ,  an d a t  7  =  0 0 w e ge t  th e ma j c imu m entrop y 

over-generalizatio n extreme . 

T h e 7-continuu m o f  M e t h o d s 

Denot e th e se t  o f  concept s o r  simpl e event s b y Q  = 
{?i ,  92 ,  •  •• ,  9c} ,  an d le t  X  b e a  rando m variabl e wit h value s 
rangin g ove r  Q .  Give n a  trainin g vecto r  T  =  (<i,<2 ,  •  •  -.^n ) 
wher e t i  G  Q , 

Pi %' Pr{X = «.) 'i' 1 Yl "orm[2-<'(«-'")/^] 
n =  l 

where norm means normalization to 1 as follows: 

^ '  -  A T 2 ^  r 

an d d{qa,qb )  i s  th e logica l  distanc e betwee n tw o simpl e 

events .  T h e logica l  distanc e derive s fro m th e bia s give n b y 

th e abstractiv e relations .  I t  i s  define d i n term s o f  th e logica l 

clas s cardinalit y 

lcc(qa,qb) = \leaves{lub{qa,qb))\. 

The logical distance is then 

d{qa,qb) = log2ilcc{qa,qb)) = log2\leaves(lub{qa,qb))\. 

fo r  (a )  7  =  0.5 ,  (b )  7  =  1 ,  an d (c )  7  =  2 . 

proportio n tha t  depend s o n logica l  distance .  Fo r  eac h train -

in g instanc e < „  tha t  i s  a  simpl e even t  qj ,  i f  th e proportio n 

of  th e "unit "  give n t o th e simpl e even t  i s  Uj ,  the n th e pro -

portio n u ,  give n t o an y othe r  simpl e even t  q i  satisfie s th e 

constrain t 
^  _  2-''(?..«>)/- ^ 
Uj 

Let us first examine the extreme-case behavior. At 7 = 0, 

Ui/u j  =  0  an d s o u ^  =  0  fo r  al l  i  ̂  j  an d U j  =  1 ,  thu s 

degeneratin g int o th e relativ e frequenc y method .  A t  7  =  00 , 

Ui/u j  =  1  an d s o u, -  =  U j  fo r  al l  i ,  thu s incrementin g ever y 

simpl e even t  equally ,  regardles s o f  wha t  th e trainin g instanc e 

is . 

N o w conside r  agai n th e simpl e binary-tre e space ,  an d ex -

amin e th e effec t  o f  a  singl e trainin g instanc e 01 0 assum -

in g 7  =  1  a s i n Figur e 5(b) .  T h e greates t  proportio n i s 

uoi o =  0.4 ,  followe d b y a  lesse r  proportio n fo r  th e closes t 

simpl e even t  uoi i  =  0.2 ,  a  stil l  lesse r  proportio n fo r  uqo o = 

"00 1 =  0.1 ,  an d finally  uio o =  uio i  =  " n o =  «ii i  =  0.05 . 
Figure s 5(a )  an d (c )  sho w h o w th e valu e o f  7  control s th e de -

gre e t o whic h th e "unit "  i s  "smeared "  towar d progressivel y 

dissimila r  familie s o f  events ;  th e m o r e "smear" ,  th e mor e 

generalization . 

As a  slightl y m o r e comple x example ,  conside r  agai n th e 

patter n spac e o f  Figur e 4 .  A  trainin g se t  containin g 10 0 in -

stance s wa s used .  Figur e 6  compare s generalizatio n behav -

io r  fo r  thre e differen t  value s o f  7 .  I n (a) ,  7  =  0  an d s o th e 

distributio n i s  exactl y th e relativ e frequenc y o f  th e trainin g 

instances .  T h e non-unifor m smoothin g o f  th e distributio n i n 

(b )  an d (c )  show s th e effec t  o f  th e abstractiv e bias . 

T h e join t  probabilit y fo r  an y c o m p o u n d even t  i s jus t  th e 

s u m o f  al l  it s  simpl e events '  probability .  I f  a  c o m p o u n d even t 

i s comprise d o f  a  se t  o f  simpl e event s {si ,  S2,... ,  Sr }  wher e 

Si  E  Q ,  the n 

«'= i  . 

Fo r  e x a m p l e ,  conside r  th e s imp l e binary-tre e spac e f r o m 

Figur e 2(a) .  T h e leas t  uppe r  boun d /u6(000,001 )  i s  OOx, 

whic h ha s onl y th e tw o leave s 00 0 an d 001 .  T h u s th e logica l 

clas s cardinalit y /cc(000,001 )  =  2 ,  an d th e logica l  distanc e r 

d (000,001) = 1 .  Similarly ,  th e logica l  distanc e <i(000,100 )  =  P r { X €  {si ,  sz,... ,  Sr} )  =  ^ 

/o^j S =  3 .  (Th e logica l  distanc e betwee n a  nod e an d itsel f 

i s  alway s /o^j l  — 0 )  ^ ^  •'h e genera l  case ,  logica l  distance s 
fo r  semi-lattice s ar e usuall y non-integers ;  i n Figur e 4  th e 

logica l  distanc e betwee n th e tw o leave s marke d wit h asterisk s 

i s log^Q -
Intuitively ,  logica l  distance s encod e a n a  prior i  semanti c 

distanc e metri c fro m th e built-i n inductiv e bia s se t  u p b y th e 

abstractiv e relations .  I n relativ e frequenc y methods ,  eac h 

tim e a  simpl e even t  occur s i n th e trainin g set ,  it s  frequenc y 

i s incremente d b y 1 .  W e ca n vie w thi s a s addin g on e "uni t 

of  count "  t o th e simpl e event .  T h e 7-continuu m method s 

instea d distribut e th e "unit "  a m o n g al l  simpl e events ,  i n a 

1 ^ 

N ^ 

2-d(»„tn) h 

„t 1 [ E L i  2-''(-.*»)/- ] 

C o n c l u s i o n 

Th e lac k o f  theoretica l  tool s ha s hampere d th e stud y o f  ho w 

a prior i  biases—especiall y  abstractiv e biases—i n a  patter n 

completer' s conceptua l  representatio n syste m affec t  th e ten -

denc y t o generalize .  Generalizatio n i s  necessar y whe n th e 

siz e o f  th e trainin g sampl e i s smal l  compare d t o th e siz e o f  th e 

domain ,  a  conditio n tha t  almos t  alway s obtain s i n th e rea l 
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Figur e 6 :  Generalizatio n behavio r  fo r  (a )  7  =  0 ,  (b )  7  =  0.8 ,  an d 

( c )7= l . 

world ,  i n particula r  fo r  h u m a n languag e acquisitio n an d in -

terpretation .  Althoug h neura l  network s d o perfor m general -

izatio n becaus e o f  thei r  representationa l  bieises ,  th e networ k 

compressio n lose s s o m u c h informatio n tha t  i t  i s  difficul t  t o 

tel l  wha t  distributio n i s bein g learned ;  an d moreove r  suc h 

network s d o no t  (yet )  handl e compositiona l  structure s effec -

tively .  Th e famil y o f  method s w e hav e propose d provide s a 

declarativ e mean s t o mode l  differen t  abstractiv e biases ,  an d 

makes al l  induce d distribution s explicit . 

Th e investigato r  mus t  stil l  determin e empiricall y wha t 

concep t  spac e an d abstractiv e relation s ar e bes t  fo r  model -

in g cognitiv e biase s i n give n domains .  Moreover ,  fo r  partic -

ula r  domain s an d abstractiv e relations ,  onl y empirica l  test s 

wil l  tel l  wha t  value s o f  7  ar e useful .  W e ar e currentl y test -

in g thes e method s fo r  parsin g an d interpretin g a  corpu s o f 

nomina l  compounds ,  usin g a n abstractiv e bia s derivin g fro m 

semanti c networ k taxonomies . 

Anothe r  futur e directio n i s th e logica l  distanc e metric . 

Weightin g scheme s ca n b e adde d t o th e logica l  structur e t o 

provid e mor e a  flexibl e modelin g tool .  Also ,  ther e ar e othe r 

possibl e logica l  distanc e metric s tha t  posses s th e sam e essen -

tia l  characteristics . 

Becaus e o f  th e siz e o f  th e even t  spac e fo r  practica l  do -

mains ,  heuristi c approximatio n method s ar e neede d t o eval -

uat e thes e distributions .  Whethe r  heuristic s ca n b e use d de -

pend s o n th e type s o f  abstractiv e relations .  I n th e cas e o f  th e 

abstractiv e relation s w e us e fo r  parsin g an d interpretation , 

we ar e investigatin g variou s greed y algorithm s includin g par -

alle l  intersectio n searc h technique s lik e marke r  passin g ( W u 

1989) .  Also ,  w e ar e studyin g whethe r  existin g neura l  net -

work s o r  othe r  statistically-base d model s o f  generalizatio n 

ca n functio n a s heuristi c approximatio n method s fo r  certai n 

type s o f  abstractiv e relations . 
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