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Provides:	
  
•  Tes'ng	
  ground	
  for	
  

ar'culated	
  models	
  
	
  
Risks:	
  
•  Relevance	
  to	
  

acquisi'on	
  
•  Cognit.	
  plausibility	
  
•  Narrow	
  scope	
  and	
  

strong	
  assump'ons	
  

Provides:	
  
•  Fine-­‐grained	
  

informa'on	
  about	
  
performance	
  

	
  
Risks:	
  
•  Effect	
  validity	
  and	
  

relevance	
  to	
  
acquisi'on	
  

Provides:	
  
•  Target	
  of	
  

acquisi'on	
  
•  Cross-­‐linguis'c	
  

perspec've	
  

Risks:	
  
•  Psychological	
  

reality	
  of	
  
representa'ons	
  

Provides:	
  
•  Naturalis'c	
  error	
  

paPerns	
  over	
  'me	
  
	
  
Risks:	
  
•  Over/under-­‐

sampling	
  
•  Limited	
  data	
  



I.	
  Infant	
  word	
  segmentation	
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Word	
  segmentation	
  (WS)	
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•  Approxima'on:	
  uPerances	
  of	
  sounds	
  as	
  input,	
  goal	
  is	
  to	
  
iden'fy	
  the	
  words	
  that	
  produced	
  the	
  input	
  

•  But	
  word	
  segmenta'on	
  is	
  not	
  an	
  end	
  in	
  itself:	
  provides	
  
useful	
  units	
  (Peters,	
  1983)	
  for	
  learning	
  and	
  understanding	
  
•  Lexicon,	
  Morphosyntax,	
  Phonology	
  

•  My	
  interest:	
  how	
  can	
  we	
  explain	
  the	
  behavior	
  of	
  children	
  
as	
  they	
  learn	
  to	
  segment	
  words?	
  



The	
  Ainding	
  that	
  launched	
  a	
  thousand	
  studies	
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bidakupado,golabubidaku	
  
(Saffran	
  et	
  al.,	
  1996)	
  

•  Three	
  syllable	
  “words”	
  like	
  bidaku	
  
•  Transi'onal	
  probability	
  (TP)	
  manipula'on	
  

•  Word-­‐internal:	
  1.0	
  

•  Between-­‐word:	
  0.33	
  

•  Infants	
  discriminate	
  between	
  “words”	
  and	
  their	
  
scrambled	
  form	
  or	
  sequences	
  that	
  cross	
  word	
  boundaries	
  

•  Claim:	
  infants	
  use	
  TP	
  minima	
  to	
  perform	
  segmenta'on	
  



Questions	
  begged	
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1.  How	
  can	
  TPs	
  be	
  used	
  as	
  a	
  part	
  of	
  a	
  model	
  of	
  WS?	
  

2.  Does	
  the	
  use	
  of	
  TPs	
  align	
  with	
  other	
  experimental/
developmental	
  findings?	
  

Experimental	
  

Computa'onal	
  

Developmental	
  



Often	
  replicated,	
  but	
  never	
  validated	
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•  Many	
  replica'ons	
  of	
  findings	
  related	
  to	
  TP-­‐based	
  
segmenta'on,	
  cross-­‐domain	
  and	
  cross-­‐species	
  (Hauser	
  et	
  
al.,	
  2001;	
  Saffran	
  et	
  al.,	
  1999,	
  and	
  many,	
  many,	
  others)	
  

•  But	
  at	
  every	
  possibility,	
  other	
  cues	
  override	
  TPs	
  
•  Stress,	
  when	
  infants	
  reach	
  9	
  months	
  (Thiessen	
  and	
  Saffran,	
  2003)	
  

•  Prosodic	
  boundaries	
  imply	
  word	
  boundaries	
  (Shukla	
  et	
  al.,	
  2011)	
  

•  TP	
  learning	
  fails	
  in	
  more	
  naturalis'c	
  circumstances	
  (pace	
  
Graf	
  Estes	
  et.	
  al.,	
  2009;	
  Hay	
  et	
  al.,	
  2011;	
  Pelucchi	
  et	
  al.,	
  
2009)	
  
•  Presence	
  of	
  words	
  in	
  isola'on	
  (Lew-­‐Williams	
  et.	
  al,	
  2011)	
  

•  Learning	
  words	
  of	
  varying	
  length	
  (Johnson	
  and	
  Tyler,	
  2010;	
  Lew	
  
Williams	
  and	
  Saffran,	
  2012)	
  



Modeling	
  of	
  WS	
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•  TP	
  minima	
  by	
  themselves	
  are	
  a	
  dead-­‐end	
  (Yang,	
  2004)	
  

•  Models	
  using	
  lexicon,	
  and	
  Bayesian	
  inference	
  
(Borschinger	
  and	
  Johnson,	
  2011;	
  Goldwater	
  et	
  al.,	
  2009;	
  
Johnson	
  and	
  Goldwater,	
  2009;	
  Pearl	
  et	
  al.,	
  2011)	
  	
  
•  Goal	
  of	
  learner	
  is	
  develop	
  high-­‐quality	
  lexicon	
  for	
  segmenta'on,	
  

context	
  can	
  be	
  crucial	
  

•  Integrates	
  progress	
  in	
  unsupervised	
  learning	
  (Teh,	
  2006)	
  
•  High	
  performance.	
  Developmental	
  impact?	
  



Connecting	
  to	
  development	
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•  Can	
  we	
  connect	
  these	
  models	
  to	
  development?	
  
•  Primarily	
  models	
  at	
  computa,onal	
  level,	
  not	
  algorithmic	
  (Marr,	
  

1983)	
  

“In	
  par'cular,	
  Bayesian	
  models	
  ogen	
  do	
  not	
  address	
  how	
  the	
  
learner	
  might	
  perform	
  the	
  computa'ons	
  required	
  to	
  achieve	
  the	
  
op'mal	
  solu'on	
  to	
  the	
  learning	
  problem	
  […]	
  they	
  simply	
  state	
  that	
  
if	
  human	
  behavior	
  accords	
  with	
  the	
  predic'ons	
  of	
  the	
  model,	
  then	
  
humans	
  must	
  be	
  performing	
  some	
  computa'on	
  (possibly	
  a	
  very	
  
heuris'c	
  one)	
  that	
  allows	
  them	
  to	
  iden'fy	
  the	
  same	
  op'mal	
  
solu'on	
  that	
  the	
  model	
  did.”	
  (Pearl	
  and	
  Goldwater,	
  2011)	
  

•  What	
  about	
  the	
  how?	
  

	
  



A	
  better	
  way?	
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•  It	
  turns	
  out	
  simple	
  strategies	
  work	
  well	
  (Gambell	
  and	
  
Yang,	
  2006;	
  Yang,	
  2004)	
  

•  Can	
  we	
  model	
  learning	
  over	
  naturalis'c	
  development,	
  
e.g.,	
  past	
  tense	
  debate?	
  



Our	
  modeling	
  goal:	
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Build	
  the	
  simplest	
  model	
  that:	
  

•  Aligns	
  with	
  infants’	
  capabili'es	
  
•  Replicates	
  infants’	
  behavior	
  in	
  a	
  principled	
  fashion	
  
•  Performs	
  reasonably	
  at	
  the	
  task	
  

	
  



II.	
  An	
  algorithm	
  for	
  segmentation	
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How	
  do	
  infants	
  segment	
  speech?	
  

•  Possible	
  strategy:	
  iden'fica'on	
  of	
  words	
  in	
  isola'on	
  
(Peters,	
  1983;	
  Pinker	
  et	
  al.,	
  1984)	
  
•  Unlikely	
  to	
  be	
  sufficient	
  (Aslin	
  et	
  al.,	
  1996),	
  but	
  probably	
  helpful	
  

(Brent	
  and	
  Siskind,	
  2001)	
  

•  APending	
  to	
  mul'ple	
  cues	
  in	
  the	
  input,	
  most	
  popularly:	
  
•  Bootstrapping	
  from	
  known	
  words	
  (Bormeld	
  et	
  al.,	
  2005;	
  Dahan	
  

and	
  Brent,	
  1999)	
  

•  More	
  easily	
  iden'fy	
  novel	
  words	
  at	
  beginning	
  and	
  ends	
  of	
  
uPerances	
  at	
  8	
  months	
  (Seidl	
  &	
  Johnson,	
  2006)	
  

•  Dominant	
  stress	
  paPern	
  of	
  language	
  (Jusczyk	
  et	
  al.,	
  1999)	
  

13	
  



Infant	
  word	
  learning	
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•  Infants	
  show	
  first	
  clear	
  signs	
  of	
  iden'fying	
  words	
  at	
  6	
  
mos.	
  (Bergelson	
  and	
  Swingley,	
  2012)	
  

•  At	
  that	
  age,	
  no:	
  
•  Stress	
  preference	
  (Jusczyk	
  et	
  al.,	
  1993,	
  1999)	
  
•  Phoneme	
  transi'on	
  preference/phonotac'cs	
  (MaPys	
  et	
  al.,	
  

1999)	
  

•  But:	
  
•  Syllable	
  as	
  primary	
  perceptual	
  unit,	
  sensi'vity	
  over	
  'me:	
  

•  Birth:	
  number	
  of	
  syllables	
  (Bijeljac-­‐Babic	
  et	
  al.,	
  1993);	
  2	
  mos:	
  
preference	
  for	
  syllabifiable	
  input	
  (Bertoncini	
  &	
  Mehler,	
  
1981),	
  holis'c	
  syllables	
  (Jusczyk	
  &	
  Derrah,	
  1987)	
  

•  Ability	
  to	
  iden'fy	
  cohesive	
  chunks	
  (GoodsiP	
  et	
  al,	
  1993)	
  



Modeling	
  assumptions	
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•  In	
  modeling,	
  assump'ons	
  needed	
  to	
  help	
  isolate	
  
phenomena	
  at	
  a	
  par'cular	
  level	
  
•  With	
  goal	
  to	
  relax	
  assump'ons	
  as	
  more	
  is	
  known	
  about	
  solu'on	
  

•  Learner	
  is	
  given	
  canonical	
  syllabified	
  input	
  
•  As	
  standard	
  in	
  experimental	
  work	
  and	
  corpus	
  analysis	
  

•  Convergence	
  toward	
  the	
  syllable	
  as	
  the	
  primary	
  unit	
  of	
  speech	
  
percep'on	
  of	
  young	
  infants	
  (Mehler	
  et	
  al.,	
  1990)	
  

•  Able	
  to	
  map	
  acous'c	
  signal	
  to	
  strong/weak	
  stress	
  on	
  	
  
syllables	
  (Johnson	
  &	
  Jusczyk,	
  2001)	
  



Overview	
  of	
  the	
  proposed	
  algorithm	
  

•  Segmenter	
  has	
  a	
  lexicon	
  of	
  poten'al	
  words	
  it	
  builds	
  over	
  
'me	
  
•  Starts	
  empty,	
  words	
  are	
  added	
  based	
  on	
  segmenta'on	
  of	
  each	
  

uPerance	
  	
  

•  Each	
  word	
  has	
  a	
  score	
  

•  Operates	
  online	
  
•  Processes	
  one	
  uPerance	
  at	
  a	
  'me	
  

•  Cannot	
  remember	
  previous	
  uPerances	
  or	
  how	
  it	
  segmented	
  
them,	
  only	
  lexicon	
  

•  Operates	
  leg-­‐to-­‐right	
  in	
  each	
  uPerance	
  to	
  insert	
  word	
  
boundaries	
  between	
  syllables	
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Model	
  in	
  a	
  nutshell	
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1.  Use	
  uPerance	
  boundaries	
  to	
  help	
  find	
  ini'al	
  words.	
  
2.  Bootstrap	
  from	
  known	
  words.	
  

3.  Reward	
  the	
  words	
  that	
  appear	
  to	
  lead	
  to	
  bePer	
  
segmenta'ons,	
  penalize	
  the	
  ones	
  that	
  lead	
  us	
  astray.	
  

•  I’ll	
  work	
  through	
  some	
  examples	
  
•  Orthography	
  for	
  easy	
  reading,	
  input	
  is	
  syllabified	
  phonemes	
  



In	
  the	
  beginning…	
  

•  Just	
  add	
  whole	
  uPerances	
  to	
  the	
  lexicon	
  
•  Gets	
  words	
  in	
  isola'on	
  for	
  free,	
  but	
  ogen	
  more	
  than	
  

one	
  word	
  

	
  

	
  

	
  

	
  

big	
   drum	
  Lexicon:	
  

Treat	
  everything	
  as	
  
word,	
  add	
  to	
  lexicon	
  

bigdrum	
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Subtractive	
  Segmentation	
  

•  Use	
  words	
  in	
  the	
  lexicon	
  to	
  break	
  up	
  the	
  uPerance	
  
•  Increase	
  word’s	
  score	
  when	
  it	
  is	
  used	
  
•  Add	
  new	
  words	
  to	
  lexicon	
  

	
  

	
  

	
  

	
  

mo	
   mmy’s	
   tea	
  Lexicon:	
  
mommy’s	
  
	
  
...	
  

Treat	
  remainder	
  as	
  
word,	
  add	
  to	
  lexicon	
  

tea	
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Trust	
  

•  Add	
  new	
  words	
  to	
  lexicon	
  based	
  on	
  whether	
  we	
  trust	
  
them	
  (touch	
  an	
  uPerance	
  boundary)	
  

	
  

	
  

	
  

	
  

	
  

is	
   that	
   a	
   che	
   cker	
  Lexicon:	
  
a	
  
is	
  
that	
  
red	
  
	
  
...	
  

Treat	
  remainder	
  as	
  
word,	
  add	
  to	
  lexicon	
  

checker	
  

20	
  

is	
   that	
   che	
   cker	
   red	
  

Don’t	
  trust	
  this	
  



Multiple	
  hypotheses	
  

•  For	
  mul'ple	
  possible	
  subtrac'ons	
  two	
  op'ons:	
  
•  Greedy	
  approach	
  (Lignos	
  and	
  Yang,	
  2010)	
  
•  Pursue	
  two	
  hypotheses	
  (beam	
  search)	
  

•  Two	
  hypotheses	
  allow	
  for	
  penaliza,on:	
  reduce	
  score	
  of	
  
	
   	
  word	
  that	
  started	
  losing	
  hypothesis	
  

is	
   that	
   a	
   che	
   cker	
  Lexicon:	
  
a	
  
is	
  
isthat	
  
that	
  
...	
  

is	
   that	
   a	
   che	
   cker	
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is	
  and	
  that	
  lead	
  to	
  higher	
  
mean	
  score	
  than	
  isthat	
  

?	
  



Scoring	
  hypotheses	
  

•  Prefer	
  the	
  hypothesis	
  that	
  uses	
  the	
  higher-­‐scoring	
  words	
  
•  Winner	
  is	
  rewarded,	
  word	
  scores	
  will	
  go	
  up:	
  “rich	
  get	
  richer”	
  

•  Geometric	
  mean	
  of	
  scores	
  of	
  words	
  used	
  as	
  metric:	
  

•  Useful	
  for	
  compound	
  splirng	
  (Koehn	
  and	
  Knight,	
  2003;	
  Lignos,	
  
2010)	
  

•  Doesn’t	
  have	
  bias	
  for	
  fewer	
  or	
  more	
  words,	
  but	
  seeks	
  a	
  higher	
  
average	
  score	
  

•  Post-­‐hoc	
  tes'ng	
  shows	
  this	
  outperforms	
  other	
  obvious	
  metrics	
  
(MDL/MLE,	
  other	
  means)	
  

u � the syllables of the utterance, initally with no word boundaries
i � 0
while i < len(u) do

if USS requires a word boundary then
Insert a word boundary and advance i, updating the lexicon as needed

else if Subtractive Segmentation can be performed then
Subtract the highest scoring word and advance i, updating the lexicon as needed

else
Advance i by one syllable

end if
end while
w � the syllables between the last boundary inserted (or the beginning of the utterance if no boundaries were inserted) and the
end of the utterance
Increment w’s score in the lexicon, adding it to the lexicon if needed

Figure 3: An algorithm combining USS and Subtractive Segmentation

explore multiple hypotheses at once, using a sim-
ple beam search. New hypotheses are added to
support multiple possible subtractive segmentations.
For example, using the utterance above, at the be-
ginning of segmentation either part or partof could
be subtracted from the utterance, and both possi-
ble segmentations can be evaluated. The learner
scores these hypotheses in a fashion similar to the
greedy segmentation, but using a function based on
the score of all words used in the utterance. The
geometric mean has been used in compound split-
ting (Koehn and Knight, 2003), a task in many ways
similar to word segmentation, so we adopt it as the
criterion for selecting the best hypothesis. For a
hypothesized segmentation H comprised of words
wi . . . wn, a hypothesis is chosen as follows:

argmax

H
(

Y

wi2H
score(wi))

1
n

For any w not found in the lexicon we must assign
a score; we assign it a score of one as that would
be its value assuming it had just been added to the
lexicon, an approach similar to Laplace smoothing.

Returning to the previous example, while the
score of partof is greater than that of part, the score
of of is much higher than either, so if both partof
an apple and part of an apple are considered, the
high score of of causes the latter to be chosen.
When beam search is employed, only words used in
the winning hypothesis are rewarded, similar to the
greedy case where there are no other hypotheses.

In addition to preferring segmentations that use
words of higher score, it is useful to reduce the

Algorithm Word Boundaries

Precision Recall F-Score
No Stress Information

Syllable Baseline 81.68 100.0 89.91
Subtractive Seg. 91.66 89.13 90.37
Subtractive Seg. + Beam 2 92.74 88.69 90.67

Word-level Stress

USS Only 91.53 18.82 31.21
USS + Subtractive Seg. 93.76 92.02 92.88
USS + Subtractive Seg. +
Beam 2

94.20 91.87 93.02

Table 1: Learner and baseline performance

score of words that led to the consideration of a los-
ing hypothesis. In the previous example we may
want to penalize partof so that we are less likely to
choose a future segmentation that includes it. Set-
ting the beam size to be two, forcing each hypothesis
to develop greedily after an ambiguous subtraction
causes two hypotheses to form, we are guaranteed
a unique word to penalize. In the previous example
partof causes the split between the two hypotheses
in the beam, and thus the learner penalizes it to dis-
courage using it in the future.

5 Results

5.1 Evaluation

To evaluate the performance of our model, we mea-
sured performance on child-directed speech, using
the same corpus used in a number of previous stud-
ies that used syllabified input (Yang, 2004; Gambell
and Yang, 2004; Lignos and Yang, 2010). The eval-
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Predictions	
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•  Default	
  assump'on	
  of	
  uPerance	
  =	
  word	
  à	
  infants	
  will	
  
start	
  with	
  oversized	
  units	
  and	
  words	
  in	
  isola'on	
  

•  Rich-­‐get-­‐richer	
  scoring	
  à	
  As	
  the	
  learner	
  is	
  exposed	
  to	
  
more	
  data,	
  learner	
  will	
  tend	
  to	
  use	
  high-­‐frequency	
  
elements	
  

•  Penaliza'on	
  à	
  Use	
  of	
  colloca'ons	
  will	
  decrease	
  with	
  
'me	
  

	
  



III.	
  Results	
  and	
  analysis	
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Our	
  evaluation	
  corpus	
  

•  Constructed	
  from	
  Brown	
  (1973)	
  subset	
  of	
  CHILDES	
  English	
  
(Adam,	
  Eve,	
  Sarah),	
  ~60k	
  uPerances	
  

•  Pronuncia'ons	
  and	
  stress	
  for	
  each	
  word	
  from	
  CMUDICT,	
  
algorithmically	
  syllabified	
  

•  Stress	
  modified	
  to	
  bePer	
  reflect	
  natural	
  speech	
  
•  No	
  adjacent	
  primary	
  stresses	
  (Liberman	
  &	
  Prince,	
  1977;	
  Selkirk	
  

1984)	
  

•  Sample	
  input:	
  

B.IH0.G|D.R.AH1.M	
  
HH.AO1.R.S	
  
HH.UW0|IH0.Z|DH.AE1.T	
  

25	
  



Evaluation	
  

•  A’	
  calculated	
  over	
  syllable	
  boundaries	
  	
  
•  Balance	
  of	
  hit	
  rate	
  and	
  false	
  alarm	
  rate	
  for	
  discrimina'ng	
  word	
  

boundaries	
  

•  Trapezoidal	
  approxima'on	
  of	
  area	
  under	
  ROC	
  curve	
  

•  F-­‐score	
  used	
  for	
  word	
  token	
  iden'fica'on	
  
•  Balance	
  of	
  precision	
  (how	
  ogen	
  a	
  word	
  iden'fied	
  in	
  an	
  uPerance	
  

is	
  correct)	
  and	
  recall	
  (how	
  many	
  correct	
  words	
  were	
  found)	
  

•  Ex:	
  is	
  that	
  a	
  lady	
  segmented	
  as	
  isthat	
  a	
  lady	
  

•  Precision	
  2/3:	
  a,	
  lady;	
  isthat	
  
•  Recall	
  2/4:	
  a,	
  lady;	
  is,	
  that	
  

•  Compared	
  against	
  baseline	
  strategies	
  

26	
  



Evaluation	
  

•  Evaluated	
  segmenter	
  in	
  three	
  forms:	
  
•  Subtrac've	
  segmenta'on	
  

•  Subtrac've	
  segmenta'on	
  with	
  trust,	
  only	
  adding	
  words	
  to	
  the	
  
lexicon	
  if	
  they	
  touch	
  an	
  uPerance	
  boundary	
  

•  Subtrac've	
  segmenta'on	
  with	
  trust	
  and	
  mul,ple	
  hypotheses,	
  
considering	
  two	
  hypothe'cal	
  segmenta'ons	
  and	
  penalizing	
  the	
  
loser	
  

•  Errors	
  computed	
  over	
  learning	
  corpus	
  from	
  first	
  uPerance	
  
•  Worst-­‐case	
  evalua'on	
  for	
  online	
  learner	
  

•  Word	
  boundaries	
  taken	
  as	
  orthographic	
  boundaries	
  in	
  the	
  
input	
  
•  Aligns	
  with	
  morphological	
  and	
  phonological	
  defini'ons	
  of	
  word	
  

27	
  



Performance	
  

•  Trust	
  and	
  mul'ple	
  hypotheses	
  significantly	
  reduce	
  FA	
  rate	
  

•  Perfect	
  memory	
  is	
  not	
  crucial:	
  evalua'ng	
  A’	
  and	
  F-­‐score	
  
with	
  imperfect	
  memory/syllable	
  iden'fica'on	
  yield	
  
similar	
  results	
  

Method	
   Hit	
  
False	
  
Alarm	
   A’	
  

Word	
  
F-­‐Score	
  

Baseline:	
  syllable	
  =	
  word	
   1.0	
   1.0	
   0	
   0.753	
  
Subtrac've	
  Segmenta'on	
   0.992	
   0.776	
   0.795	
   0.797	
  
+Trust	
   0.961	
   0.468	
   0.860	
   0.841	
  
+Mul'ple	
  Hypotheses	
   0.953	
   0.401	
   0.875	
   0.849	
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Infant	
  error	
  patterns	
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•  Undersegmenta'on	
  at	
  young	
  age	
  (Brown,	
  1973;	
  Clark,	
  
1977;	
  Peters,	
  1977,	
  1983)	
  
•  Func'on	
  word	
  colloca'ons:	
  that-­‐a,	
  it’s,	
  isn’t-­‐it	
  
•  Phrases	
  as	
  single	
  unit:	
  

	
  look	
  at	
  that,	
  what’s	
  that,	
  oh	
  boy,	
  all	
  gone,	
  open	
  the	
  door	
  

•  Func'on-­‐content	
  colloca'ons:	
  picture-­‐of,	
  whole-­‐thing	
  

•  Oversegmenta'on	
  at	
  older	
  ages	
  (Peters,	
  1983)	
  
•  Func'on	
  word	
  oversegmenta'on:	
  behave/be	
  have,	
  tulips/two	
  

lips,	
  Miami/my	
  Ami/your	
  Ami	
  

•  Errors	
  can	
  s'll	
  occur	
  in	
  adulthood	
  (Cutler	
  and	
  Norris,	
  1988)	
  



Most	
  frequent	
  error	
  tokens	
  

•  Divided	
  into	
  early	
  (first	
  10k	
  uPerances)	
  and	
  late	
  (last	
  10k	
  
uPerances)	
  stages	
  of	
  learning	
  

•  Coded	
  most	
  frequent	
  incorrect	
  words	
  in	
  output	
  as:	
  
•  Func'on:	
  Overuse	
  of	
  func'on	
  word	
  (awayà	
  a	
  way)	
  

•  Func'on	
  colloca'on:	
  Two	
  func'on	
  words	
  (that’s	
  a	
  à	
  that’sa)	
  

•  Content	
  colloca'on:	
  Content	
  and	
  content/func'on	
  word	
  (a	
  ball	
  à	
  aball)	
  

•  Other	
  

•  Distribu'on	
  changes	
  across	
  'me	
  (Chi-­‐squared	
  p	
  <	
  .0001)	
  

Time	
   FuncGon	
  
Func.	
  
Colloc.	
  

Cont.	
  
Colloc.	
   Other	
  

Early	
   44.2%	
   37.0%	
   8.5%	
   10.4%	
  
Late	
   70.6%	
   1.0%	
   1.2%	
   27.3%	
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Most	
  frequent	
  error	
  tokens	
  
(Converted	
  to	
  orthography	
  for	
  easier	
  reading)	
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Early	
  

Error	
   Example	
   Freq.	
  

oh	
   over	
   209	
  

a	
   away	
   184	
  

thats-­‐a	
   -­‐	
   101	
  

thank-­‐you	
   -­‐	
   45	
  

some	
   something	
   39	
  

all	
   always	
   31	
  

any	
   anyone	
   31	
  

it’s-­‐a	
   -­‐	
   30	
  

why-­‐don’t	
   -­‐	
   28	
  

don’t-­‐know	
   -­‐	
   26	
  

at-­‐the	
   -­‐	
   24	
  

put-­‐the	
   -­‐	
   24	
  

Late	
  

Error	
   Example	
   Freq.	
  

a	
   away	
   441	
  

oh	
   over	
   194	
  

some	
   something	
   101	
  

any	
   anyone	
   77	
  

all	
   always	
   67	
  

every	
   everyone	
   60	
  

in	
   inside	
   57	
  

on	
   onto	
   53	
  

-­‐ty	
   prePy	
   41	
  

be	
   become	
   40	
  

more	
   anymore	
   39	
  

huh	
   honey	
   37	
  



Learning	
  curve	
  

•  Learner	
  starts	
  undersegmen'ng,	
  as	
  it	
  learns	
  achieves	
  
balance	
  with	
  slight	
  oversegmenta'on	
  

0.3	
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Precision	
   Recall	
   F-­‐score	
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Stress	
  pattern	
  learning	
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•  Iden'fica'on	
  of	
  stress	
  paPern	
  in	
  the	
  language	
  
•  Mul'syllabic	
  words	
  in	
  the	
  learner’s	
  acquired	
  lexicon	
  have	
  stress-­‐

ini'al	
  rate	
  of	
  70.3%	
  	
  

•  Taking	
  advantage	
  of	
  this	
  bias	
  in	
  learning	
  reduces	
  errors	
  by	
  37.0%	
  

•  How	
  does	
  this	
  bias	
  affect	
  the	
  learner?	
  
•  Hypothesis:	
  learner	
  commits	
  to	
  bias	
  as	
  soon	
  as	
  it	
  is	
  reliable,	
  thus	
  

higher	
  ini'al	
  stress	
  rate	
  à	
  faster	
  adop'on	
  of	
  bias	
  

•  Hungarian	
  (stress-­‐ini'al	
  by	
  rule):	
  word	
  segmenta'on	
  errors	
  are	
  
rare	
  (MacWhinney,	
  1976;	
  Peters,	
  1983)	
  

•  English	
  (generally	
  stress-­‐ini'al,	
  ~80%):	
  children	
  develop	
  reliable	
  
bias	
  and	
  apply	
  it	
  readily	
  (TARis	
  for	
  guiTAR	
  is,	
  NAna	
  for	
  baNAna)	
  

•  French	
  (arguably	
  no	
  word-­‐level	
  stress):	
  Delayed	
  performance	
  
compared	
  to	
  other	
  languages	
  (Nazzi	
  et	
  al.,	
  2006)	
  



Moving	
  forward	
  

•  What	
  are	
  the	
  units	
  to	
  focus	
  on?	
  
•  What’s	
  the	
  correct	
  segmenta'on	
  for:	
  

•  Spanish	
  verbs	
  with	
  cli'cs:	
  Dámelo	
  (give	
  me	
  it)	
  

•  If	
  morpheme	
  discovery	
  is	
  a	
  part	
  of	
  the	
  problem,	
  gold	
  standard	
  
ques'on	
  becomes	
  less	
  relevant.	
  

•  Feedback	
  with	
  other	
  levels	
  
•  There	
  are	
  joint	
  learning	
  models,	
  but	
  they	
  have	
  serious	
  limita'ons	
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IV.	
  Preliminary	
  extensions	
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Morphological	
  learning	
  

•  Other	
  modeling	
  work	
  has	
  iden'fied	
  importance	
  of	
  
morphology	
  in	
  segmenta'on	
  (Berg-­‐Kirkpatrick	
  et	
  al.,	
  
2010;	
  Johnson,	
  2008)	
  
•  But	
  no	
  online	
  mechanism	
  for	
  using	
  it	
  

•  How	
  can	
  we	
  develop	
  an	
  online	
  mechanism	
  that	
  replicates	
  
child	
  learning	
  paPerns?	
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Batch	
  learning	
  (Chan	
  and	
  Lignos,	
  2010)	
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•  Itera'vely	
  select	
  most	
  type-­‐frequent	
  rule	
  

	
  Morpheme	
  	
   	
  Transform(s)	
  	
  

	
  Brown	
  
Mean	
  
Rank	
  	
  

Learner	
  
Mean	
  
Rank	
  

	
  Present	
  progressive	
  (-­‐ing)	
   (ø,	
  iŋ)	
  	
   2.33	
   2.2	
  

	
  Plural	
  (-­‐s,	
  -­‐es)	
   (ø,	
  z/s/əz)	
   3	
   4.0	
  

	
  Possessive	
  (‘s)	
   (ø,	
  z/s/əz)	
   6.33	
   4.0	
  

	
  Third	
  person	
  singular	
  (-­‐s)	
   (ø,	
  z/s/əz)	
   9.66	
   4.0	
  

	
  Contrac'ble	
  copula	
  (-­‐’s)	
   (ø,	
  z/s/əz)	
   12.66	
   4.0	
  

	
  Past	
  Regular	
  (-­‐ed)	
   (ø,	
  d/t/əd)	
   9	
   6.2	
  

	
  Contrac'ble	
  auxiliary	
  (-­‐’d,	
  -­‐’ll)	
  	
   (ø,	
  d/əl)	
   14	
   8.5	
  



A	
  Airst	
  attempt	
  at	
  an	
  online	
  learner	
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•  Effects	
  of	
  aggressive	
  decomposi'on	
  during	
  real-­‐'me	
  
processing	
  (Lignos	
  and	
  Gorman,	
  in	
  press)	
  

•  Assume	
  learner	
  is	
  eager	
  to	
  split	
  the	
  input:	
  
•  At	
  early	
  stages,	
  try	
  all	
  possible	
  split	
  points	
  for	
  a	
  word:	
  
baking-­‐,	
  bakin-­‐g,	
  baki-­‐ng,	
  bak-­‐ing,	
  ba-­‐king,	
  b-­‐aking	
  

•  Use	
  the	
  brute	
  force	
  frequency	
  es'mates	
  to	
  es'mate	
  the	
  
frequency	
  of	
  morphemes	
  

•  Split	
  words	
  by	
  greedy	
  MDL	
  (minimum	
  descrip'on	
  length)	
  

•  Ager	
  ini'al	
  splits,	
  to	
  gauge	
  which	
  morphemes	
  make	
  good	
  
stems	
  
•  Take	
  the	
  top	
  N	
  apparent	
  affixes,	
  use	
  them	
  to	
  segment	
  words,	
  

mark	
  the	
  highest	
  yield	
  affix	
  as	
  good	
  



Learned	
  morphemes	
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•  Learned	
  on	
  output	
  of	
  segmenta'on	
  

•  Ini'al	
  lexicon	
  of	
  high-­‐enough	
  quality	
  to	
  learn	
  common	
  
suffixes	
  

•  Acquisi'on	
  order	
  similar	
  to	
  Brown	
  1973:	
  

Predicted	
  order	
   Suffix	
   Example	
  
Brown	
  Average	
  
Rank	
  

1	
   -­‐ɪŋ	
   bake-­‐ing	
   2.33	
  
2	
   -­‐z	
   happen-­‐s	
   7.9	
  
3	
   -­‐d	
   happen-­‐ed	
   9	
  
4	
   -­‐ɚ	
   bake-­‐er	
   -­‐	
  
5	
   -­‐t	
   check-­‐ed	
   9	
  
6	
   -­‐ən	
   broke-­‐en	
   -­‐	
  
7	
   -­‐i:	
   smell-­‐y	
   -­‐	
  



Improving	
  evaluation	
  of	
  word	
  segmentation	
  

40	
  

•  Development	
  of	
  comprehensive	
  signal	
  detec'on	
  metrics	
  
for	
  (online!)	
  segmenter	
  performance	
  
•  Boundary	
  discrimina'on	
  and	
  bias,	
  word-­‐level	
  metrics	
  

•  Some	
  accommoda'on	
  for	
  cli'cs,	
  morphological	
  complexity	
  

•  Framework	
  for	
  running	
  all	
  segmenters	
  of	
  note	
  

•  Applica'on	
  of	
  mixed-­‐effects	
  modeling	
  and	
  residualiza'on	
  
to	
  get	
  a	
  fined-­‐grained	
  view	
  of	
  segmenter	
  performance	
  
•  How	
  much	
  of	
  learning	
  success	
  is	
  edge-­‐effects,	
  words	
  in	
  isola'on,	
  

frequency,	
  etc.	
  

•  Comparison	
  of	
  word	
  learning	
  order	
  to	
  age	
  of	
  acquisi'on	
  
data	
  
•  CDI	
  norms,	
  etc.	
  	
  



Conclusions	
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•  Reward-­‐based	
  model	
  can	
  lead	
  to	
  the	
  changes	
  in	
  unit	
  size	
  
seen	
  in	
  children	
  and	
  later	
  promote	
  language-­‐specific	
  
segmenta'on	
  strategies	
  

•  Modeling	
  can	
  help	
  us	
  close	
  the	
  loop	
  between	
  
experimental	
  and	
  developmental	
  findings	
  toward	
  a	
  
complete	
  picture	
  of	
  language	
  acquisi'on	
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