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Abstrac t 

Prelinguistic infants must find a way to isolate meaningful 
chunk s fro m th e continuou s stream s o f  speec h tha t  the y hear . 
Thi s bootstrappin g proble m ha s recentl y bee n th e focu s o f  sev -
era l  attempt s t o mode l  th e cognitiv e proble m computationally . 
H ow ca n w e evaluat e whethe r  thi s kin d o f  simulatio n i s rele -
vant  t o th e cognitiv e situation ,  an d ho w ca n w e compar e diff -
eren t  computationa l  approaches ? 1  discus s m y 0- B algorithm , 
a variable-lengt h clusterin g procedure ,  an d compar e i t  wit h 
five  othe r  models—thre e connectionis t  one s an d tw o statistica l 
program s whic h us e Minimu m Descriptio n Lengt h a s a  decisio n 
metric .  I  sho w tha t  th e model s diffe r  i n thei r  similarit y t o 
cognitiv e processe s wit h respec t  to :  a )  th e timin g o f  input s 
and outputs ;  b )  constraint s o n th e incrementa l  learnin g pro -
cess ;  c )  clusterin g vs .  dividin g strategy ;  an d d )  whethe r  th e 
goal  i s  t o find  word s o r  t o lear n word-findin g rules . 

What Is a Model? 

I n on e sense ,  an y theor y implie s som e mode l  o f  reality .  I n a 
narrowe r  sense ,  a  verba l  descriptio n i s calle d a  mode l  whe n 
i t  describe s i n detai l  som e comple x process ,  providin g a  ful -
le r  contex t  fo r  empirica l  observation s whos e relationshi p i s 
not  transparent .  A  compute r  progra m whic h simulate s th e 
input s an d output s o f  som e behavior ,  an d possibl y th e inter -
ned processin g a s well ,  i s  als o a  model .  Eac h kin d o f  mode l 
has differen t  strength s an d weaknesses .  Th e compute r  mod -
el  ha s greate r  precisio n an d enforce s interna l  consistency , 
but  th e narrativ e descriptio n ca n ofte n b e draw n close r  t o re -
alit y an d ca n includ e a  wide r  rang e o f  relevan t  phenomena . 

Model s hel p increas e ou r  understandin g b y forcin g u s t o 
loo k a t  mor e aspect s o f  th e problem ,  o r  mor e closely ,  tha n 
we migh t  otherwis e do ,  an d the y ca n generat e ne w an d test -
abl e hypotheses .  Bu t  al l  model s ar e a t  botto m a  collectio n 
of  analogies ,  an d bot h thei r  powe r  an d thei r  limitation s ste m 
fro m thi s fact .  Eve n a  precis e physica l  model ,  suc h a s a 
model  railroad ,  i s limite d i n realis m b y bein g m u c h smalle r 
tha n th e original .  I n evaluatin g a  model ,  w e mus t  mak e ex -
plici t  th e variou s analogie s involved ,  rememberin g tha t  eac h 
analog y i s a  huma n construc t  an d al l  ar e imperfect . 

What Is a Cc^nitive Computer Model? 

Cognitiv e model s depen d o n analogie s wit h huma n menta l 
processes .  I n on e sense ,  a  cognitiv e compute r  mode l  i s b y 
definitio n unreasonable—computer s ar e ver y unlik e huma n 
brains .  What' s more ,  th e single-purpos e compute r  program s 
we wil l  discus s her e ar e s o fa r  fro m th e comple x interaction s 
of  huma n cognitio n tha t  w e wil l  hav e t o stretc h ou r  imagina -
tion s eve n t o tolerat e th e comparison .  However ,  w e hop e 
tha t  b y pushin g th e analog y a s fa r  a s w e can ,  w e wil l  b e re -
warde d b y a  heightene d awarenes s an d a  sharjje r  understand -
in g o f  th e issue s involve d i n cognition . 

Cognitiv e model s shoul d b e evaluate d a t  leas t  i n par t  o n 
h o w wel l  the y simulat e th e cognitiv e proces s i n question .  I n 
thi s pape r  w e wil l  compar e model s tha t  us e differen t  compu -

tationa l  algorithms ,  an d sho w tha t  thes e involv e differen t  de -
gree s o f  similarit y t o th e infant' s menta l  processes . 

I n addition ,  learnin g model s hav e specia l  feature s tha t  cog -
nitiv e proces s model s d o not .  Realisti c computationa l  learn -
in g model s shoul d b e unsupervise d models—allowin g th e 
compute r  t o "learn "  fro m example s b y induction .  Supervise d 
model s presen t  correctl y analyze d instance s t o b e learned , 
and ar e usefu l  t o discove r  ne w way s o f  organizin g th e dat a 
so a s t o achiev e th e output .  Unsupervise d model s presen t 
unanalyze d instance s an d requir e tha t  th e syste m discove r 
th e correc t  analysis .  Model s whic h perfor m unsupervise d 
learnin g ar e als o know n a s "self-organizing "  an d th e resultin g 
structur e i s calle d "emergent. "  Th e model s w e wil l  loo k a t 
ar e mainl y unsupervised ,  thoug h som e hav e supervise d por -
tions . 

Cognitive Models vs. Language Engineering 

Modelin g languag e i n computer s i s als o value d fo r  perfor -
min g practica l  wor k i n th e world .  Imitadn g cognitiv e func -
tion s i s a n engineerin g goa l  a s wel l  a s a  scientifi c  one ,  bu t 
ther e ar e importan t  difference s betwee n th e two .  I n scienti -
fic  modeling ,  al l  aspect s o f  th e mode l  ar e evaluate d fo r  thei r 
closenes s t o th e huma n condition .  I n engineerin g projects , 
however ,  onl y th e output s nee d t o b e realistic—th e input s 
and th e processe s ar e no t  value d fo r  themselves ,  bu t  ca n b e 
anythin g tha t  produce s th e bes t  output .  Therefore ,  workhors e 
model s wil l  fin d supervise d trainin g jus t  a s acceptabl e a s 
unsupervise d training ,  a s lon g a s th e trainin g dat a i s readil y 
availabl e an d th e ultimat e outpu t  i s  o f  hig h quality . 

I n bot h scientifi c an d engineerin g models ,  quantitativ e 
evaluatio n i s a n importan t  criterion ,  bu t  i t  i s  les s critica l  t o 
th e cognitiv e enterprise .  A  fe w percentag e point s o n a  sin -
gl e performanc e measur e ca n affec t  th e choic e o f  algorith m 
fo r  a  larg e productio n project ,  bu t  th e sam e compariso n i s 
negligibl e whe n weighe d agains t  significan t  difference s i n 
psychologica l  reality . 

I n sum ,  engineerin g an d cognitiv e goal s an d method s ar e 
distinct ,  an d th e tw o ar e rarel y effectivel y combine d i n th e 
same project .  Whil e ther e i s som e borrowin g o f  technique s 
bac k an d forth ,  w e shoul d b e clea r  abou t  whic h i s which .  I n 
thi s paper ,  w e hav e a  cognitiv e goa l  rathe r  tha n a n engineerin g 
one—t o sho w tha t  frequenc y informatio n ca n b e mobilize d 
i n a  cognitivel y realisd c fashion . 

On th e othe r  hand ,  on e criterio n o f  a  successfu l  cognitiv e 
strateg y i s it s  effectiveness .  So ,  w e wil l  presen t  som e quant -
itativ e result s fo r  th e models ,  i n orde r  t o demonstrat e tha t 
the y ar e roughl y equa l  i n thei r  ra w segmentatio n power ,  an d 
the n w e wil l  loo k i n greate r  detai l  a t  qualitativ e criteria . 
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T h e Infan t  Boots t rapp in g P r o b l e m 

Infant s hea r  lon g unbroke n stream s o f  speech ,  whic h mus t 
be separate d int o chunk s tha t  ca n b e attache d t o meaning : 

e.g. :  th e ma n i n th e moo n 
not :  the m a n i n the m oo n 

By th e en d o f  th e first  yea r  o f  life ,  th e infan t  ha s starte d t o 
find  words ,  an d b y 1 8 month s o r  so ,  a  vocabular y o f  abou t 
50 word s i s achieve d an d th e rudiment s o f  linguisti c know -
ledg e ar e i n place .  Thus ,  w e hypothesiz e tha t  thi s firs t  word -
finding  proces s i s a  prelinguisti c an d temporar y one ,  soo n 
replace d b y mor e sophisticate d techniques . 

Linguisti c exploration s o f  thi s bootstrappin g proces s hav e 
suggeste d a  numbe r  o f  possibl e source s o f  segmentatio n in -
formation ,  som e o f  whic h ar e mor e availabl e and/o r  usefu l 
tha n others .  Thos e leas t  likel y t o b e usefu l  are :  acousti c 
cue s t o wor d boundarie s (no t  ver y numerous) ;  phoneti c an d 
phonotacti c cue s (word-based ,  s o requir e prio r  knowledg e 
of  words) ;  an d one-wor d utterance s (to o fe w an d no t  enoug h 
variety) .  Mor e likel y t o b e helpfu l  are :  utteranc e boundar -
ies ,  whic h hel p focu s attentio n o n chunk s a t  th e edge s a s 
wor d candidates ;  prosodi c cue s suc h a s intonation ,  whic h 
help s brea k u p lon g utterances ,  an d stress ,  whic h form s th e 
nucleu s o f  a  cluste r  o f  sounds ;  an d distributiona l  cue s suc h 
as cooccurrenc e frequency ,  whic h hav e bee n show n t o be -
come mor e usefu l  a t  th e en d o f  th e first  yea r  (Jusczyk ,  1997) . 

None o f  thes e ha s bee n demonstrate d t o b e adequat e b y it -
self ,  an d i t  i s  probabl e tha t  th e chil d use s a  combinatio n o f 
severa l  sources .  W e wil l  conside r  her e ho w muc h o f  th e jo b 
can b e accomplishe d b y distributiona l  cue s alone—informa -
tio n abou t  th e frequenc y o f  recurrin g chunks . 

Computational Models of Word Discovery 

The lac k o f  a  purel y linguisti c explanatio n fo r  thi s bootstrap -
pin g proble m ha s le d t o a  burs t  o f  recen t  researc h o n th e in -
fluence  o f  frequenc y o n infan t  segmentation .  Th e si x compu -
tationa l  model s discusse d her e shar e a n overal l  approach .  I n 

general ,  a  tex t  corpu s i s chose n an d al l  wor d boundarie s ar e 

removed ,  the n a  compute r  progra m "reads "  th e corpu s an d 
gather s statistica l  observation s t o decid e wher e t o replac e 
th e wor d boundaries ,  attemptin g t o duplicat e th e origina l 

tex t  (th e "standard") . 
Of  course ,  a s a  cognitiv e analog ,  thi s methodolog y i s ver y 

flawed.  First ,  th e criterio n o f  matchin g som e conventiona l 
"word "  standar d ca n b e justl y criticize d a s no t  imitativ e o f 
infan t  cognition .  Childre n famousl y us e morphemes ,  words , 
and phrase s a s basi c units .  S o orthographi c word s ar e onl y 
a roug h measur e o f  meaning-base d segmentation . 

Second ,  al l  th e model s us e grapheme s o f  som e sort ,  rathe r 

tha n soun d waves ,  t o represen t  th e speec h signal : 

Orthography :  loo k there s a  bo y wit h hi s ha t 

Phonemes:  lU k D* z 6  b 7 wI T hi z h& t 
Althoug h w e kno w ver y littl e abou t  ho w human s represen t 
language ,  an d practicall y nothin g abou t  ho w huma n infant s 
do so ,  certainl y i t  i s  no t  a s orthography !  However ,  decodin g 
actua l  soun d signal s i s stil l  beyon d th e abilit y  o f  machines , 
unles s considerabl e linguisti c knowledg e i s supplied . 

We no w revie w a  numbe r  o f  computationa l  model s o f  th e 
infant' s segmentatio n process .  The y fal l  int o thre e majo r 
groups :  connectionis t  networks ;  algorithm s usin g th e Mini -
m um Descriptio n Lengt h principle ;  an d frequenc y clusterin g 
algorithms .  A s a  benchmark ,  w e ad d a  "dum b default "  bi -
gra m technique . 

Firs t  w e wil l  briefl y describ e eac h project ,  an d giv e repre -
sentativ e quantitativ e result s fo r  them .  W e ca n hardl y d o jus -
tic e t o thes e project s i n suc h a  smal l  space ,  s o th e reade r  i s 
referre d t o th e origina l  reports .  Figur e 1  show s recal l  an d 
precisio n rate s i n term s o f  cut s an d o f  word s fro m th e respec -
tiv e paper s (mos t  algorithm s onl y repor t  on e wa y o r  th e 
other) .  Th e cu t  metri c i s mor e precise ,  bu t  th e wor d metri c 
i s mor e intuitiv e an d linguisticall y useful .  Th e res t  o f  th e 
pape r  wil l  discus s i n greate r  detai l  thei r  relativ e merit s a s 
cognitiv e models—whethe r  th e strategie s an d processe s the y 
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Figur e 1 :  Reporte d quantitativ e performanc e o f  th e variou s models ,  measure d a s numbe r  o f  cut s o r  word s tha t  matc h th e stan -
dard .  Notes :  a )  W e sho w onl y th e result s du e t o distributio n an d utteranc e boundar y information ,  omittin g thos e fro m com -
bine d cue s (frequenc y statistic s plu s prosod y o r  phonotactics) .  b )  deMarcke n (1997 )  doe s no t  provid e comparabl e perform -
anc e measures ,  c )  Al l  th e result s show n her e ar e fo r  English ,  sinc e onl y th e 0- B algorith m report s cross-linguisti c results . 
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use ar e plausibl e one s fo r  infants ,  an d whethe r  th e timin g o f 

event s i s simila r  t o tha t  whic h i s observe d fo r  infants . 

Bigrams 

The "dum b default, "  agains t  whic h mor e sophisticate d tech -
nique s ca n b e gauged ,  i s a  variet y o f  simpl e statistica l  proce -
dure s whic h loo k onl y a t  two-characte r  combinations .  A 
progra m compute s th e relevan t  statisti c fo r  eac h bigra m type , 
rank s th e values ,  an d choose s a  cutof f  poin t  o n whic h t o 
bas e segmentatio n decisions .  Figur e 1  show s result s o n a 

33,000-wor d phonemi c corpu s fro m C H I L D E S (MacWhin -
ney ,  1995 )  fo r  severa l  statistics ,  usin g a  cutof f  poin t  chose n 
t o creat e th e sam e numbe r  o f  word s a s i n th e standard . 

•  W o r d boundarie s (supervised) :  Frequencie s o f  bigram s 
acros s standar d wor d boundarie s vs .  withi n word s ar e use d 
t o segmen t  th e sam e text .  Thi s techniqu e outperform s al l 
others ,  bu t  i t  use s informatio n no t  availabl e t o th e child . 

•  Utteranc e boundaries :  Frequenc y o f  bigra m type s occur -
rin g befor e an d afte r  utteranc e boundaries . 

•  Mutua l  Informatio n statisti c fo r  al l  bigra m type s (slight -
l y bette r  tha n th e alternative s o f  ra w frequenc y o r  transition -
al  probability ) 

Connectionist Models 

Network ,  o r  connectionist ,  model s fro m thre e laboratorie s 
al l  use d featur e representation s o f  phoneme s (se e Tabl e 1 
fo r  details) .  Th e tex t  wa s presente d a s a  stream ,  an d th e net -
work s wer e aske d t o predic t  th e nex t  phoneme ,  graduall y 
learnin g t o discriminat e betwee n phonem e pair s wit h hig h 
vs .  lo w cohesion .  I n th e Edinburg h net ,  th e amoun t  o f  erro r 
i n thi s tas k wa s translate d int o th e probabilit y  o f  a  wor d 
boundar y (les s erro r  =mor e cohesio n an d les s probabilit y  o f 
a boundary) .  I n th e othe r  tw o nets ,  indicator s o f  utteranc e 
boundarie s wer e supplie d i n th e inpu t  alon g wit h phoneme s 
(supervise d training) ,  an d on e outpu t  uni t  reporte d th e proba -
bilit y  o f  a  boundar y afte r  eac h phoneme . 

•Lfniversit y o f  Rochester :  Aslin ,  Woodward ,  LaMendol a 
& Beve r  (1996 )  teste d whethe r  a  connectionis t  architectur e 
usin g movin g triplet s coul d generaliz e fro m utteranc e 
boundarie s (pauses )  t o wor d boundaries . 

•Universit y o f  Edinburgh :  Cairns ,  Shilicock ,  Chate r  & 
Lev y (1997 )  ra n a  ver y larg e corpu s o n a  simpl e recurren t 
networ k (SRN )  usin g n o boundar y information ,  bu t  di d no t 
get  ver y goo d results .  A m o n g othe r  difference s betwee n 
thi s ne t  an d th e others ,  the y adde d "noise "  t o th e inpu t  b y 
randoml y flippin g featur e bits . 

•Universit y o f  Souther n Californi a (USC) :  Christiansen , 
Alle n &  Seidenber g (i n press )  use d utteranc e boundarie s 
lik e Rochester ,  bu t  wit h a  large r  corpu s an d a  S R N ,  an d re -
porte d simila r  results .  W e sho w her e result s withou t  th e us e 
of  stres s cues . 

Minimum Description Length (MDL) 

M DL i s a  quantitativ e metri c use d t o evaluat e h o w compactl y 
a particula r  lexico n represent s a  particula r  text .  A  compute r 

progra m tryin g t o construc t  a  "best "  lexico n fo r  a  corpu s 
use s M D L t o selec t  th e bes t  one .  A n MDL-base d mode l 
must  thu s tr y man y possibl e lexicon s an d evaluat e eac h one , 
generall y a  ver y computation-intensiv e process . 

•  d e M a r c k e n (1996 )  use d a n optimizin g approac h t o 

avoi d testin g ever y possibl e lexicon .  H e demonstrate d hi s 
metho d o n severa l  larg e corpora ,  usin g standar d orthography , 

but  h e segmente d hierarchicall y rathe r  tha n creatin g a  singl e 
serie s o f  words .  H e cite d recal l  rate s o f  ove r  9 0 % ,  bu t  h e 
di d no t  giv e precisio n rate s t o balanc e the m agains t  becaus e 
th e numbe r  o f  unit s create d (o n severa l  levels )  wa s man y 
time s th e numbe r  o f  word s i n th e standard . 

•  Bren t  &  Cartwrigh t  (1996 )  trie d al l  possibl e lexicon s 
exhaustivel y an d wer e therefor e limite d t o tin y corpor a o f 
abou t  52 5 words .  The y use d a  phonemi c representatio n o f 
th e speec h o f  mother s t o infants ,  fro m th e C H I L D E S dat a 
(MacWhinney ,  1995) .  Th e versio n reporte d her e i s calle d 
D R;  w e omi t  discussio n o f  late r  experiment s whic h adde d 
severa l  type s o f  phonotacti c information . 

The O-B Algorithm 

Olivie r  (1968 )  an d Wolf f  (1977 )  use d similar ,  bu t  independ -
entl y developed ,  algorithm s base d o n identifyin g a s "words " 
thos e variable-lengt h cluster s whic h appeare d frequently . 
Batchelde r  (1997 )  modifie d Olivier' s algorith m t o ge t  th e 
O- B algorithm ,  whic h wil l  represen t  th e othe r  tw o here .  Eac h 
utteranc e wa s parse d a s i t  wa s received ,  usin g th e bes t  com -
binatio n o f  word s accordin g t o th e curren t  lexicon .  "Best " 
was calculate d a s th e mos t  probabl e pars e i n ligh t  o f  experienc e 
t o date .  Th e result s o f  eac h pars e wer e the n use d t o revis e 
and exten d th e lexico n befor e proceedin g t o th e nex t  utterance . 
Thi s algorith m resemble s th e child' s hypothesi s testing : 
Words ar e no t  discovere d abruptly ,  bu t  graduall y becom e 
mor e an d mor e likel y a s evidenc e accumulates ,  o r  the y ma y 
fal l  fro m consideratio n i f  no t  muc h additiona l  evidenc e i s 
encountered . 

Tabl e 1 .  Detail s o f  thre e networ k experiment s (se e text) . 
Note :  U S C input s an d output s includ e 1  boundar y uni t  an d 2 
stres s units ;  the y use d a  loca l  representatio n fo r  outpu t  o f 
phonemes (on e bi t  fo r  eac h phoneme) . 

Rochester Edinburgh USC 

CoEpusof speech directed to child adult child 

Siz e i n word s 130 0 300,00 0 25,00 0 

Siz e i n segment s (characters )  <500 0 1,000,00 0 73,94 7 

W o rd Token/Typ e Rati o (TTR )  8 5 <2 5 3 0 

Coding: # segment types -44 45 36 

# binar y feature s (bits )  1 8 9  1 1 

Training: Iterations 2-3 2 1 

Tota l  bit s inpu t  <270,00 0 18,000,00 0 813,41 7 

Utteranc e boundar y trainin g superv .  unsup .  superv . 

Net architecture window of 3 SRN SRN 

Tasks :  Predic t  segment ? ye s ye s ye s 

Predic t  boundary ? ye s n o ye s 

Inpu t  unit s 54-1- 1 9  11-1-1+ 2 

Hidde n unit s 3 0 6 0 8 0 

Contex t  unit s n.a .  6 0 8 0 

Outpu t  unit s 1  2 7 36+1-F 2 
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The O- B algorith m begin s wit h a  lexico n o f  one-characte r 
"words. "  Afte r  a  fe w utterance s hav e bee n seen ,  two-charac -
te r  word s wil l  appear ,  an d s o on ,  wit h word s gettin g longe r 
and longe r  a s learnin g proceeds .  Th e averag e lengt h o f 
wor d cluster s ca n b e constraine d b y a n optimum-lengt h 
("optlen" )  parameter ,  whic h downgrade s parse s wit h overl y 
lon g words . 

The O- B algorith m result s show n her e ar e fro m a  corpu s 
of  75,00 0 word s i n standar d orthography ,  bot h wit h an d 
withou t  th e optle n constraint . 

Cognitive Comparison of Models 

Tabl e 2  provide s a  graphi c summar y o f  thi s discussion . 

Timing of Inputs and Outputs 

One measur e o f  th e cognitiv e realit y o f  a  mode l  i s  ho w close -
l y i t  matche s th e timin g o f  th e original .  Childre n receiv e in -
put  continuousl y and ,  afte r  a  perio d o f  n o apparen t  results , 
begi n t o produc e an d understan d words ,  on e b y one .  Discov -
er y o f  a  fe w primitiv e word s i s followe d b y mor e word s an d 
more comple x words ,  i n a  stead y progression .  Thei r  learn -
in g proces s i s incrementa l  an d continuous ,  wit h ne w input s 
modifyin g th e result s o f  learnin g s o far .  H o w d o th e compu -
te r  algorithm s measur e u p a s incrementa l  an d continuou s 
processors ? 

•  Th e M D L algorith m receive s th e wors t  scor e a s a n in -
crementa l  process .  Bot h M D L model s accep t  al l  inpu t  a s a 
singl e even t  an d the n proces s i t  repeatedly ,  finally  produc -
in g a  lexico n an d a  segmente d versio n o f  th e input .  Proces -
sin g consist s o f  placin g a  tria l  se t  o f  wor d boundarie s i n th e 
tex t  an d evaluatin g th e resul t  i n term s o f  th e lengt h an d freq -
uenc y o f  th e wor d types ,  the n tryin g a  ne w se t  o f  bounda -
ries ,  an d s o forth .  Thoug h th e computatio n proceed s b y sta -
ges ,  neithe r  th e inpu t  no r  th e outpu t  i s continuou s o r  incre -
mental : 

The searc h algorithm.. .  operate s i n batc h mode ,  readin g i n 
th e entir e inpu t  befor e segmentin g an y par t  o f  it .  Clearly , 
childre n d o no t  wor k thi s way .  Rather ,  the y ad d t o thei r 
lexicon s incrementall y a s n e w inpu t  become s available . 
(Bren t  &  Cartwright ,  1996:117 ) 

I t  ha s bee n argue d that ,  sinc e th e final  resul t  i s  th e same ,  th e 
inefficiencie s involve d i n incrementa l  o r  stage d output s ar e 
not  justifie d (Ling ,  1996 )  bu t  w e woul d lik e t o b e reassure d 
that ,  howeve r  inefficient ,  a n incrementa l  versio n i s a t  leas t 
possible .  Bren t  ha s outline d a n incrementa l  versio n (Brent , 
1997) ,  bu t  s o fa r  ha s no t  presente d a  workin g model . 

The natur e o f  th e M D L algorith m itsel f  woul d see m t o 
make thi s unlikely .  M D L set s itsel f  t o find  th e bes t  represen -
tatio n o f  a  particula r  an d finit e se t  o f  data .  I t  assume s a 
clos e relationshi p betwee n a  particula r  tex t  an d it s "best "  lex -
icon .  I f  th e se t  o f  inpu t  dat a change s slightly ,  the n a  whol e 
ne w se t  o f  computation s mus t  b e begun .  M D L wa s no t  de -
signe d fo r  th e huma n proble m o f  keepin g u p wit h a  continu -
ous strea m o f  data ,  an d i t  seem s t o b e impossibl e i n princi -
pl e fo r  i t  t o d o this . 

•  Th e O- B algorith m i s th e mos t  cognitivel y realisti c 
model ,  wit h bot h inpu t  an d outpu t  occurrin g incrementall y 
and synchronously .  I t  processe s eac h utteranc e a s i t  i s  en -
countere d an d produce s a  segmente d versio n a s i t  goe s along . 

The lexico n i s modifie d fo r  eac h utterance ,  addin g possibl e 
word s an d continuin g t o gathe r  evidenc e abou t  thei r  likeli -
hood . 

O- B als o resemble a th e chil d i n th e gradua l  growt h o f  th e 
word s themselves .  Althoug h al l  word-space s ar e remove d 
fro m th e tex t  befor e feedin g i t  t o th e algorithm ,  nevertheles s 
th e initia l  defaul t  segmentatio n i s a  serie s o f  singl e charact -
ers .  Thus ,  eve n a t  th e beginnin g o f  th e process ,  a  fe w smal l 
"words "  ca n b e extracted ,  an d th e word s ge t  longe r  wit h ex -
perience ,  jus t  a s i n th e child' s learnin g process . 

•  Th e network s receiv e a  mixe d score .  Th e inpu t  an d pro -
cessin g ar e continuous ,  wit h th e interna l  weight s changin g 
ver y graduall y throughou t  th e trainin g process .  Th e inpu t  i s 
presente d phonem e b y phonem e and ,  althoug h som e net s re -
proces s thei r  input ,  thi s i s  presumabl y i n imitatio n o f  "mor e 
of  th e same "  an d i s no t  i n principl e necessar y t o th e learnin g 
process . 

Th e characteristic s o f  th e output s i n thi s respec t  i s no t 
clearl y apparen t  fro m th e publishe d reports .  Recal l  tha t  al l 
thre e net s ha d som e grade d outpu t  tha t  wa s interprete d a s 
th e probabilit y  o f  a  boundar y followin g eac h phoneme .  Ther e 
see m t o b e tw o logica l  possibilitie s fo r  th e chang e i n thi s out -
put  a s trainin g proceeds ,  bot h o f  whic h coul d b e describe d 
as continuou s bu t  no t  incremental :  (1 )  Th e likelihoo d o f 
eac h o f  man y specifi c  boundarie s increase s graduall y an d i n 
synchrony ,  s o tha t  a t  som e poin t  i n th e cours e o f  trainin g a 
larg e numbe r  o f  boundarie s becom e recognizabl e a t  th e sam e 
time ;  o r  (2 )  a  fe w boundar y point s ar e clearl y identifie d 
earl y i n th e process ,  wit h mor e an d mor e adde d a s trainin g 
proceeds .  Th e first  cas e i s no t  incrementa l  b y an y interpreta -
tion .  Th e secon d case ,  thoug h boundarie s ar e discovere d in -
crementally ,  produce s n o usabl e "words "  unti l  fa r  alon g i n 
th e trainin g process .  Th e firs t  boundarie s t o b e identifie d 
ar e fe w an d widel y spaced ,  yieldin g unmanageabl e stretche s 
of  languag e i n betwee n tha t  ar e to o comple x t o b e accessibl e 
t o th e infan t  a s objects .  Counterintuitively ,  th e "words "  ge t 
smalle r  an d smalle r  a s experienc e an d knowledg e increase . 

Constraints 

Al l  o f  th e model s mak e segmentatio n decision s b y a  quanti -
tativ e assessmen t  o f  th e relativ e cohesio n betwee n variou s 
unit s o r  clusters .  Thes e cohesio n metric s for m a  continuu m 
wit h n o obviou s poin t  indicatin g a  shif t  fro m a  word-interna l 
t o a  word-boundar y condition .  H o w doe s eac h algorith m 
m a ke tha t  decision ,  an d h o w doe s eac h compar e wit h th e 
child' s process ? Wha t  constrain s o r  guide s th e learnin g pro -
ces s i n eac h case ? 

T wo algorithm s (Wolff ,  1977 ;  d e Marcken ,  1996 )  produc e 
a neste d segmentation ,  wit h th e mos t  cohesiv e unit s o n th e 
inside :  [s[h[or]]t][c[ut]] .  Thi s procedur e avoid s decidin g 
whic h lette r  group s represen t  morphs ,  whic h words ,  an d whic h 
phrases .  I n on e sense ,  suc h a  representatio n m a y b e mor e 
cognitiv e tha n rigi d wor d boundaries .  Certainl y adults ,  an d 
probabl y eve n children ,  stor e comple x lexica l  units ,  wit h 
severa l  hierarchica l  an d coexistin g levels . 

•  I n th e O - B algorithm ,  th e "optlen "  paramete r  set s a n up -
per  limi t  o n th e built-i n tendenc y fo r  word s t o gro w longer . 
I t  doe s thi s wit h a n evaluatio n metri c tha t  penalize s th e us e 
of  longe r  word s whe n ther e ar e shorte r  suitabl e candidates . 
Thi s constrain t  i s  th e analo g o f  a  developmenta l  limitation , 
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Tabl e 2 :  Summar y o f  cognitiv e evaluatio n a s discussed . 

Continuou s input ? 

Continuou s output ? 

Incremental ? 

Constrain t 

Strateg y 

Goal 

O-B 
yes 
yes 
yes 

optle n 

cluste r 

word s 

M PL 
no 
no 
no 

MDL/hie r 
cluste r 

word s 

N?t s 
yes 

yes ? 

no 
7 

divid e 

rule s 

Bigram s 

no 
no 
no 

optle n 

divid e 

rule s 

th e combinatio n o f  th e infant' s smal l  workin g memor y an d 
th e shor t  lif e o f  th e bootstrappin g process . 

The particula r  valu e o f  th e "optlen "  paramete r  use d i n 
thes e experiment s wa s th e on e calculate d t o produc e th e 
same numbe r  o f  wor d token s a s i n th e standard ,  whic h sim -
plifie d scorin g b y bringin g precisio n an d recal l  close r  toge -
ther .  Fo r  th e chil d ther e woul d b e n o suc h value ,  o f  course , 
but  b y hypothesi s a  gradua l  workin g u p fro m ver y smal l  t o 
larger .  I n fact ,  th e demonstratio n b y th e O- B algorith m tha t 
suc h a n incrementa l  clusterin g proces s need s som e constrain t 
ca n b e see n a s a  resul t  tha t  confirm s th e "les s i s more "  hypo -
thesi s o f  Newpor t  (1990 )  an d Elma n (1993) . 

•  I n th e networks ,  i t  i s  no t  clea r  wha t  constrain s th e learn -
in g process .  A s mentione d i n th e previou s section ,  w e d o 
not  kno w h o w th e output s change d ove r  th e trainin g pro -
cess ,  an d th e author s di d no t  repor t  h o w the y decide d t o ter -
minat e training .  I n tw o cases ,  sinc e th e precisio n an d recal l 
percentage s wer e fairl y  clos e together ,  w e ca n se e tha t  th e 
final  stat e o f  th e networ k produce d roughl y th e sam e num -
ber  o f  wor d division s a s i n th e standar d (Rocheste r  8 6 % o f 
th e standard ,  U S C 108%) .  Th e Edmburg h results ,  however , 
showe d tha t  th e numbe r  o f  division s mad e b y th e networ k 
was onl y 3 5 % o f  th e standard ,  a  sever e shortfall ,  an d onl y 
6 0 % o f  thes e wer e correc t  ( 2 1 % o f  th e standard) . 

-  Th e M D L algorithm s ar e constraine d b y th e tensio n be -
twee n th e lengt h o f  th e wor d typ e an d it s frequency .  Th e 
M DL principl e trie s t o minimiz e th e combine d lengt h o f  th e 
code d tex t  an d th e lexicon ,  resultin g i n th e avoidanc e o f 
bot h extremes :  a  lon g wor d whic h occur s rarel y i s  penal -
ized ,  a s i s a  ver y shor t  wor d whic h occur s to o frequently .  I n 
th e fomie r  cas e th e lexico n entr y i s to o lon g t o resul t  i n ne t 
saving s fo r  onl y a  fe w occurrences .  I n th e latte r  case ,  eac h 
of  th e man y occurrence s wil l  requir e a n inde x referenc e tha t 
i s  almos t  a s lon g a s th e origina l  wor d woul d hav e been . 

M DL i s derive d fro m informatio n theor y an d define s th e 
most  efficien t  encodin g o f  a  text : 

The M D L Principl e i s a  well-motivate d an d theoreticall y 
soun d principl e fo r  dat a compressio n an d estimation.. .  A s 

a strateg y o f  statistica l  estimation ,  M D L i s guarantee d t o 
be nea r  optimal .  (L i  &  A b e 1996:1 ) 

Bren t  &  Cartwrigh t  exten d thi s t o th e cognitiv e sphere : 

...[T]h e notio n tha t  th e bes t  segmentatio n o f  th e inpu t  i s 
th e on e wit h th e shortes t  representatio n ca n b e interprete d 
as a  formalizatio n o f  Occam' s Razor—th e notio n tha t  th e 
bes t  explanatio n o f  a  se t  o f  observation s (e.g. ,  linguisti c 
inputs )  i s th e simplest .  (Bren t  &  Cartwright ,  i n press : 
lOf. ) 

I t  i s  no t  clear ,  however ,  tha t  infan t  minds—o r  eve n adul t 

m inds—wor k accordin g t o suc h idealize d principles .  Fo r 
th e huma n brain ,  wher e computatio n i s slo w an d storag e i s 
plentiful ,  ther e seem s n o justificatio n fo r  a  schem e whic h 
does a  lo t  o f  wor k i n orde r  t o sav e storage . 

To carr y th e argumen t  a  bi t  further ,  w e ca n sa y tha t  M D L 
and othe r  compressio n scheme s ar e a n attemp t  t o rende r 
natura l  language—whic h i s "natural "  t o th e huma n m i n d — 

mor e manageabl e b y machines .  Th e mos t  efficien t  structur e 
fo r  a  compute r  i s th e leas t  redundan t  one ,  bu t  thi s i s no t  a 
characteristi c o f  huma n language ,  whic h b y it s natur e i s highl y 
redundant . 

Clustering vs. Dividing Strategies 

Wit h respec t  t o overal l  strategy ,  th e algorithm s patter n int o 
tw o groups :  Th e net s divide ,  whil e th e M D L an d O- B algo -
rithm s cluster .  Th e cluste r  approac h look s fo r  particularl y 
frequen t  an d thu s cohesiv e groups ,  an d treat s thes e a s th e ob -
ject s o f  interest—words ;  boundarie s betwee n wor d cluster s 
ar e a  side-effec t  o f  thi s process .  Th e divid e approac h look s 
fo r  point s o f  unusuall y lo w cohesio n an d treat s thes e a s divi -
sions ,  wit h word s arisin g betwee n thes e boundarie s a s a 
side-effec t  o f  th e process .  A s pointe d ou t  above ,  clusterin g 
promote s th e incrementa l  growt h o f  outputs ,  whil e dividm g 
frustrate s it .  A n eve n mor e fundamenta l  difference ,  perfect -
l y correlate d wit h th e cluster/divid e dichotom y i n ou r  sam -
ple ,  i s  discusse d i n th e nex t  section . 

Learning Words or Rules? 

The cluster/divid e differenc e i n strateg y i s linke d t o a  differ -
enc e i n th e goa l  o r  endpoin t  o f  th e process .  O- B an d M D L 
ar e modelin g th e discover y o f  particula r  words ,  whic h ar e 
the n recognize d a s word s an d use d again ,  whil e th e net s ar e 
modelin g th e discover y o f  h o w t o discove r  word s b y moni -
torin g relationship s betwee n phoneme s and/o r  features .  Th e 
end produc t  o f  th e clusterin g proces s i s a  lexico n o f  wor d 
types .  Th e en d produc t  o f  th e dividin g proces s i s a  "know -
ledge "  o f  th e statistica l  regularitie s o f  wor d boundarie s a s 
encode d i n th e hidde n unit s o f  th e networks . 

As on e indicatio n o f  thi s focu s o n proces s rathe r  tha n pro -
duct ,  al l  thre e network s "trained "  o n on e bod y o f  dat a an d 
the n "tested "  usin g a  held-ou t  portion .  Thi s reflect s th e de -
signers '  vie w o f  thei r  mode l  a s learnin g a  skill ,  whic h i s 
the n demonstrate d o n dat a distinc t  fro m tha t  whic h wa s see n 
i n training .  O- B an d M D L ,  o n th e othe r  hand ,  ar e engage d 
i n a  self-organizatio n o f  th e phonemi c stream ,  creatin g a  lex -
ico n an d a  parse d versio n o f  th e input .  Thei r  goa l  i s  no t  th e 
abilit y  t o find  ne w word s i n ne w input ,  bu t  th e knowledg e 
stor e whic h result s directl y fro m th e particula r  inpu t  seen . 

Whic h i s cognitivel y mor e plausible ? W h e n w e sa y tha t 
childre n ar e "learnin g t o segmen t  language, "  d o w e mea n 
tha t  the y ar e discoverin g meanin g unit s on e b y on e an d 
enterin g the m i n th e first  menta l  lexicon ? O r  d o w e mea n 
tha t  the y ar e learnin g "rules, "  o r  regularities ,  fo r  segmentin g 
thei r  nativ e languag e int o words ? Thi s contras t  i s  sometime s 
cas t  a s tw o kind s o f  knowledge :  rot e vs .  rule ,  "knowin g 
that "  vs .  "knowin g how. " 

Ther e i s a  nic e distinctio n her e tha t  i s  intimatel y relate d t o 
th e child' s rol e a s activ e learner .  W e mus t  differentiat e be -
twee n th e goa l  objec t  o f  learnin g an d th e pat h b y whic h i t  i s 
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reached .  Babie s ar e no t  tryin g t o lear n rule s o r  regularities , 
but  t o communicat e wit h thos e aroun d them .  T o ente r  th e 
linguisti c system ,  the y us e a n artfu l  combinatio n o f  imita -
tio n an d analysis .  Instinctivel y tryin g t o minimiz e effor t 
and maximiz e results ,  the y lear n t o pa y attentio n t o th e mos t 
productiv e regularities ,  th e mos t  reliabl e cues . 

So "rules, "  i n thi s sens e o f  probabilisti c  regularities ,  ar e 
bein g learne d b y th e infan t  a s a  by-produc t  o f  successfu l 
hypotheses .  Tha t  is ,  a s mor e an d mor e word s ar e learned , 
more an d mor e regularitie s tha t  le d t o thei r  hypothesi s ca n 
be confirmed .  Thi s i s th e opposit e o f  th e usua l  sens e o f 
"rule "  i n linguistic s a s somethin g whic h generate s linguisti c 
objects ,  rathe r  tha n somethin g whic h i s induce d fro m them . 
Perhap s w e ca n sa y tha t  th e word s themselve s ar e consciousl y 
"known, "  whil e th e "rules "  o r  cue s tha t  lea d t o successfu l 
learnin g ar e th e kin d o f  implici t  learnin g tha t  w e us e withou t 
consciou s awarenes s (Cleeremans ,  1993) . 

I f  so ,  undoubtedl y infant s ar e engage d i n bot h 'learnin g 
what "  an d "learnin g how "  simultaneously ,  bu t  th e firs t  bear s 
frui t  muc h soone r  tha n th e second .  Th e projec t  o f  learnin g 
matur e phonotactics ,  whil e certainl y ongoin g throughou t  thi s 
period ,  i s unlikel y t o lea d t o th e firs t  lexicon .  A s a  resul t  o f 
discoverin g th e firs t  grou p o f  words ,  th e child' s linguisti c 
knowledg e i s greatl y increased ,  an d i t  i s  probabl e tha t  th e 
firs t  primitiv e method s o f  wor d discover y ar e soo n discarded , 
or  a t  leas t  vastl y reorganized ,  o n th e wa y t o th e adul t  linguisti c 
system . 

But  i s i t  possibl e tha t  th e connectionis t  nets ,  too ,  ar e learn -
in g actua l  words ? H o w d o w e kno w tha t  the y ar e makin g 
phonotacti c discriminations ,  no t  lexica l  ones ? O n th e on e 
hand ,  the y creat e n o lexicon ,  an d thei r  us e o f  featura l  repres -
entation s increase s ou r  perceptio n o f  the m a s discriminatin g 
on phonotactics .  Bu t  the y d o evaluat e th e wor d boundarie s 
as outpu t  an d no t  th e rule s whic h presumabl y fin d them . 
Sinc e "connectionis t  network s ar e notoriousl y har d t o ana -
lyze "  (Cleeremans ,  1993:205 )  an d w e kno w o f  n o empirica l 
tes t  whic h ca n mak e th e necessar y distinction ,  w e wil l  ac -
cept  th e judgment s o f  thei r  designers : 

The mai n empirica l  clai m behin d ou r  approac h i s tha t  sub -
regularitie s withi n a  domai n ca n be ,  an d are ,  exploite d t o 
th e exten t  tha t  the y mak e usefu l  predictions .  I n ou r  cas e 
th e subregularit y i s phonotaaics ,  th e sublexica l  distribu -
tiona l  regularitie s o f  phonology .  (Cairn s e t  al. ,  1997:142 ) 

The mos t  importan t  outcome ,  however ,  wa s th e presenc e 
of  significantl y highe r  activatio n fo r  wor d boundarie s tha n 
fo r  within-wor d phonem e triplets .  Thi s indicate s that ,  i n 
additio n t o learnin g phonem e triplet s tha t  precede d a 
phraseAitteranc e boundary ,  th e mode l  als o learne d phon -
eme triplet s tha t  precede d a  wor d boundary .  (Asli n e t  al. , 
1996:129 ) 
I n sum ,  a s th e goa l  o f  a  bootstrappin g task ,  learnin g word s 

seems mor e plausibl e tha n learnin g h o w t o find  words ,  s o 
th e clusterin g algorithm s hav e a n edg e i n castin g th e prob -
le m i n a  mor e lifelik e form ,  an d th e bigra m an d connection -
is t  procedure s ar e i n thi s respec t  les s cognitivel y realistic . 

compute r  mode l  t o a  greate r  o r  lesse r  degree .  Th e rea l  gain s 
of  th e modelin g exercise ,  however ,  ar e a  cleare r  understand -
in g o f  th e natur e o f  th e infan t  segmentatio n process ,  an d a 
greate r  appreciatio n fo r  wha t  a  cognitiv e compute r  algori -
th m ca n sho w u s an d wha t  i t  cannot . 
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