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Abstrac t 

We present an unsupervised learning methodology derived 
fro m compac t  dat a encodin g an d demonstrat e ho w t o consUuc t 
model s o f  polysemy ,  priming ,  semanti c disambiguatio n an d 
learnin g usin g thi s theoretica l  basis .  Th e mode l  i s capabl e o f 
simulatin g human-lik e performanc e o n artificia l  gramma r 
learning . 

Introduction 

William of Occam suggested a mechanism for deselect-
in g model s give n nothin g bu t  example s o f  a  process . 
Occam' s suggestion ,  no w know n a s Occam' s Razor ,  posit s 
tha t  amon g th e model s tha t  explai n a  phenomena ,  th e sim -
ples t  o r  mos t  parsimoniou s shoul d b e chosen .  Kar l  Popf)e r 
rejecte d Occam' s Razo r  a s a  methodologica l  advanc e t o 
inductiv e inferenc e becaus e h e fel t  i t  wa s to o subjectiv e 
(Popper ,  1959) .  Solomonof f  (1964) ,  however ,  agai n investi -
gate d inductiv e inference ,  o r  learnin g classificator y rule s an d 
model s from  examples ,  a s a  forma l  topi c i n informatio n the -
or y an d statistics .  Th e solutio n t o Popper' s quandar y pro -
pose d b y Solomonoff ,  an d late r  develope d b y Rissane n 
(1978) ,  wa s t o conside r  th e concep t  o f  simplicit y a s derive d 
from  informationa l  code-length .  Unde r  thi s formulation ,  th e 
statistica l  propertie s o f  a n exampl e dat a strea m ar e use d t o 
estimat e th e propertie s o f  a  communicatio n mode l  tha t  ca n 
be use d t o transmi t  th e shortes t  possibl e message .  I n s o 
doing ,  th e communicato r  mus t  encod e a s muc h redundanc y 
i n th e dat a a s possibl e i n thei r  message .  Th e subjectivit y o f 
Popper  i s replace d b y a n objectiv e measur e o f  informatio n 
conten t  derive d fro m th e statistica l  propertie s o f  th e dat a an d 
propose d model .  Th e en d resul t  i s  tha t  th e min imu m encod -
in g o f  th e dat a strea m result s i n m a x i m u m accurac y o f  th e 
prediction s o f  th e model . 

I n thi s paper ,  th e consequence s o f  th e code-lengt h for -
mulatio n o f  inductiv e learnin g ar e investigated .  A  mode l  i s 
presente d tha t  effectivel y account s fo r  th e acquisitio n o f  th e 
relationship s betwee n term s wit h multiple ,  distinc t  meaning s 
(polysemy )  usin g thi s approac h t o compac t  dat a coding .  Fur -
ther ,  th e sam e techniqu e i s show n t o mode l  huma n perfor -
mance o n artificia l  gramma r  learnin g an d strin g recal l 
experiments ,  an d t o explai n th e wa y i n whic h meaning s ar e 
observe d t o b e activate d durin g readin g (lexica l  priming ) 
(eg. ,  McNamara ,  1992) . 

Bayes '  T h e o r e m a n d C o m p a c t  C o d i n g 

We ca n formulat e th e proble m o f  mode l  selectio n fo r 
dat a a s a n extensio n o f  Bayes '  Theorem .  I f  w e conside r 

Bayes '  Theore m operatin g o n dat a D  an d statistica l  model s 

M 

,(„,„, ,  n o M ^ (1 ) 

we ar e the n intereste d i n comparin g th e posterio r  probabilit y 
of  differen t  model s give n th e data .  I f  w e constrai n ou r  mod -
el s t o jus t  a  specifi c  clas s o f  models ,  the n w e ar e intereste d 
doin g th e sam e compariso n ove r  th e mode l  parameteriza -
tion s withi n tha t  class : 

argma x P (M\D )  =  argma x 
M M 

P (D \M)P {M ) 

PCD) 
(2 ) 

wher e M i s th e mode l  class .  Applyin g -lo g t o bot h sides ,  an d 

droppin g th e a  prior i  distributio n o f  th e dat a (th e prio r  dat a 
disfributio n i s constan t  ove r  models )  yield s 

aigmi n [-log/'(D|A/)-log/'(M) ] 
M 

(3 ) 

whic h say s tha t  w e ca n choos e th e bes t  mode l  fo r  a  give n se t 

of  dat a b y choosin g th e mos t  probabl e mode l  P(A/ )  tha t  als o 

encode s th e dat a i n th e mos t  probabl e manne r  P ( D \ M ) .  Not e 

tha t  thi s i s simpl y th e m a x i m u m a  posterior i  formul a i n th e 
spac e o f  model s an d data .  B y usin g th e base- 2 logarithm ,  thi s 
same formul a ca n als o b e interprete d a s meanin g tha t  a  dat a 

model  cost s \M \  bit s t o encod e (wher e \M \  i s th e bi t  lengt h 

of  th e model )  plu s additiona l  bit s t o specif y th e dat a usin g 
thi s encoding .  Th e tw o interpretation s ar e reall y onl y equiva -
len t  i f  th e a  prior i  mode l  distributio n i s th e universa l  prio r 
on th e mode l  length . 

P{M)  =  2 - m (4 ) 

but  th e relationshi p i s arguabl y justifiabl e (L i  an d Vitanyi , 
1997 ,  bu t  als o se e Baxte r  an d Oliver ,  1995) ,  o r  a t  leas t  defen -
sibl e a s a  heuristi c (d e Marcken ,  1996) .  Th e additiona l  cos t 

t o encod e th e dat a usin g tha t  mode l  i s  - \ogP(D\M) .  W e the n 

want  t o choos e th e mode l  tha t  minimize s th e combine d cod -
in g cost s o f  dat a an d model . 

Rissane n (1978 )  characterize d thi s approac h a s th e Min -
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i m u m Descriptio n Lengt h ( M D L )  principle .  M D L ha s bee n 
applie d i n prunin g decisio n tre e model s (Quinla n an d Rivest , 
1989) .  gramma r  inductio n (d e Marcken ,  1996 )  an d neura l 
networ k trainin g (Hinton ,  et .  ai ,  1995) ,  whil e th e subclas s o f 
m a x i m u m entrop y model s ha s foun d wid e applicatio n i n 
imag e reconstructio n an d dat a analysi s (Smit h an d Grandy , 
1982) . 

Parsimony Networks and Word Meaning 

A Parsimon y Networ k (PN )  i s a n applicatio n o f  compac t 
codin g tha t  ca n b e use d t o mode l  th e causativ e an d correla -
tiv e relationship s a m o n g data .  A  P N i s represente d a s a  hier -
archica l  networ k wit h th e hierarch y g row n usin g a 
concatenativ e model .  T h e specifi c  applicatio n tha t  w e wil l 
pu t  P N s t o i n thi s sectio n i s th e proble m o f  learnin g poiyse -
m o us ter m relationship s fro m a  collectio n o f  documents .  T h e 
P N i s self-organizing ,  startin g wit h onl y th e mos t  basi c syn -
tacti c element s an d growin g hierarchica l  structur e t o accoun t 
fo r  co-occurrenc e pattern s i n th e data . 

A s a  primar y exeunple ,  le t  u s imagin e tha t  w e hav e a  col -
lectio n o f  3 6 document s tha t  contai n varie d distribution s o f 
th e term s m o n e y ( M ) ,  ban k (B) ,  river  (R )  an d finance  (F )  a s 
give n b y th e followin g tabl e o f  ter m co-occurrence s (entr y 

m,j  i s  th e n u m b e r  o f  document s i n whic h term s w ,  an d w j 

bot h occur) . 

Table 1: Document co-occurrence counts for terms 

\ M 

•^  m " ^ 
B ^ 
F 

B 

25 

F 

10 

H ^ 

R 

1 

10 

s H ^ ^ ^ H 

Not e tha t  althoug h F  an d B  d o no t  explicitl y  co-occur , 
we woul d hop e tha t  th e P N procedur e woul d find  a  connec -
tio n betwee n the m becaus e o f  th e chai n o f  connection s fro m 
M / F an d M/B .  Further ,  th e procedur e shoul d automaticall y 
determin e tha t  th e M / R an d R/ F co-occurrence s ar e spurious . 

We ca n buil d a  parsimon y networ k b y considerin g th e 
codin g proble m a s follows .  Suppos e w e wan t  t o communi -
cat e th e document s t o someone .  Th e simples t  encodin g 
woul d b e t o transmi t  a  documen t  star t  symbo l  followe d b y 
codeword s fo r  eac h wor d i n th e document ,  the n th e nex t  doc -
ument  star t  symbol ,  an d s o forth .  I f  w e assum e w e d o no t 
car e abou t  wor d order ,  however ,  pair s an d group s o f  term s 
co-occu r  significantl y enoug h tha t  w e ma y wan t  t o grou p 
the m togethe r  i n ou r  codeboo k an d assig n the m a  uniqu e 
codeword .  Tha t  wa y th e entir e grou p o f  term s coul d b e com -
municate d b y a  singl e codeword .  W e onl y wan t  t o d o thi s 
grouping ,  however ,  whe n th e lengt h o f  th e ne w entr y i n ou r 
codeboo k i s mor e tha n offse t  b y th e saving s w e achiev e i n 
transmittin g th e dat a usin g thi s modifie d codebook . 

To buil d th e PN ,  w e mus t  us e a  heuristi c t o searc h th e 
spac e o f  concatenativ e model s tha t  operat e o n th e co-occur -
renc e matrix .  W e ca n gues s tha t  a  relativel y hig h frequenc y 
of  co-occurrenc e shoul d lea d t o a n improve d encoding , 
althoug h w e mus t  us e a  generate-and-tes t  styl e heuristi c t o 
examin e th e spac e o f  potentia l  codewor d merge s t o deter -

min e a  (locally )  optima l  model .  Firs t  conside r  th e incremen -
ta l  progressio n fro m a  codeboo k containin g onl y codeword s 
fo r  documents ,  followe d b y th e progressiv e additio n o f  ter m 
merges , 

U 

U+BM 

U+BM+BR 

U+BM+BR+FM 

U+BM+BR+FM+(BM)(FM) 

where U is the lexicon populated only by the single elements 
B,  M ,  R  an d F .  Th e cost s fo r  performin g thes e merge s ar e 
give n i n th e followin g table ,  wher e th e bi t  cos t  o f  lexica l 
entrie s an d dat a ar e inversel y proportiona l  t o th e (negative ) 
lo g probabilit y  o f  a  symbo l  i n th e complet e message : 

Table 2: Description lengths of lexicon, data, and 

combine d lexico n an d dat a fo r  merg e operations . 

u 
U + BM 

U + B M + BR 

U + B M + B R + FM 

U + B M + B R + F M+ 
(BM)(FM ) 

Lexico n 
(bits ) 

8.7 6 

13.1 6 

21.3 8 

34.7 4 

45.6 7 

Dat a 

(bits ) 

175.3 9 

163.5 6 

146.1 0 

130.4 3 

125.1 7 

Tota l 
(bits ) 

184.1 4 

176.7 2 

167.4 8 

165.1 6 

170.8 4 

T h e final  entr y include s a  merg e betwee n tw o merge d enti -
ties ,  an d i s no t  successfu l  becaus e th e merg e o f  th e B M an d 
F M entitie s doe s no t  resul t  i n a  decreas e i n th e overal l 
descriptio n lengt h o f  th e data . 

Give n th e se t  o f  merge s i n Tabl e 2 ,  th e P N ca n b e con -
structe d b y choosin g th e m i n i m u m tota l  descriptio n lengt h 
model  see n thu s fa r  ( U + B M + B R + F M)  an d constructin g node s 
fo r  eac h entit y i n th e lexicon ,  wit h connection s betwee n eac h 
nod e tha t  i s  subsume d b y tha t  entity .  T h e documen t  code -
words ,  althoug h considere d constant s fo r  th e previou s argu -
ment ,  m a y als o b e considere d a s par t  o f  th e lexicon .  Th e 
grap h i s constructe d i n a  bottom-u p fashion ,  wit h al l  o f  th e 
documen t  word s servin g a s lea f  node s a t  th e bottom .  T h e 
first-level  merge s ar e the n added ,  wit h connection s t o th e 
word s tha t  the y encode .  Thi s continue s unti l  th e pars e tre e o f 
th e lexico n i s  fiill y  represented .  A  documen t  laye r  ca n the n 
be adde d wit h connection s t o al l  o f  th e lexica l  entitie s 
neede d t o encod e th e data .  T h e complet e P N fo r  thi s dat a i s 
show n i n Figur e 1 . 

Further ,  w e ca n associat e a  weigh t  wit h eac h connectio n 
i n th e networ k b y estimatin g th e conditiona l  probabilitie s 
tha t  connecte d node s occu r  i n th e sam e document .  Fo r  exam -
ple ,  fo r  th e edg e connectin g B A N K t o R I V E R - B A N K ,  w e 
woul d calculat e a  weigh t  tha t  i s  equa l  t o 

P(RB\B )  = 
N, 

(S) 
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wher e N^ b i s th e numbe r  o f  document s tha t  contai n R I V E R 

and B A N K (10) ,  an d N g i s th e numbe r  o f  document s tha t 

contai n B A N K alon e (35) .  W e trea t  th e networ k a s a  Marko v 
Network ,  simila r  t o a  Bayesia n Networ k bu t  withou t  th e 
restrictio n tha t  th e representatio n b e a  D A G (directe d acycli c 
graph) .  Instead ,  w e wil l  b e satisfie d i f  w e ca n captur e corre -
lationa l  relationship s a s oppose d t o thos e tha t  ar e definitivel y 
causal .  Usin g th e Marko v Network ,  w e ca n calculat e th e 
margina l  probabilitie s o f  documents ,  merge-node s an d lea f 
term s give n evidenc e o f  on e o r  mor e lea f  terms .  Fo r  exam -

ple ,  th e activatio n o f  B A N K wit h P(B )  wil l  caus e update s 

throughou t  th e network ,  startin g wit h th e R B node : 

P ( F M)  =  (10/35)(l/2 )  =  0.142 8 (11 ) 

P{RB)  =  P{RB\B)P{B )  +  P(RB\R)P{R ) (6 ) 

and th e M B node : 

P i M B )  =  P{MB\B)P{B )  +  P ( M B \ M ) P { M )  (7 ) 

which, in turn activate documents with P{D,\RB) and 

P { D \ M B ) ,  respectively .  Further ,  w e ca n propagat e th e effec t 

of  a  B A N K activatio n throug h R B an d bac k t o R I V E R using : 

P{R) = P(R\RB)P(RB\B)P(B) (8) 

So, for our example, an activation of BANK with P(B) = 1 

woul d lea d t o PiRB )  =  10/3 5 =  0.285 7 an d R I V E R would , 

i n turn ,  b e activate d a t  tha t  sam e strengt h sinc e 

PiR\RB )  =  I  . 

Now,  i f  w e activate d M O N E Y,  P ( M )  = 1 / 2 ,  an d 

B A N K,  P(B )  =  1/2 ,  a t  th e sam e time ,  th e sprea d o f  activa -

tion s t o th e M B nod e woul d b e give n b y 

P (MB)  =  P{MB\B)P(B )  +  P {MB\M)P{M ) 

P{MB) 
2[ n 

MB '' A 
Nm 

, | . | . 0 . 7 « 4 
(9 ) 

We ca n als o se e tha t  th e R B an d F M node s wil l  b e activate d 
t o a  lesse r  degre e tha n th e M B node :  . 

The P N algorith m thu s show s th e primar y propertie s tha t  w e 
set  ou t  demonstrate ;  i t  provide s a n algorith m fo r  self-organi -
zatio n o f  correlationa l  dat a wit h a  built-i n criterio n fo r  deter -
minin g ho w th e self-organizatio n shoul d proceed .  Th e 
algorith m provide s a n automati c metho d for ,  i n effect , 
assignin g a  hierarch y o f  categorie s t o co-occurrin g event s 
base d onl y o n inU'insi c structur e o f  th e data .  Further ,  th e cor -
relationa l  data ,  a s expresse d i n th e parsimon y network , 
expresse s laten t  relationship s amon g variable s tha t  shar e sig -
nifican t  correlation s wit h a  give n event ,  bu t  whic h d o not , 
themselves ,  co-occur . 

Thi s las t  poin t  emphasize s th e similarit y o f  th e proce -
dur e t o Laten t  Semanti c Analysis ,  whic h ha s bee n use d t o 
model  synonym y an d huma n performanc e o n learnin g task s 
(e.g. ,  Landaue r  an d Dumais ,  1997 ;  Landauer ,  Laha m an d 
Foltz ,  1997) .  I n Laten t  Semanti c Analysis ,  a  factor-analyti c 
approac h t o dat a analysis ,  a  singula r  valu e deconstructio n 
(SVD )  i s  performe d o n a  matri x o f  featur e co-occurrenc e 
patterns—ofte n term-documen t  count s o r  a  relate d statistic . 
A direc t  compariso n ca n b e mad e betwee n th e reconstructe d 
versio n o f  th e S V D o f  th e preceedin g ter m b y ter m matrix , 
and th e matri x buil t  b y th e P N algorithm : 

M 

N̂  N. 
Nm 

1 

0 

0 

Nm 

N FhiN UB 
N„Ns 

1 

0 

Nrb 

NRgNfuNMB 
NmNbN, 

1 

(12 ) 

P(RB)  =  (10/35)(l/2 )  =  0.142 8 (10 ) 

Thi s matri x i s  highl y correlate d wit h th e matri x pro -
duce d b y Laten t  Semanti c Analysi s (firs t  singula r  value )  to r 

th e sam e data ,  r  =  0.897 .  Thi s clos e relationshi p t o facto r 

analysi s ha s bee n examine d before .  Wallac e an d Freema n 
(1992) ,  fo r  example ,  propos e a  proo f  tha t  M M L (thei r  for -
mulatio n o f  th e M D L principle )  ca n b e use d fo r  singl e facto r 
analysis . 

D2 D36 

ONEY 

BANK RIVER RNANCE MONEY 

Figur e 1 :  Parsimon y Networ k (PN )  constructe d 

fro m th e minimu m descriptio n lengt h merg e data . 

P a r s i m o n y a n d P r i m i n g 

While the analytic and empirical features of the PN pro-

cedur e appea r  useful ,  w e ca n als o se e i n th e network s a n iso -

morphis m t o connectionis t  architectures .  I f  w e assum e tha t 

th e spee d o f  propagatio n throug h th e P N i s isomorphi c t o th e 

spee d o f  cognitiv e acces s t o a  store d lexicon ,  activatio n o f  a 

ter m lik e B A N K will ,  i n on e step ,  sprea d t o bot h connecte d 

sense s o f  th e term ,  R I V E R - B A N K an d M O N E Y - B A N K, 

wit h activatio n level s conditione d o n th e bas e rate s o f  thei r 

co-occurrence s i n th e documen t  space .  I f  M O N EY the n 

occurs ,  th e M O N E Y - B A NK nod e wil l  receiv e additiona l 

activation ,  whil e th e R I V E R - B A N K nod e wil l  receiv e 

extremel y wea k activatio n throug h a  thre e ste p activatio n 

sequenc e late r  o n ( M - > M B - > B - > R B ) .  B y choosin g th e nod e 

tha t  ha s th e highes t  probabilit y  a t  eac h stag e th e P N networ k 

disambiguate s terminolog y i n a  manne r  tha t  fits  wit h th e lei -
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ica l  primin g results.  Specifically ,  th e networ k behavio r  i s 

consisten t  wit h th e findings  tha t  al l  sense s o f  a  ter m appea r 

t o b e activate d withi n a n initia l  300-50 0 m s windo w afte r 

exposur e t o a  prime ,  bu t  tha t  activatio n quickl y settle s o n th e 

correc t  sens e o f  a  ter m afte r  th e initia l  300-50 0 m s windo w 

{e.g. ,  McNamara ,  1992 ;  Kintsch ,  1988) .  Further ,  frequenc y 

effect s tha t  hav e bee n observe d i n primin g experiment s ar e 

explicitl y  handle d du e t o th e differentia l  weightin g o f  th e P N 

edge s b y thei r  margina l  frequencies . 

Learning Through Parsimonious Integration 

PNs provide a mechanism for the acquisition of struc-
tur e fro m a  complet e database ,  bu t  ther e i s n o reaso n t o sus -
pec t  tha t  th e sam e mechanis m translate s directl y int o a n on -
lin e procedur e fo r  learnin g fro m partia l  dat a i n a  wa y tha t 
correspond s t o observation s o f  huma n learning .  I n thi s sec -
tion ,  a n alternativ e versio n o f  th e P N algorith m i s develope d 
tha t  ca n b e use d fo r  on-lin e learning .  Th e algorith m ha s a  ret -
rospectiv e componen t  tha t  ma y reorganiz e th e P N a s ne w 
evidenc e present s itsel f  s o th e algorith m ca n b e considere d 
integrative .  Th e procedure ,  whic h w e cal l  Parsimoniou s Inte -
gratio n (PI) ,  i s  a s follows : 

1.  Maintai n a  lexico n tha t  contain s a  PN-lik e hierarch y o f 

merged ,  observe d events . 

2.  Observe—an d re-examin e i f  possible—al l  availabl e 

events ,  mergin g togethe r  an y event s an d encode d even t 

group s tha t  appea r  wit h frequenc y >1 . 

3.  Us e loca l  calculation s t o heuristicall y reorganiz e th e 

lexicon .  Attemp t  t o reorganiz e lexico n subtree s i f  a n 

observed  patter n i n th e lexico n span s multipl e elements . 

Do th e reorganizatio n base d o n th e comparativ e encod -

in g cost s o f  th e tw o alternativ e subtrees . 

The procedur e ca n b e see n a s simila r  t o Nevill-Man -
ning' s S E Q U I T U R algoridi m (Nevill-Manning ,  1996) ,  bu t 
wit h a  globa l  re-evaluatio n componen t  tha t  undoe s grammat -
ica l  change s base d o n globa l  observations ,  ye t  whic h i s sim -
ple r  tha n th e comple x globa l  observation s i n th e P N 
constructio n procedur e o f  th e previou s sections .  Th e Parsi -
moniou s Integratio n procedur e make s partia l  us e o f  down -
strea m calculation s t o attemp t  t o reorganiz e th e constructe d 
grammar  a s ne w informatio n become s available .  Th e follow -
in g exampl e i n artificia l  gramma r  inductio n illustrate s th e 
P N procedure . 

Artificial Grammar Learning 

As a n exampl e o f  ho w P N s ca n b e learned ,  w e wil l 
examin e dat a fro m a n artificia l  grammar .  Th e dat a string s 
wil l  b e generate d fro m a  stochasti c  finite-state  machin e tha t 
correspond s t o a  gramma r  use d b y Voke y an d Brook s (1992 ) 
i n artificia l  gramma r  implici t  learnin g studies .  Th e stat e 
machine ,  a s wel l  a s som e string s consisten t  wit h th e gram -
mar ,  ar e show n i n Figur e 2 . 

For  thi s experiment ,  rando m sequence s o f  consisten t 
string s wer e produce d b y a n algorith m tha t  initiall y  bega n a t 
nod e 1 ,  the n transite d t o stat e 2  o r  3  base d o n a  rando m coi n 

i 

V 

X 
\ 

v ^ 

F > 

k ^ 

"" " 

r ' ^ 

w 

r X , 

• ^ " 

^ 

x l 

i f 

Figur e 2 : 

1992) . 

Finite-stat e machin e (fro m Voke y an d Brook s 

flip,  an d s o forth ,  stochasticall y workin g throug h th e state s 
unti l  exitin g fro m state s 8 ,  9  o r  10 .  Th e first  1 0 suc h string s 
ar e show n below : 

MXRWM 

VXTX 

VXT 

VXVTX 

VXVTRX 

VXTR 

MVRM 

MVRM 

MVXT 

VMTX 

If we incrementally apply the Parsimonious Integration 
algorith m abov e t o thes e strings ,  w e first  recogniz e th e W 
i n th e first  string ,  s o ou r  lexico n contain s V V an d w e ca n 
represen t  th e encodin g o f  th e strin g wit h M X R ( V V ) M .  Wit h 
th e secon d an d thir d strings ,  w e discove r  th e commonalit y 
V X T an d ad d i t  t o ou r  lexicon .  Bu t  the n b y committin g t o th e 
V X T encoding ,  whe n w e encounte r  th e fourt h strin g 
V X V T X,  w e mus t  encod e i t  a s (V)(X)(V)(T)(X )  an d can' t 
tak e advantag e o f  th e share d V X patter n wit h th e previou s 
strings .  W e appl y a  heuristic-versio n o f  th e P N procedur e a t 
thi s point ,  countin g th e numbe r  o f  lexico n an d dat a element s 
produce d b y tw o alternat e formulations .  Thes e calculation s 
ar e conducte d locall y wit h respec t  t o th e string s V X T X , 
V X T,  V X V T X (i.e .  w e d o no t  modif y th e probabilitie s o f 
othe r  string s i n th e complet e lexico n base d o n thes e 
changes) .  So ,  th e encodin g (VXT)(X) ,  (VXT) , 
(V)(X)(V)(T)(X )  wit h th e lexico n ( V X T )  require s a  lexico n 
of  siz e 1  t o creat e dat a o f  siz e 8 .  A  reformulatio n woul d b e t o 
add V X an d V X T t o th e lexico n an d cod e th e dat a 
((VX)T)(X) ,  ((VX)T )  an d (VX)(V)(T)(X) ,  resultin g i n a  lex -
ico n o f  siz e 2 ,  dat a o f  siz e 7 .  A t  thi s poin t  th e valu e o f  creat -
in g th e additiona l  V X lexica l  elemen t  appear s t o b e 
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equivalen t  t o th e valu e o f  codin g thing s separatel y becaus e 
we don' t  hav e additiona l  example s o f  th e V X ? pattern , 
wher e th e ?  represent s an y characte r  excep t  T .  I f  w e di d hav e 
anothe r  example ,  i t  woul d til t  th e evidenc e i n favo r  o l  th e 
recodin g o f  th e lexico n t o includ e th e V X element . 

For  th e purpose s o f  th e Parsimoniou s Integratio n algo -
rithm ,  th e criterio n unde r  whic h w e decid e whethe r  t o evalu -
at e a  recodin g i s  base d o n observin g a  ne w patter n tha t 
contain s a  substrin g foun d i n a n existin g lexica l  element ,  o r 
tha t  span s tw o lexica l  elements ,  bu t  whic h i s no t  alread y i n 
th e lexicon .  Not e tha t  th e P I  algorith m bear s a  similarit y t o 
th e Competitiv e Chunkin g (CC )  mode l  suggeste d b y Servan -
Schreibe r  an d Anderso n (1990) ,  bu t  wit h th e us e o f  th e M D L 
heuristi c mechanis m fo r  incorporatin g th e observe d chunk s 
int o a  hierarchica l  model .  Th e C C mode l  use s a  concep t  o f 
suppor t  tha t  i s closel y related ,  bu t  no t  identica l  to ,  th e M D L 
heuristi c incorporate d int o th e P I  algorithm . 

Most  experiment s t o tes t  implici t  learnin g o f  artificia l 
grammar s involv e subject s w h o hav e studie d production s 
fro m th e grammar ,  the n mus t  decid e whethe r  ne w string s ar e 
fro m tha t  gramma r  o r  not .  Th e tes t  se t  mus t  b e carefull y  con -
structe d s o tha t  th e string s ar e balance d i n term s o f  th e fre -
quencie s o f  repeate d bigram s an d trigram s withi n th e string s 
of  th e tes t  versu s trainin g sets ,  otherwis e th e subject s ma y 
simpl y b e decidin g o n grammaticalit y base d o n short , 
repeate d sequence s (Higham ,  1997) .  A s a  model ,  th e PN s 
constructe d b y th e Parsimoniou s Integratio n procedur e ca n 
be use d t o decid e o n grammaticalit y b y parsin g observe d 
sequence s wit h th e constructe d P N lexicons ,  the n choosin g 
grammaticalit y base d o n th e coverag e o f  th e strin g afforde d 
by th e P N lexicon .  Fo r  example ,  give n th e lexico n buil t  fro m 
th e first  fou r  string s i n th e las t  example ,  i f  w e observe d th e 
strin g V X V R ,  w e coul d pars e i t  a s (VX)(V)(R) ,  resultin g i n 
a 5 0 % chanc e o f  choosin g thi s a s a  lega l  productio n fro m th e 
grammar  give n onl y th e informatio n o f  th e firs t  fou r  strings . 
Followin g Servan-Schreibe r  an d Anderson' s (1990 )  sugges -
tion ,  th e scorin g o f  a  strin g pars e shoul d b e inversel y propor -
tiona l  t o th e numbe r  o f  chunk s neede d t o represen t  th e string . 
The suggestio n i s tha t  th e subject' s degre e o f  confidenc e i n a 
give n strin g bein g grammatica l  increase s u p t o th e poin t  a t 
whic h i t  ca n b e encode d a s on e chunk .  On e wa y t o d o thi s i s 
t o assig n th e probabilitie s accordin g t o a  decreasin g functio n 
of  th e numbe r  o f  chunk s neede d t o cod e th e string : 

''(^>='- S 
(13 ) 

wher e N  i s th e numbe r  o f  chunk s neede d t o pars e th e string . 

Not e tha t  w e nee d t o conside r  th e unigram s i n thi s formula -
tion ,  s o (VX)(V)(R )  i s parse d int o 3  chunks ,  givin g a  2 5 % 
chanc e o f  grammaticality ,  (VXV)(R )  ha s a  5 0 % chanc e an d 
(V)(X)(V)(R )  ha s a  0 % chance . 

Artificia l  gramma r  inductio n experiment s typicall y 
involv e subject s w h o first  examin e set s o f  string s create d b y 
th e productio n system .  I n Higha m (1997) ,  fo r  example ,  1 6 
trainin g string s wer e first  presente d t o tes t  subject s i n ran -
do m orde r  fo r  3 s each .  Subject s wer e als o aske d t o reproduc e 
th e trainin g string s o n a  piec e o f  paper .  Afte r  observin g al l 
th e trainin g strings ,  th e participant s wer e tol d tha t  th e string s 
had bee n generate d accordin g t o a  rul e system ,  althoug h the y 

wer e no t  tol d th e natur e o f  th e rul e structure .  The y wer e the n 
teste d o n othe r  string s tha t  di d no t  occu r  i n th e trainin g se t 
and aske d t o decid e whethe r  th e string s wer e grammatica l 

accordin g t o th e rule s syste m use d i n creatin g th e trainin g 
strings .  Seve n sampl e trainin g strings ,  a s wel l  a s a  subse t  o f 
th e tes t  strings ,  use d i n Higha m (1997 )  ar e reprinte d i n 
Tabl e 3 . 

Table 3: Training and test strings from Higham (1997) 

Trainin g 
string s 

MXRVXT 
MXTRRR 

VXVRMXT 
VXVRVM 

MXRTMVR 
VMRMXTR 

MXR 

Test  string s 

Grammatica l 

MXRMXT 
VXTRRR 
VXVRVV 

MXRTMXR 
VMTRRRX 
MXRVM 

VMRVVVM 

Nongrammatica l 

MTR 
VXVRTXT 
VMRVVVR 
VMRTXTR 
VMRMTRV 
MMRMVRM 
MXRTRXT 

The P I  algorith m ca n b e applie d directl y t o th e trainin g 
string s show n i n Tabl e 3 .  Th e Pl-constructe d lexico n i s 
shown i n Tabl e 4 ,  below . 

Table 4: Pl-constructed lexicon for artificial grammar 

training . 

MX 
(MX) R 

MV 
(MV) R 

VM 
(VM) R 

XT 
M(XT) 

(M(XT)) R 
TR 

(TR)(RR ) 
VX 

RR 
(VX) T 

VR 
(VX)(VR ) 
(VR)(VM ) 

v v 

Usin g thi s grammar ,  w e ca n perfor m left-to-righ t  greed y 
parse s o f  th e tes t  string s an d calculat e th e codin g probabilit y 
usin g (13) .  Th e first  tw o parse s an d thei r  correspondin g 
probabilitie s ar e show n i n Tabl e 5 ,  below . 

Table 5: Parses and recognition probabilities for 

grammatica l  an d nongrammatica l  tes t  string s 

1 Grammatica l 

Pars e 

((MX)R)(M(XT) ) 

((VX)T)(RR) R 

P(S ) 

0.6 7 

0.5 0 

Nongrammatica l 

Pars e 

MTR 

((VX)(VR))T(XT ) 

P(S) 

0. 0 

0.5 7 

Overal l  th e mea n performanc e figures  wer e 0.5 8 

( a =  0.064 )  fo r  th e grammatica l  string s an d 0.3 9 

( a =  0.222 )  fo r  th e nongrammatical .  A  t-tes t  show s tha t  th e 

difference s ar e significan t  a t  p  =  0.0 5 .  H u m a n subject s als o 

sho w significan t  difference s fo r  thi s dat a set ,  wit h huma n 
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subject s als o abl e t o detec t  grammaticalit y eve n give n care -
full y balance d dat a set s (Higham ,  1997) . 

Conclusions 

The philosophica l  positio n o f  Willia m o f  Occa m sug -
gest s tha t  simpl e model s lea d t o bette r  models .  Ye t  th e appar -
ent  subjectivit y o f  th e notio n o f  simplicit y ha s unti l  fairl y 
recentl y lef t  Occam' s Razo r  withou t  mor e tha n a  dull ,  retro -
spectiv e edge .  Wit h carefu l  formulatio n o f  heuristic s base d 
on information-theoreti c grounds ,  however ,  w e hav e demon -
strate d ho w Occam' s suggestio n ca n becom e th e method -
ologica l  backbon e o f  a  theor y o f  inductiv e inferenc e wit h 
practical—an d testable—consequence s fo r  understandin g 
and modelin g huma n intelligence . 

The mode l  i s uniqu e amon g relate d psychologica l  theo -
rie s i n tha t  i t  present s a  fully-automate d inductio n metho d 
(wit h minima l  arbitrar y parameters )  fo r  learnin g predictiv e 
model s fro m dat a i n a  completel y unsupervise d fashion .  I n 
our  curren t  work ,  w e ar e intereste d bot h i n practica l  applica -
tions ,  lik e usin g th e heuristi c versio n o f  th e Parsimoniou s 
Integratio n mode l  fo r  informatio n retrieval ,  an d i n furthe r 
understandin g th e model' s capacit y fo r  simulatin g psycho -
logica l  processes .  Fo r  example ,  althoug h a  promisin g mode l 
fo r  artificia l  gramma r  learning ,  mor e wor k i s neede d t o 
understan d ho w implici t  versu s explici t  knowledg e ca n b e 
represente d i n hierarchica l  compac t  representations .  W e ar e 
currentl y modelin g huma n memor y dat a originall y obtaine d 
by Mille r  (1958 )  i n whic h subject s ar e aske d t o recal l  ran -
d o m an d redundan t  strings .  W e hav e discovere d tha t  th e 
probabilit y  o f  recallin g rando m string s i s significantl y lowe r 
tha n recallin g redundan t  one s usin g th e P N algorithm .  Over -
all ,  th e wid e rang e o f  problem s tha t  appea r  admissibl e t o 
compac t  dat a encodin g suggest s thi s metho d ha s significan t 
implication s fo r  understandin g cognition . 
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