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From	
  Coun6ng	
  to	
  Probabili6es	
  

•  Why	
  count	
  words	
  
•  A	
  probability	
  primer	
  

•  Ngrams	
  and	
  Language	
  models	
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Word	
  Predic6on	
  

•  Guess	
  the	
  next	
  word...	
  
–  ...	
  I	
  no&ce	
  three	
  guys	
  standing	
  on	
  the	
  ???	
  

•  There	
  are	
  many	
  sources	
  of	
  knowledge	
  that	
  can	
  
be	
  used	
  to	
  inform	
  this	
  task,	
  including	
  arbitrary	
  
world	
  knowledge.	
  

•  But	
  it	
  turns	
  out	
  that	
  you	
  can	
  do	
  preTy	
  well	
  by	
  
simply	
  looking	
  at	
  the	
  preceding	
  words	
  and	
  
keeping	
  track	
  of	
  some	
  fairly	
  simple	
  counts.	
  



Sta6s6cal	
  Example	
  

	
  © 2004 BBN Technologies  

What is the missing word? 

“I love _______” 

NOW what is the missing word? 

“My favorite TV show was I love _______” 

The preceding and following words lend valuable information to 
the probability of the whole.  
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Word	
  Predic6on	
  
•  We	
  can	
  formalize	
  this	
  task	
  using	
  what	
  are	
  called	
  
N-­‐gram	
  models.	
  

•  N-­‐grams	
  are	
  token	
  sequences	
  of	
  length	
  N.	
  

•  Our	
  earlier	
  example	
  contains	
  the	
  following	
  2-­‐
grams	
  (aka	
  bigrams)	
  
–  (I	
  no6ce),	
  (no6ce	
  three),	
  (three	
  guys),	
  (guys	
  
standing),	
  (standing	
  on),	
  (on	
  the)	
  

•  Given	
  knowledge	
  of	
  counts	
  of	
  N-­‐grams	
  such	
  as	
  
these,	
  we	
  can	
  guess	
  likely	
  next	
  words	
  in	
  a	
  
sequence.	
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N-­‐Gram	
  Models	
  

•  More	
  formally,	
  we	
  can	
  use	
  knowledge	
  of	
  the	
  
counts	
  of	
  N-­‐grams	
  to	
  assess	
  the	
  condi6onal	
  
probability	
  of	
  candidate	
  words	
  as	
  the	
  next	
  
word	
  in	
  a	
  sequence.	
  

•  Or,	
  we	
  can	
  use	
  them	
  to	
  assess	
  the	
  probability	
  
of	
  an	
  en6re	
  sequence	
  of	
  words.	
  
– PreTy	
  much	
  the	
  same	
  thing	
  as	
  we’ll	
  see...	
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Applica6ons	
  

•  It	
  turns	
  out	
  that	
  being	
  able	
  to	
  predict	
  the	
  next	
  word	
  
(or	
  any	
  linguis6c	
  unit)	
  in	
  a	
  sequence	
  is	
  an	
  extremely	
  
useful	
  thing	
  to	
  be	
  able	
  to	
  do.	
  

•  As	
  we’ll	
  see,	
  it	
  lies	
  at	
  the	
  core	
  of	
  the	
  following	
  
applica6ons	
  
–  Automa6c	
  speech	
  recogni6on	
  
–  Handwri6ng	
  and	
  character	
  recogni6on	
  
–  Spelling	
  correc6on	
  
– Machine	
  transla6on	
  

–  And	
  many	
  more.	
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Coun6ng	
  	
  

•  Simple	
  coun6ng	
  lies	
  at	
  the	
  core	
  of	
  any	
  
probabilis6c	
  approach.	
  So	
  let’s	
  first	
  take	
  a	
  look	
  
at	
  what	
  we’re	
  coun6ng.	
  
– He	
  stepped	
  out	
  into	
  the	
  hall,	
  was	
  delighted	
  to	
  
encounter	
  a	
  water	
  brother.	
  
•  13	
  tokens,	
  15	
  if	
  we	
  include	
  “,”	
  and	
  “.”	
  as	
  separate	
  
tokens.	
  

•  Assuming	
  we	
  include	
  the	
  comma	
  and	
  period,	
  how	
  
many	
  bigrams	
  are	
  there?	
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Coun6ng	
  
•  Not	
  always	
  that	
  simple	
  

–  I	
  do	
  uh	
  main-­‐	
  mainly	
  business	
  data	
  processing	
  

•  Spoken	
  language	
  poses	
  various	
  challenges.	
  
–  Should	
  we	
  count	
  “uh”	
  and	
  other	
  fillers	
  as	
  tokens?	
  
– What	
  about	
  the	
  repe66on	
  of	
  “mainly”?	
  Should	
  such	
  do-­‐overs	
  
count	
  twice	
  or	
  just	
  once?	
  

–  The	
  answers	
  depend	
  on	
  the	
  applica6on.	
  
•  If	
  we’re	
  focusing	
  on	
  something	
  like	
  ASR	
  to	
  support	
  indexing	
  for	
  search,	
  
then	
  “uh”	
  isn’t	
  helpful	
  (it’s	
  not	
  likely	
  to	
  occur	
  as	
  a	
  query).	
  

•  But	
  filled	
  pauses	
  are	
  very	
  useful	
  in	
  dialog	
  management,	
  so	
  we	
  might	
  
want	
  them	
  there.	
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Coun6ng:	
  Types	
  and	
  Tokens	
  

•  How	
  about	
  
–  They	
  picnicked	
  by	
  the	
  pool,	
  then	
  lay	
  back	
  on	
  the	
  grass	
  
and	
  looked	
  at	
  the	
  stars.	
  

•  18	
  tokens	
  (again	
  coun6ng	
  punctua6on)	
  
•  But	
  we	
  might	
  also	
  note	
  that	
  “the”	
  is	
  used	
  3	
  6mes,	
  
so	
  there	
  are	
  only	
  16	
  unique	
  types	
  (as	
  opposed	
  to	
  
tokens).	
  

•  In	
  going	
  forward,	
  we’ll	
  have	
  occasion	
  to	
  focus	
  on	
  
coun6ng	
  both	
  types	
  and	
  tokens	
  of	
  both	
  words	
  
and	
  N-­‐grams.	
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Coun6ng:	
  Wordforms	
  

•  Should	
  “cats”	
  and	
  “cat”	
  count	
  as	
  the	
  same	
  
when	
  we’re	
  coun6ng?	
  

•  How	
  about	
  “geese”	
  and	
  “goose”?	
  
•  Some	
  terminology:	
  

– Lemma:	
  a	
  set	
  of	
  lexical	
  forms	
  having	
  the	
  same	
  
stem,	
  major	
  part	
  of	
  speech,	
  and	
  rough	
  word	
  sense	
  

– Wordform:	
  fully	
  inflected	
  surface	
  form	
  

•  Again,	
  we’ll	
  have	
  occasion	
  to	
  count	
  both	
  
lemmas	
  and	
  wordforms	
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Coun6ng:	
  Corpora	
  
•  So	
  what	
  happens	
  when	
  we	
  look	
  at	
  large	
  bodies	
  of	
  text	
  

instead	
  of	
  single	
  uTerances?	
  
•  Brown	
  et	
  al	
  (1992)	
  large	
  corpus	
  of	
  English	
  text	
  

–  583	
  million	
  wordform	
  tokens	
  
–  293,181	
  wordform	
  types	
  

•  Google	
  
–  Crawl	
  of	
  1,024,908,267,229	
  English	
  tokens	
  
–  13,588,391	
  wordform	
  types	
  

•  That	
  seems	
  like	
  a	
  lot	
  of	
  types...	
  	
  Aher	
  all,	
  even	
  large	
  dic6onaries	
  of	
  English	
  have	
  only	
  
around	
  500k	
  types.	
  Why	
  so	
  many	
  here?	
  

• Numbers	
  
• Misspellings	
  
• Names	
  
• Acronyms	
  
• etc	
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Language	
  Modeling	
  

•  Back	
  to	
  word	
  predic6on	
  
•  We	
  can	
  model	
  the	
  word	
  predic6on	
  task	
  as	
  the	
  
ability	
  to	
  assess	
  the	
  condi6onal	
  probability	
  of	
  
a	
  word	
  given	
  the	
  previous	
  words	
  in	
  the	
  
sequence	
  	
  
– P(wn|w1,w2…wn-­‐1)	
  

•  We’ll	
  call	
  a	
  sta6s6cal	
  model	
  that	
  can	
  assess	
  
this	
  a	
  Language	
  Model	
  



	
  Introduc6on	
  to	
  Probability	
  	
  

•  Experiment	
  (trial)	
  	
  
–  Repeatable	
  procedure	
  with	
  well-­‐defined	
  possible	
  
outcomes	
  	
  

•  Sample	
  Space	
  (S)	
  	
  
•  the	
  set	
  of	
  all	
  possible	
  outcomes	
  
•  	
  finite	
  or	
  infinite	
  	
  

–  Example	
  	
  
•  coin	
  toss	
  experiment	
  	
  
•  possible	
  outcomes:	
  S	
  =	
  {heads,	
  tails}	
  	
  

–  Example	
  	
  
•  die	
  toss	
  experiment	
  	
  
•  possible	
  outcomes:	
  S	
  =	
  {1,2,3,4,5,6}	
  



Introduc6on	
  to	
  Probability	
  

•  Defini6on	
  of	
  sample	
  space	
  depends	
  on	
  what	
  
we	
  are	
  asking	
  	
  
– Sample	
  Space	
  (S):	
  the	
  set	
  of	
  all	
  possible	
  outcomes	
  	
  
– Example	
  	
  

•  die	
  toss	
  experiment	
  for	
  whether	
  the	
  number	
  is	
  even	
  or	
  
odd	
  

•  possible	
  outcomes:	
  {even,odd}	
  	
  
•  not	
  {1,2,3,4,5,6}	
  



More	
  Defini6ons	
  

•  Events	
  
–  	
  an	
  event	
  is	
  any	
  subset	
  of	
  outcomes	
  from	
  the	
  sample	
  space	
  

•  	
  Example	
  	
  
–  die	
  toss	
  experiment	
  
–  	
  let	
  A	
  represent	
  the	
  event	
  such	
  that	
  the	
  outcome	
  of	
  the	
  die	
  toss	
  

experiment	
  is	
  divisible	
  by	
  3	
  	
  
–  A	
  =	
  {3,6}	
  	
  
–  A	
  is	
  a	
  subset	
  of	
  the	
  sample	
  space	
  S=	
  {1,2,3,4,5,6}	
  

•  	
  Example	
  	
  
–  Draw	
  a	
  card	
  from	
  a	
  deck	
  	
  

•  suppose	
  sample	
  space	
  S	
  =	
  {heart,spade,club,diamond}	
  (four	
  suits)	
  
•  let	
  A	
  represent	
  the	
  event	
  of	
  drawing	
  a	
  heart	
  	
  
•  let	
  B	
  represent	
  the	
  event	
  of	
  drawing	
  a	
  red	
  card	
  	
  
•  A	
  =	
  {heart}	
  	
  
•  B	
  =	
  {heart,diamond}	
  	
  



Defini6on	
  of	
  Probability	
  

•  The	
  probability	
  law	
  assigns	
  to	
  an	
  event	
  a	
  
nonnega6ve	
  number	
  
– Called	
  P(A)	
  or	
  the	
  probability	
  A	
  	
  

•  That	
  encodes	
  our	
  knowledge	
  or	
  belief	
  
about	
  the	
  collec6ve	
  likelihood	
  of	
  all	
  the	
  
elements	
  of	
  A	
  	
  



Laws	
  of	
  Probability	
  

•  Probability	
  law	
  must	
  sa6sfy	
  certain	
  proper6es	
  
– Nonnega6vity	
  	
  

•  P(A)	
  >=	
  0,	
  for	
  every	
  event	
  A	
  
– Addi6vity	
  	
  

•  If	
  A	
  and	
  B	
  are	
  two	
  disjoint	
  events,	
  then	
  the	
  probability	
  
of	
  their	
  union	
  sa6sfies:	
  P(A	
  U	
  B)	
  =	
  P(A)	
  +	
  P(B)	
  	
  

– Normaliza6on	
  	
  
•  The	
  probability	
  of	
  the	
  en6re	
  sample	
  space	
  S	
  is	
  equal	
  to	
  
1,	
  	
  

•  i.e.	
  P(S)	
  =	
  1.	
  	
  



An	
  example	
  

•  Experiment	
  involving	
  3	
  coin	
  tosses	
  	
  
•  Outcome	
  is	
  a	
  3-­‐long	
  string	
  of	
  H	
  or	
  T	
  S	
  

	
  ={HHH,	
  HHT,	
  HTH,	
  HTT,	
  THH,	
  THT,	
  TTH,	
  TTT}	
  	
  
•  Assume	
  each	
  outcome	
  is	
  equi-­‐probable	
  	
  

–  “Uniform	
  distribu6on”	
  	
  
•  What	
  is	
  probability	
  of	
  the	
  event	
  that	
  exactly	
  2	
  heads	
  
occur?	
  
	
  A	
  =	
  {HHT,HTH,THH}	
  	
  
P(A)	
  =	
  P({HHT})+P({HTH})+P({THH})	
  	
  
=	
  1/8	
  +	
  1/8	
  +	
  1/8	
  	
  
=	
  3/8	
  	
  



In	
  Summary	
  

•  Probability	
  of	
  drawing	
  a	
  spade	
  from	
  52	
  well-­‐
shuffled	
  playing	
  cards:	
  

P(E)	
  =	
  	
  
Number	
  of	
  outcomes	
  corresponding	
  to	
  event	
  E	
  

Total	
  number	
  of	
  outcomes	
  

13	
  
52	
  

=	
   =	
  
1	
  
4	
  

.25	
  



Probabili6es	
  of	
  two	
  events	
  	
  

•  If	
  two	
  events	
  A	
  and	
  B	
  are	
  independent	
  	
  
– Then	
  	
  

•  P(A	
  and	
  B)	
  =	
  P(A)	
  x	
  P(B)	
  	
  
•  If	
  flip	
  a	
  fair	
  coin	
  twice	
  	
  

– What	
  is	
  the	
  probability	
  that	
  they	
  are	
  both	
  heads?	
  	
  

•  If	
  draw	
  a	
  card	
  from	
  a	
  deck,	
  then	
  put	
  it	
  back,	
  
draw	
  a	
  card	
  from	
  the	
  deck	
  again	
  	
  
– What	
  is	
  the	
  probability	
  that	
  both	
  drawn	
  cards	
  are	
  
hearts?	
  

.25	
  .25	
   .0625	
  =	
  x	
  



How	
  about	
  non-­‐uniform	
  probabili6es?	
  

•  A	
  biased	
  coin,	
  	
  
–  twice	
  as	
  likely	
  to	
  come	
  up	
  tails	
  as	
  heads,	
  	
  
–  is	
  tossed	
  twice	
  	
  

•  What	
  is	
  the	
  probability	
  that	
  at	
  least	
  one	
  head	
  occurs?	
  	
  
•  Sample	
  space	
  =	
  {hh,	
  ht,	
  th,	
  T}	
  
•  Sample	
  points/probability	
  for	
  the	
  event:	
  	
  

ht	
  1/3	
  x	
  2/3	
  =	
  2/9	
  	
  
hh	
  1/3	
  x	
  1/3=	
  1/9	
  	
  
th	
  2/3	
  x	
  1/3	
  =	
  2/9	
  
	
  +	
  2/3	
  x	
  2/3	
  =	
  4/9	
  	
  

•  Answer:	
  5/9	
  =	
  ≈0.56	
  (sum	
  of	
  weights	
  in	
  red)	
  	
  



Moving	
  toward	
  language	
  

•  What’s	
  the	
  probability	
  of	
  drawing	
  a	
  2	
  from	
  a	
  
deck	
  of	
  52	
  cards	
  with	
  four	
  2s?	
  	
  
	
   	
   	
  P(drawing	
  a	
  two)	
  =	
  

•  What’s	
  the	
  probability	
  of	
  a	
  random	
  word	
  
(from	
  a	
  random	
  dic6onary	
  page)	
  being	
  a	
  verb?	
  	
  
	
   	
   	
  P(drawing	
  a	
  verb)	
  	
  =	
  

4	
  
52	
  

=	
   =	
  
1	
  
13	
  

.077	
  

#of	
  	
  ways	
  to	
  get	
  a	
  verb	
  	
  

all	
  words	
  	
  



Probability	
  and	
  part	
  of	
  speech	
  tags	
  

•  What’s	
  the	
  probability	
  of	
  a	
  random	
  word	
  (from	
  a	
  
random	
  dic6onary	
  page)	
  being	
  a	
  verb?	
  

P(picking	
  a	
  verb)	
  =	
  	
  	
  

•  How	
  to	
  compute	
  each	
  of	
  these	
  
– All	
  words	
  =	
  just	
  count	
  all	
  the	
  words	
  in	
  the	
  dic6onary	
  	
  
–  #	
  of	
  ways	
  to	
  get	
  a	
  verb:	
  number	
  of	
  words	
  which	
  are	
  
verbs!	
  

–  If	
  a	
  dic6onary	
  has	
  50,000	
  entries,	
  and	
  10,000	
  are	
  
verbs….	
  P(V)	
  is	
  10000/50000	
  =	
  1/5	
  =	
  .20	
  	
  

#of	
  	
  ways	
  to	
  get	
  a	
  verb	
  	
  

all	
  words	
  	
  



Condi6onal	
  Probability	
  

•  Given	
  an	
  experiment,	
  a	
  corresponding	
  sample	
  
space	
  S,	
  and	
  a	
  probability	
  law	
  	
  

•  Suppose	
  we	
  know	
  that	
  the	
  outcome	
  is	
  within	
  
some	
  given	
  event	
  B	
  	
  

•  We	
  want	
  to	
  quan6fy	
  the	
  likelihood	
  that	
  the	
  
outcome	
  also	
  belongs	
  to	
  some	
  other	
  given	
  
event	
  A.	
  	
  

•  We	
  need	
  a	
  new	
  probability	
  law	
  that	
  gives	
  us	
  
the	
  condi6onal	
  probability	
  of	
  A	
  given	
  B	
  P(A|B)	
  	
  



Condi6onal	
  Probability	
  

•  Back	
  to	
  cards:	
  
– P(king)	
  =	
  4	
  /	
  52	
  =	
  1/13	
  
– P(red)	
  	
  =	
  26	
  /	
  52	
  	
  =	
  1/2	
  

•  What	
  is	
  the	
  probability	
  that	
  a	
  card	
  is	
  a	
  king	
  if	
  I	
  
know	
  that	
  it	
  is	
  red?	
  
– P(king	
  |	
  red)	
  =	
  	
   P(king	
  ∩	
  red)	
  

P(red)	
  

1/26	
  
26/52	
  

=	
  =	
  
1	
  
13	
  



Condi6onal	
  Probability	
  

•  Let	
  A	
  and	
  B	
  be	
  events	
  	
  
•  p(B|A)	
  =	
  the	
  probability	
  of	
  event	
  B	
  occurring	
  
given	
  event	
  A	
  occurs	
  	
  

•  Defini6on:	
  p(B|A)	
  =	
  	
  p(A	
  ∩	
  B)	
  /	
  p(A)	
  
•  Nota6on	
  &	
  Notes	
  

– p(A,B)	
  =	
  p(A	
  ∩	
  B)	
  
– p(A,B)	
  =	
  P(B,A)	
  
– p(A|B)	
  =	
  	
  p(A	
  ∩	
  B)	
  /	
  p(B)	
  
– p(A,B)	
  =	
  p(A|B)	
  *	
  P(B)	
  

A	
   B	
  

S	
  



Independence	
  

•  What	
  is	
  P(A,B)	
  if	
  A	
  and	
  B	
  are	
  independent?	
  	
  
•  P(A,B)=P(A)	
  ·∙	
  P(B)	
  iff	
  A,B	
  independent.	
  	
  

– P(heads,tails)	
  =	
  P(heads)	
  ·∙	
  P(tails)	
  =	
  .5	
  ·∙	
  .5	
  =	
  .25	
  

– Note:	
  P(A|B)=P(A)	
  iff	
  A,B	
  independent	
  	
  
– Also:	
  P(B|A)=P(B)	
  iff	
  A,B	
  independent	
  	
  



An	
  Example	
  

•  What’s	
  the	
  probability	
  of	
  a	
  pa6ent	
  with	
  a	
  s6ff	
  
neck	
  having	
  meningi6s?	
  
– Meningi6s	
  causes	
  a	
  s6ff	
  neck	
  in	
  50%	
  of	
  cases	
  	
  

•  p(S|M)	
  =	
  1/2	
  

– The	
  probability	
  of	
  having	
  meningi6s	
  	
  
•  p(M)	
  =	
  1/50,000	
  

– The	
  probability	
  of	
  having	
  a	
  s6ff	
  neck	
  	
  
•  p(S)	
  =	
  1/20	
  

– P(M|S)	
  =	
  	
  

From	
  Ar6ficial	
  Intelligence,	
  Russel	
  &	
  Norvig,	
  Pren6ce	
  Hall,	
  1999	
  

P(S|M)P(M)	
  

P(S)	
  
=	
  

½	
  *	
  1/50,000	
  

1/20	
  
=	
  1/5000	
  



Bayes	
  Theorem	
  

•  Swap	
  the	
  condi6oning	
  
•  Some6mes	
  it’s	
  easier	
  to	
  es6mate	
  one	
  kind	
  of	
  
dependence	
  than	
  another	
  

P(A|B)P(B)	
  

P(A)	
  
P(B	
  |	
  A)	
  =	
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Language	
  Modeling	
  

•  Back	
  to	
  word	
  predic6on	
  
•  We	
  can	
  model	
  the	
  word	
  predic6on	
  task	
  as	
  the	
  
ability	
  to	
  assess	
  the	
  condi6onal	
  probability	
  of	
  
a	
  word	
  given	
  the	
  previous	
  words	
  in	
  the	
  
sequence	
  	
  
– P(wn|w1,w2…wn-­‐1)	
  

•  We’ll	
  call	
  a	
  sta6s6cal	
  model	
  that	
  can	
  assess	
  
this	
  a	
  Language	
  Model	
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Language	
  Modeling	
  

•  How	
  might	
  we	
  go	
  about	
  calcula6ng	
  such	
  a	
  
condi6onal	
  probability?	
  	
  
– One	
  way	
  is	
  to	
  use	
  the	
  defini6on	
  of	
  condi6onal	
  
probabili6es	
  and	
  look	
  for	
  counts.	
  So	
  to	
  get	
  

–  P(the	
  |	
  its	
  water	
  is	
  so	
  transparent	
  that)	
  
•  By	
  defini6on	
  that’s	
  

P(its	
  water	
  is	
  so	
  transparent	
  that	
  the)	
  

	
  	
  P(its	
  water	
  is	
  so	
  transparent	
  that)	
  
We	
  can	
  get	
  each	
  of	
  those	
  from	
  counts	
  in	
  a	
  large	
  corpus.	
  



1/27/14	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Speech	
  and	
  

Language	
  Processing	
  -­‐	
  Jurafsky	
  and	
  Mar6n	
  	
  	
  	
  	
  	
  	
  	
   33	
  

Very	
  Easy	
  Es6mate	
  

•  How	
  to	
  es6mate?	
  
–  P(the	
  |	
  its	
  water	
  is	
  so	
  transparent	
  that)	
  

P(the	
  |	
  its	
  water	
  is	
  so	
  transparent	
  that)	
  =	
  
Count(its	
  water	
  is	
  so	
  transparent	
  that	
  the)	
  
	
  	
  Count(its	
  water	
  is	
  so	
  transparent	
  that)	
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Very	
  Easy	
  Es6mate	
  

•  According	
  to	
  Google	
  those	
  counts	
  are	
  5/9.	
  
– Unfortunately...	
  2	
  of	
  those	
  were	
  to	
  these	
  slides...	
  
So	
  maybe	
  it’s	
  really	
  

– 3/7	
  
–  In	
  any	
  case,	
  that’s	
  not	
  terribly	
  convincing	
  due	
  to	
  
the	
  small	
  numbers	
  involved.	
  

(actually,	
  it’s	
  11,900	
  /	
  17,900	
  or	
  .66)	
  



1/27/14	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Speech	
  and	
  

Language	
  Processing	
  -­‐	
  Jurafsky	
  and	
  Mar6n	
  	
  	
  	
  	
  	
  	
  	
   35	
  

Language	
  Modeling	
  

•  Unfortunately,	
  for	
  most	
  sequences	
  and	
  for	
  
most	
  text	
  collec6ons	
  we	
  won’t	
  get	
  good	
  
es6mates	
  from	
  this	
  method.	
  
– What	
  we’re	
  likely	
  to	
  get	
  is	
  0.	
  Or	
  worse	
  0/0.	
  

•  Clearly,	
  we’ll	
  have	
  to	
  be	
  a	
  liTle	
  more	
  clever.	
  
– Let’s	
  use	
  the	
  chain	
  rule	
  of	
  probability	
  
– And	
  a	
  par6cularly	
  useful	
  independence	
  
assump6on.	
  



1/27/14	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Speech	
  and	
  

Language	
  Processing	
  -­‐	
  Jurafsky	
  and	
  Mar6n	
  	
  	
  	
  	
  	
  	
  	
   36	
  

The	
  Chain	
  Rule	
  

•  Recall	
  the	
  defini6on	
  of	
  condi6onal	
  probabili6es	
  

•  Rewri6ng:	
  

•  For	
  sequences...	
  
–  P(A,B,C,D)	
  =	
  P(A)P(B|A)P(C|A,B)P(D|A,B,C)	
  

•  In	
  general	
  	
  
–  P(x1,x2,x3,…xn)	
  =	
  P(x1)P(x2|x1)P(x3|x1,x2)…P(xn|x1…xn-­‐1)	
  

)(
)^()|(

BP
BAPBAP =

)()|()^( BPBAPBAP =
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The	
  Chain	
  Rule	
  

P(its	
  water	
  was	
  so	
  transparent)=	
  
P(its)*	
  

	
  	
  	
  	
  P(water|its)*	
  

	
  	
  	
  	
  	
  	
  	
  P(was|its	
  water)*	
  

	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  P(so|its	
  water	
  was)*	
  

	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  P(transparent|its	
  water	
  was	
  so)	
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Unfortunately	
  

•  There	
  are	
  s6ll	
  a	
  lot	
  of	
  possible	
  sentences	
  
•  In	
  general,	
  we’ll	
  never	
  be	
  able	
  to	
  get	
  enough	
  
data	
  to	
  compute	
  the	
  sta6s6cs	
  for	
  those	
  longer	
  
prefixes	
  
– Same	
  problem	
  we	
  had	
  for	
  the	
  strings	
  themselves	
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Independence	
  Assump6on	
  

•  Make	
  the	
  simplifying	
  assump6on	
  
– P(lizard|
the,other,day,I,was,walking,along,and,saw,a)	
  =	
  
P(lizard|a)	
  

•  Or	
  maybe	
  
– P(lizard|
the,other,day,I,was,walking,along,and,saw,a)	
  =	
  
P(lizard|saw,a)	
  

•  That	
  is,	
  the	
  probability	
  in	
  ques6on	
  is	
  
independent	
  of	
  its	
  earlier	
  history.	
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Independence	
  Assump6on	
  
•  This	
  par6cular	
  kind	
  of	
  independence	
  assump6on	
  is	
  
called	
  a	
  Markov	
  assump&on	
  aher	
  the	
  Russian	
  
mathema6cian	
  Andrei	
  Markov.	
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So for each component in the product replace with the 
approximation (assuming a prefix of N) 

 Bigram version 

€ 

P(wn |w1
n−1) ≈ P(wn |wn−N +1

n−1 )

Markov	
  Assump6on	
  

€ 

P(wn |w1
n−1) ≈ P(wn |wn−1)
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Es6ma6ng	
  Bigram	
  Probabili6es	
  

•  The	
  Maximum	
  Likelihood	
  Es6mate	
  (MLE)	
  

€ 

P(wi |wi−1) =
count(wi−1,wi)
count(wi−1)
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An	
  Example	
  
•  <s>	
  I	
  am	
  Sam	
  </s>	
  
•  <s>	
  Sam	
  I	
  am	
  </s>	
  
•  <s>	
  I	
  do	
  not	
  like	
  green	
  eggs	
  and	
  ham	
  </s>	
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Maximum	
  Likelihood	
  Es6mates	
  

•  The	
  maximum	
  likelihood	
  es6mate	
  of	
  some	
  parameter	
  of	
  a	
  
model	
  M	
  from	
  a	
  training	
  set	
  T	
  
–  Is	
  the	
  es6mate	
  that	
  maximizes	
  the	
  likelihood	
  of	
  the	
  training	
  set	
  T	
  given	
  

the	
  model	
  M	
  

•  Suppose	
  the	
  word	
  Chinese	
  occurs	
  400	
  6mes	
  in	
  a	
  corpus	
  of	
  a	
  
million	
  words	
  (Brown	
  corpus)	
  

•  What	
  is	
  the	
  probability	
  that	
  a	
  random	
  word	
  from	
  some	
  other	
  
text	
  from	
  the	
  same	
  distribu6on	
  will	
  be	
  “Chinese”	
  

•  MLE	
  es6mate	
  is	
  400/1000000	
  =	
  .004	
  
–  This	
  may	
  be	
  a	
  bad	
  es6mate	
  for	
  some	
  other	
  corpus	
  

•  But	
  it	
  is	
  the	
  esDmate	
  that	
  makes	
  it	
  most	
  likely	
  that	
  “Chinese”	
  
will	
  occur	
  400	
  6mes	
  in	
  a	
  million	
  word	
  corpus.	
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Berkeley	
  Restaurant	
  Project	
  Sentences	
  

•  can	
  you	
  tell	
  me	
  about	
  any	
  good	
  cantonese	
  restaurants	
  close	
  
by	
  

•  mid	
  priced	
  thai	
  food	
  is	
  what	
  i’m	
  looking	
  for	
  

•  tell	
  me	
  about	
  chez	
  panisse	
  
•  can	
  you	
  give	
  me	
  a	
  lis&ng	
  of	
  the	
  kinds	
  of	
  food	
  that	
  are	
  

available	
  

•  i’m	
  looking	
  for	
  a	
  good	
  place	
  to	
  eat	
  breakfast	
  
•  when	
  is	
  caffe	
  venezia	
  open	
  during	
  the	
  day	
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Bigram	
  Counts	
  

•  Out	
  of	
  9222	
  sentences	
  
– Eg.	
  “I	
  want”	
  occurred	
  827	
  6mes	
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Bigram	
  Probabili6es	
  

•  Divide	
  bigram	
  counts	
  by	
  prefix	
  unigram	
  counts	
  
to	
  get	
  probabili6es.	
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Bigram	
  Es6mates	
  of	
  Sentence	
  Probabili6es	
  

•  P(<s>	
  I	
  want	
  english	
  food	
  </s>)	
  =	
  
	
  	
  	
  P(i|<s>)*	
  

	
  	
  	
  	
  	
  	
  	
  P(want|I)*	
  

	
  	
  	
  	
  	
  	
  	
  	
  	
  P(english|want)*	
  

	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  P(food|english)*	
  

	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  P(</s>|food)*	
  

	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  =.000031	
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Kinds	
  of	
  Knowledge	
  

•  P(english|want)	
  	
  =	
  .0011	
  
•  P(chinese|want)	
  =	
  	
  .0065	
  
•  P(to|want)	
  =	
  .66	
  
•  P(eat	
  |	
  to)	
  =	
  .28	
  
•  P(food	
  |	
  to)	
  =	
  0	
  
•  P(want	
  |	
  spend)	
  =	
  0	
  
•  P	
  (i	
  |	
  <s>)	
  =	
  .25	
  

  As	
  crude	
  as	
  they	
  are,	
  N-­‐gram	
  probabili6es	
  capture	
  a	
  
range	
  of	
  interes6ng	
  facts	
  about	
  language.	
  

World	
  knowledge	
  

Syntax	
  

Discourse	
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Google	
  N-­‐Gram	
  Release	
  

hTp://www.ldc.upenn.edu/Catalog/CatalogEntry.jsp?catalogId=LDC2006T13	
  

Available	
  through	
  LDC:	
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Google	
  N-­‐Gram	
  Release	
  

•  serve as the incoming 92!
•  serve as the incubator 99!
•  serve as the independent 794!
•  serve as the index 223!
•  serve as the indication 72!
•  serve as the indicator 120!
•  serve as the indicators 45!
•  serve as the indispensable 111!
•  serve as the indispensible 40!
•  serve as the individual 234!



Google	
  4-­‐grams	
  
•  Highest	
  

–  serve	
  as	
  the	
  ini6al	
  5331	
  	
  
–  serve	
  as	
  the	
  inspira6on	
  1390	
  
–  	
  serve	
  as	
  the	
  input	
  1323	
  	
  
–  serve	
  as	
  the	
  informa6on	
  838	
  
–  	
  serve	
  as	
  the	
  independent	
  794	
  	
  

•  Lowest	
  
–  serve	
  as	
  the	
  informa6onal	
  41	
  	
  
–  serve	
  as	
  the	
  inlet	
  41	
  	
  
–  serve	
  as	
  the	
  indispensible	
  40	
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Google	
  Caveat	
  

•  Remember	
  the	
  lesson	
  about	
  test	
  sets	
  and	
  training	
  
sets...	
  	
  Test	
  sets	
  should	
  be	
  similar	
  to	
  the	
  training	
  
set	
  (drawn	
  from	
  the	
  same	
  distribu6on)	
  for	
  the	
  
probabili6es	
  to	
  be	
  meaningful.	
  

•  So...	
  The	
  Google	
  corpus	
  is	
  fine	
  if	
  your	
  applica6on	
  
deals	
  with	
  arbitrary	
  English	
  text	
  on	
  the	
  Web.	
  

•  If	
  not	
  then	
  a	
  smaller	
  domain	
  specific	
  corpus	
  is	
  
likely	
  to	
  yield	
  beTer	
  results.	
  


