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•  Please	
  email	
  me	
  with	
  the	
  following:	
  
– name	
  
– email	
  address	
  
– whether	
  you	
  are	
  taking	
  the	
  course	
  for	
  credit	
  

•  I	
  will	
  use	
  the	
  email	
  addresses	
  for	
  the	
  course	
  
mailing	
  list	
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What	
  is	
  natural	
  language	
  processing?	
  



4	
  

an	
  experimental	
  computer	
  science	
  research	
  area	
  
that	
  includes	
  problems	
  and	
  soluBons	
  pertaining	
  to	
  

the	
  understanding	
  of	
  human	
  language	
  

What	
  is	
  natural	
  language	
  processing?	
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Text	
  ClassificaBon	
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SenBment	
  Analysis	
  



7	
  

Machine	
  TranslaBon	
  

New	
  Poll:	
  Will	
  you	
  buy	
  an	
  Apple	
  Watch?	
  



8	
  

QuesBon	
  Answering	
  



9	
  

SummarizaBon	
  

The	
  Apple	
  Watch	
  has	
  drawbacks.	
  There	
  are	
  other	
  
smartwatches	
  that	
  offer	
  more	
  capabiliBes.	
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Dialog	
  Systems	
  

user:	
  Schedule	
  a	
  meeBng	
  with	
  MaX	
  and	
  David	
  on	
  Thursday.	
  
computer:	
  Thursday	
  won’t	
  work	
  for	
  David.	
  How	
  about	
  Friday?	
  
user:	
  I’d	
  prefer	
  Monday	
  then,	
  but	
  Friday	
  would	
  be	
  ok	
  if	
  necessary.	
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Part-­‐of-­‐Speech	
  Tagging	
  

determiner	
  	
  	
  	
  	
  verb	
  (past)	
  	
  	
  	
  	
  	
  prep.	
  	
  	
  proper	
  	
  	
  	
  	
  proper	
  	
  	
  poss.	
  	
  	
  	
  	
  adj.	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  noun	
  
	
  	
  	
  Some	
  	
  	
  	
  	
  	
  quesBoned	
  	
  	
  	
  	
  	
  if	
  	
  	
  	
  	
  	
  	
  Tim	
  	
  	
  	
  	
  	
  Cook	
  	
  	
  	
  	
  	
  ’s	
  	
  	
  	
  	
  	
  first	
  	
  	
  	
  	
  	
  product	
  	
  
	
  
	
  	
  	
  	
  modal	
  	
  	
  	
  	
  	
  	
  verb	
  	
  	
  	
  det.	
  	
  	
  	
  	
  	
  	
  	
  	
  adjecBve	
  	
  	
  	
  	
  	
  	
  	
  	
  noun	
  	
  	
  	
  prep.	
  	
  	
  	
  	
  	
  proper	
  	
  	
  	
  	
  punc.	
  
	
  	
  	
  would	
  	
  	
  	
  	
  	
  be	
  	
  	
  	
  	
  	
  a	
  	
  	
  	
  	
  	
  breakaway	
  	
  	
  	
  	
  	
  hit	
  	
  	
  	
  	
  	
  for	
  	
  	
  	
  	
  	
  Apple	
  	
  	
  	
  	
  	
  	
  	
  .	
  



determiner	
  	
  	
  	
  	
  verb	
  (past)	
  	
  	
  	
  	
  	
  prep.	
  	
  	
  proper	
  	
  	
  	
  	
  proper	
  	
  	
  poss.	
  	
  	
  	
  	
  adj.	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  noun	
  
	
  	
  	
  
	
  
	
  	
  	
  	
  modal	
  	
  	
  	
  	
  	
  	
  verb	
  	
  	
  	
  det.	
  	
  	
  	
  	
  	
  	
  	
  	
  adjecBve	
  	
  	
  	
  	
  	
  	
  	
  	
  noun	
  	
  	
  	
  prep.	
  	
  	
  	
  	
  	
  proper	
  	
  	
  	
  	
  punc.	
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Part-­‐of-­‐Speech	
  Tagging	
  

determiner	
  	
  	
  	
  	
  verb	
  (past)	
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  noun	
  
	
  	
  	
  Some	
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  if	
  	
  	
  	
  	
  	
  	
  Tim	
  	
  	
  	
  	
  	
  Cook	
  	
  	
  	
  	
  	
  ’s	
  	
  	
  	
  	
  	
  first	
  	
  	
  	
  	
  	
  product	
  	
  
	
  
	
  	
  	
  	
  modal	
  	
  	
  	
  	
  	
  	
  verb	
  	
  	
  	
  det.	
  	
  	
  	
  	
  	
  	
  	
  	
  adjecBve	
  	
  	
  	
  	
  	
  	
  	
  	
  noun	
  	
  	
  	
  prep.	
  	
  	
  	
  	
  	
  	
  noun	
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  would	
  	
  	
  	
  	
  	
  be	
  	
  	
  	
  	
  	
  a	
  	
  	
  	
  	
  	
  breakaway	
  	
  	
  	
  	
  	
  hit	
  	
  	
  	
  	
  	
  for	
  	
  	
  	
  	
  	
  Apple	
  	
  	
  	
  	
  	
  	
  	
  .	
  



determiner	
  	
  	
  	
  	
  verb	
  (past)	
  	
  	
  	
  	
  	
  prep.	
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  proper	
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  noun	
  
	
  	
  	
  
	
  
	
  	
  	
  	
  modal	
  	
  	
  	
  	
  	
  	
  verb	
  	
  	
  	
  det.	
  	
  	
  	
  	
  	
  	
  	
  	
  adjecBve	
  	
  	
  	
  	
  	
  	
  	
  	
  noun	
  	
  	
  	
  prep.	
  	
  	
  	
  	
  	
  proper	
  	
  	
  	
  	
  punc.	
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Part-­‐of-­‐Speech	
  Tagging	
  

determiner	
  	
  	
  	
  	
  verb	
  (past)	
  	
  	
  	
  	
  	
  prep.	
  	
  	
  	
  noun	
  	
  	
  	
  	
  	
  	
  	
  noun	
  	
  	
  	
  	
  poss.	
  	
  	
  	
  	
  adj.	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  noun	
  
	
  	
  	
  Some	
  	
  	
  	
  	
  	
  quesBoned	
  	
  	
  	
  	
  	
  if	
  	
  	
  	
  	
  	
  	
  Tim	
  	
  	
  	
  	
  	
  Cook	
  	
  	
  	
  	
  	
  ’s	
  	
  	
  	
  	
  	
  first	
  	
  	
  	
  	
  	
  product	
  	
  
	
  
	
  	
  	
  	
  modal	
  	
  	
  	
  	
  	
  	
  verb	
  	
  	
  	
  det.	
  	
  	
  	
  	
  	
  	
  	
  	
  adjecBve	
  	
  	
  	
  	
  	
  	
  	
  	
  noun	
  	
  	
  	
  prep.	
  	
  	
  	
  	
  	
  	
  noun	
  	
  	
  	
  	
  	
  punc.	
  
	
  	
  	
  would	
  	
  	
  	
  	
  	
  be	
  	
  	
  	
  	
  	
  a	
  	
  	
  	
  	
  	
  breakaway	
  	
  	
  	
  	
  	
  hit	
  	
  	
  	
  	
  	
  for	
  	
  	
  	
  	
  	
  Apple	
  	
  	
  	
  	
  	
  	
  	
  .	
  

Some	
  quesBoned	
  if	
  Tim	
  Cook’s	
  first	
  product	
  would	
  be	
  a	
  breakaway	
  hit	
  for	
  Apple.	
  

Named	
  EnBty	
  RecogniBon	
  

PERSON	
   ORGANIZATION	
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SyntacBc	
  Parsing	
  



figure	
  credit:	
  DurreX	
  &	
  Klein	
  (2014)	
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Revenues of $14.5 billion were posted by Dell1. The company1 ...

en.wikipedia.org/wiki/Dell

en.wikipedia.org/wiki/Michael_Dell

Infobox type: company

Infobox type: person

ORGANIZATION
PERSON

Figure 1: Coreference can help resolve ambiguous cases
of semantic types or entity links: propagating information
across coreference arcs can inform us that, in this context,
Dell is an organization and should therefore link to the
article on Dell in Wikipedia.

shown that tighter integration of coreference and
entity linking is promising (Hajishirzi et al., 2013;
Zheng et al., 2013); we extend these approaches and
model the entire process more holistically. Named
entity recognition is improved by simple coreference
(Finkel et al., 2005; Ratinov and Roth, 2009) and
knowledge from Wikipedia (Kazama and Torisawa,
2007; Ratinov and Roth, 2009; Nothman et al.,
2013; Sil and Yates, 2013). Joint models of corefer-
ence and NER have been proposed in Haghighi and
Klein (2010) and Durrett et al. (2013), but in neither
case was supervised data used for both tasks. Tech-
nically, our model is most closely related to that of
Singh et al. (2013), who handle coreference, named
entity recognition, and relation extraction.2 Our sys-
tem is novel in three ways: the choice of tasks to
model jointly, the fact that we maintain uncertainty
about all decisions throughout inference (rather than
using a greedy approach), and the feature sets we
deploy for cross-task interactions.

In designing a joint model, we would like to
preserve the modularity, efficiency, and structural
simplicity of pipelined approaches. Our model’s
feature-based structure permits improvement of fea-
tures specific to a particular task or to a pair of tasks.
By pruning variable domains with a coarse model
and using approximate inference via belief propaga-
tion, we maintain efficiency and our model is only a
factor of two slower than the union of the individual

2Our model could potentially be extended to handle relation
extraction or mention detection, which has also been addressed
in past joint modeling efforts (Daumé and Marcu, 2005; Li and
Ji, 2014), but that is outside the scope of the current work.

models. Finally, as a structured CRF, it is concep-
tually no more complex than its component models
and its behavior can be understood using the same
intuition.

We apply our model to two datasets, ACE 2005
and OntoNotes, with different mention standards
and layers of annotation. In both settings, our joint
model outperforms our independent baseline mod-
els. On ACE, we achieve state-of-the-art entity link-
ing results, matching the performance of the system
of Fahrni and Strube (2014). On OntoNotes, we
match the performance of the best published coref-
erence system (Björkelund and Kuhn, 2014) and
outperform two strong NER systems (Ratinov and
Roth, 2009; Passos et al., 2014).

2 Motivating Examples

We first present two examples to motivate our ap-
proach. Figure 1 shows an example of a case where
coreference is beneficial for named entity recogni-
tion and entity linking. The company is clearly
coreferent to Dell by virtue of the lack of other possi-
ble antecedents; this in turn indicates that Dell refers
to the corporation rather than to Michael Dell. This
effect can be captured for entity linking by a fea-
ture tying the lexical item company to the fact that
COMPANY is in the Wikipedia infobox for Dell,3

thereby helping the linker make the correct decision.
This would also be important for recovering the fact
that the mention the company links to Dell; how-
ever, in the version of the task we consider, a men-
tion like the company actually links to the Wikipedia
article for Company.4

Figure 2 shows a different example, one where
the coreference is now ambiguous but entity linking
is transparent. In this case, an NER system based
on surface statistics alone would likely predict that
Freddie Mac is a PERSON. However, the Wikipedia
article for Freddie Mac is unambiguous, which al-
lows us to fix this error. The pronoun his can then be
correctly resolved.

These examples justify why these tasks should be
handled jointly: there is no obvious pipeline order
for a system designer who cares about the perfor-

3Monospaced fonts indicate titles of Wikipedia articles.
4This decision was largely driven by a need to match the

ACE linking annotations provided by Bentivogli et al. (2010).

Coreference	
  ResoluBon	
  

EnBty	
  Linking	
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“Winograd	
  Schema”	
  
Coreference	
  ResoluBon	
  

The	
  man	
  couldn't	
  lih	
  his	
  son	
  because	
  he	
  was	
  so	
  weak.	
  
	
  
	
  
	
  
	
  
The	
  man	
  couldn't	
  lih	
  his	
  son	
  because	
  he	
  was	
  so	
  heavy.	
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“Winograd	
  Schema”	
  
Coreference	
  ResoluBon	
  

The	
  man	
  couldn't	
  lih	
  his	
  son	
  because	
  he	
  was	
  so	
  weak.	
  
	
  
	
  
	
  
	
  
The	
  man	
  couldn't	
  lih	
  his	
  son	
  because	
  he	
  was	
  so	
  heavy.	
  
	
  
	
  

man	
  

son	
  



Once	
  there	
  was	
  a	
  boy	
  named	
  Fritz	
  who	
  loved	
  to	
  draw.	
  He	
  drew	
  
everything.	
  In	
  the	
  morning,	
  he	
  drew	
  a	
  picture	
  of	
  his	
  cereal	
  with	
  
milk.	
  His	
  papa	
  said,	
  “Don’t	
  draw	
  your	
  cereal.	
  Eat	
  it!”	
  	
  
Aher	
  school,	
  Fritz	
  drew	
  a	
  picture	
  of	
  his	
  bicycle.	
  His	
  uncle	
  said,	
  
“Don't	
  draw	
  your	
  bicycle.	
  Ride	
  it!”	
  
…	
  
	
  

What	
  did	
  Fritz	
  draw	
  first?	
  
	
  	
  	
  	
  A)	
  the	
  toothpaste	
  
	
  	
  	
  	
  B)	
  his	
  mama	
  
	
  	
  	
  	
  C)	
  cereal	
  and	
  milk	
  
	
  	
  	
  	
  D)	
  his	
  bicycle	
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Reading	
  Comprehension	
  



Course	
  Overview	
  
•  New	
  course,	
  first	
  Bme	
  being	
  offered	
  

•  Prerequisite:	
  TTIC	
  31190	
  (NLP)	
  

•  Aimed	
  at	
  senior	
  graduate	
  students	
  

•  My	
  office	
  hours:	
  by	
  appointment,	
  TTIC	
  531	
  
•  Teaching	
  assistant:	
  John	
  WieBng,	
  TTIC	
  PhD	
  student	
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Grading	
  
•  3	
  assignments	
  (10%,	
  15%,	
  15%)	
  
•  course	
  project	
  (30%)	
  
•  class	
  parBcipaBon	
  (30%)	
  
•  no	
  final	
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Course	
  Philosophy	
  
•  goal:	
  use	
  our	
  Bme	
  well	
  
– maximum	
  amount	
  learned	
  for	
  minimum	
  Bme	
  
investment	
  

•  our	
  in-­‐class	
  Bme	
  is	
  very	
  important	
  
•  your	
  parBcipaBon	
  grade	
  	
  	
  	
  	
  	
  number	
  of	
  wrong	
  
answers	
  you	
  give	
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Course	
  Philosophy	
  
•  goal:	
  use	
  our	
  Bme	
  well	
  
– maximum	
  amount	
  learned	
  for	
  minimum	
  Bme	
  
investment	
  

•  our	
  in-­‐class	
  Bme	
  is	
  very	
  important	
  
•  some	
  class	
  meeBngs	
  will	
  be	
  more	
  interacBve,	
  
involving	
  programming	
  exercises,	
  pen-­‐and-­‐
paper	
  exercises,	
  data	
  analysis	
  in	
  small	
  
groupsyour	
  parBcipaBon	
  grade	
  	
  	
  	
  	
  	
  number	
  of	
  
wrong	
  answers	
  you	
  give	
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Class	
  ParBcipaBon	
  
•  class	
  parBcipaBon	
  is	
  worth	
  30%	
  
•  your	
  parBcipaBon	
  grade	
  	
  	
  	
  	
  	
  number	
  of	
  wrong	
  
answers	
  you	
  give	
  

•  if	
  you	
  have	
  good	
  reason	
  to	
  miss	
  class,	
  let	
  me	
  
know!	
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Assignments	
  
•  Mini-­‐research	
  projects:	
  formal	
  exposiBon,	
  
implementaBon,	
  experimentaBon,	
  analysis,	
  
developing	
  new	
  methods	
  

•  Assignment	
  1	
  has	
  been	
  posted;	
  due	
  April	
  10	
  
•  It’s	
  a	
  (relaBvely)	
  short	
  warm-­‐up	
  assignment	
  
that	
  will	
  help	
  you	
  catch	
  up	
  if	
  you	
  didn’t	
  take	
  
the	
  prerequisite	
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Project	
  
•  Replicate	
  [part	
  of]	
  a	
  published	
  NLP	
  paper,	
  or	
  
define	
  your	
  own	
  project.	
  

•  The	
  project	
  may	
  be	
  done	
  individually	
  or	
  in	
  a	
  
group	
  of	
  two.	
  Each	
  group	
  member	
  will	
  receive	
  
the	
  same	
  grade.	
  

•  More	
  details	
  to	
  come.	
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CollaboraBon	
  Policy	
  
•  You	
  are	
  welcome	
  to	
  discuss	
  assignments	
  with	
  
others	
  in	
  the	
  course,	
  but	
  soluBons	
  and	
  code	
  
must	
  be	
  wriXen	
  individually	
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Textbooks	
  

•  All	
  are	
  opBonal	
  
•  Speech	
  and	
  Language	
  Processing,	
  2nd	
  Ed.	
  	
  

–  some	
  chapters	
  of	
  3rd	
  ediBon	
  are	
  online	
  

•  Bayesian	
  Analysis	
  in	
  NLP	
  by	
  Shay	
  Cohen	
  
–  will	
  be	
  available	
  in	
  the	
  TTIC	
  library	
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Roadmap	
  
•  review	
  of	
  TTIC	
  31190	
  (week	
  1)	
  
•  deep	
  learning	
  for	
  NLP	
  (weeks	
  2-­‐4)	
  
•  generaBve	
  models	
  &	
  Bayesian	
  inference	
  (week	
  5)	
  
•  Bayesian	
  nonparametrics	
  in	
  NLP	
  (week	
  6)	
  
•  EM	
  for	
  unsupervised	
  NLP	
  (week	
  7)	
  
•  syntax/semanBcs	
  and	
  structure	
  predicBon	
  (weeks	
  8-­‐9)	
  
•  applicaBons	
  (week	
  10)	
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The	
  First	
  Couple	
  Weeks	
  
•  I	
  will	
  be	
  away	
  Wed.	
  March	
  29	
  and	
  Wed.	
  April	
  
5	
  

•  Sorry	
  about	
  this	
  L	
  
•  Wed.	
  March	
  29:	
  
– Class	
  will	
  be	
  opBonal	
  
– TA	
  will	
  hold	
  an	
  office	
  hour	
  during	
  class	
  for	
  anyone	
  
who	
  has	
  quesBons	
  about	
  Assignment	
  1,	
  deep	
  
learning	
  toolkits,	
  python,	
  TTIC	
  31190,	
  etc.	
  

•  Wed.	
  April	
  5:	
  
– Class	
  will	
  be	
  canceled	
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Why	
  is	
  NLP	
  hard?	
  
•  ambiguity	
  and	
  variability	
  of	
  linguisBc	
  expression:	
  
–  variability:	
  many	
  forms	
  can	
  mean	
  the	
  same	
  thing	
  
–  ambiguity:	
  one	
  form	
  can	
  mean	
  many	
  things	
  

•  there	
  are	
  many	
  different	
  kinds	
  of	
  ambiguity	
  
•  each	
  NLP	
  task	
  has	
  to	
  address	
  a	
  disBnct	
  set	
  of	
  kinds	
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What	
  is	
  a	
  classifier?	
  
•  a	
  funcBon	
  from	
  inputs	
  x	
  to	
  classificaBon	
  labels	
  y	
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What	
  is	
  a	
  classifier?	
  
•  a	
  funcBon	
  from	
  inputs	
  x	
  to	
  classificaBon	
  labels	
  y	
  
•  one	
  simple	
  type	
  of	
  classifier:	
  
–  for	
  any	
  input	
  x,	
  assign	
  a	
  score	
  to	
  each	
  label	
  y,	
  
parameterized	
  by	
  vector	
  	
  	
  	
  :	
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What	
  is	
  a	
  classifier?	
  
•  a	
  funcBon	
  from	
  inputs	
  x	
  to	
  classificaBon	
  labels	
  y	
  
•  one	
  simple	
  type	
  of	
  classifier:	
  
–  for	
  any	
  input	
  x,	
  assign	
  a	
  score	
  to	
  each	
  label	
  y,	
  
parameterized	
  by	
  vector	
  	
  	
  	
  :	
  

	
  
– classify	
  by	
  choosing	
  highest-­‐scoring	
  label:	
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Modeling,	
  Inference,	
  Learning	
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Modeling,	
  Inference,	
  Learning	
  

•  We	
  will	
  use	
  this	
  same	
  paradigm	
  throughout	
  
the	
  course,	
  even	
  when	
  the	
  output	
  space	
  size	
  
is	
  exponenHal	
  in	
  the	
  size	
  of	
  the	
  input	
  or	
  is	
  
unbounded	
  (e.g.,	
  machine	
  translaHon)	
  

learning:	
  choose	
  _	
  	
  	
  

modeling:	
  define	
  	
  score	
  funcBon	
  inference:	
  solve	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  _	
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NotaBon	
  
•  We’ll	
  use	
  boldface	
  for	
  vectors:	
  

•  Individual	
  entries	
  will	
  use	
  subscripts	
  and	
  no	
  boldface,	
  e.g.,	
  for	
  
entry	
  i:	
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Modeling,	
  Inference,	
  Learning	
  

•  Modeling:	
  How	
  do	
  we	
  assign	
  a	
  score	
  to	
  an	
  
(x,y)	
  pair	
  using	
  parameters	
  	
  	
  	
  ?	
  

modeling:	
  define	
  	
  score	
  funcBon	
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Modeling,	
  Inference,	
  Learning	
  

•  Inference:	
  How	
  do	
  we	
  efficiently	
  search	
  over	
  
the	
  space	
  of	
  all	
  labels?	
  

inference:	
  solve	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  _	
  	
   modeling:	
  define	
  	
  score	
  funcBon	
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Modeling,	
  Inference,	
  Learning	
  

•  Learning:	
  How	
  do	
  we	
  choose	
  	
  	
  	
  ?	
  

learning:	
  choose	
  _	
  	
  	
  

modeling:	
  define	
  	
  score	
  funcBon	
  inference:	
  solve	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  _	
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ApplicaBons	
  of	
  our	
  ClassificaBon	
  Framework	
  

40	
  

text	
  classificaBon:	
  
	
  
	
  
	
  
	
  	
  

x	
   y	
  

the	
  hulk	
  is	
  an	
  anger	
  fueled	
  monster	
  with	
  
incredible	
  strength	
  and	
  resistance	
  to	
  damage	
  .	
   objecBve	
  

in	
  trying	
  to	
  be	
  daring	
  and	
  original	
  ,	
  it	
  comes	
  off	
  
as	
  only	
  occasionally	
  saBrical	
  and	
  never	
  fresh	
  .	
   subjecBve	
  

=	
  {objecBve,	
  subjecBve}	
  



ApplicaBons	
  of	
  our	
  ClassificaBon	
  Framework	
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word	
  sense	
  classifier	
  for	
  bass:	
  
	
  
	
  
	
  
	
  	
  

x	
   y	
  

he’s	
  a	
  bass	
  in	
  the	
  choir	
  .	
   bass3	
  

our	
  bass	
  is	
  line-­‐caught	
  from	
  the	
  
AtlanBc	
  .	
   bass4	
  

=	
  {bass1,	
  bass2,	
  …,	
  bass8}	
  



ApplicaBons	
  of	
  our	
  ClassificaBon	
  Framework	
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skip-­‐gram	
  model	
  as	
  a	
  classifier:	
  
	
  
	
  
	
  
	
  	
  

x	
   y	
  

agriculture	
   <s>	
  

agriculture	
   is	
  

agriculture	
   the	
  

=	
  V	
  	
  	
  	
  	
  (the	
  enBre	
  vocabulary)	
  

corpus	
  (English	
  Wikipedia):	
  
agriculture	
  is	
  the	
  tradi3onal	
  mainstay	
  of	
  the	
  
cambodian	
  economy	
  .	
  
but	
  benares	
  has	
  been	
  destroyed	
  by	
  an	
  earthquake	
  .	
  
…	
  



determiner	
  	
  	
  	
  	
  verb	
  (past)	
  	
  	
  	
  	
  	
  prep.	
  	
  	
  proper	
  	
  	
  	
  	
  proper	
  	
  	
  poss.	
  	
  	
  	
  	
  adj.	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  noun	
  
	
  	
  	
  
	
  
	
  	
  	
  	
  modal	
  	
  	
  	
  	
  	
  	
  verb	
  	
  	
  	
  det.	
  	
  	
  	
  	
  	
  	
  	
  	
  adjecBve	
  	
  	
  	
  	
  	
  	
  	
  	
  noun	
  	
  	
  	
  prep.	
  	
  	
  	
  	
  	
  proper	
  	
  	
  	
  	
  punc.	
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Part-­‐of-­‐Speech	
  Tagging	
  

determiner	
  	
  	
  	
  	
  verb	
  (past)	
  	
  	
  	
  	
  	
  prep.	
  	
  	
  	
  noun	
  	
  	
  	
  	
  	
  	
  	
  noun	
  	
  	
  	
  	
  poss.	
  	
  	
  	
  	
  adj.	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  noun	
  
	
  	
  	
  Some	
  	
  	
  	
  	
  	
  quesBoned	
  	
  	
  	
  	
  	
  if	
  	
  	
  	
  	
  	
  	
  Tim	
  	
  	
  	
  	
  	
  Cook	
  	
  	
  	
  	
  	
  ’s	
  	
  	
  	
  	
  	
  first	
  	
  	
  	
  	
  	
  product	
  	
  
	
  
	
  	
  	
  	
  modal	
  	
  	
  	
  	
  	
  	
  verb	
  	
  	
  	
  det.	
  	
  	
  	
  	
  	
  	
  	
  	
  adjecBve	
  	
  	
  	
  	
  	
  	
  	
  	
  noun	
  	
  	
  	
  prep.	
  	
  	
  	
  	
  	
  	
  noun	
  	
  	
  	
  	
  	
  punc.	
  
	
  	
  	
  would	
  	
  	
  	
  	
  	
  be	
  	
  	
  	
  	
  	
  a	
  	
  	
  	
  	
  	
  breakaway	
  	
  	
  	
  	
  	
  hit	
  	
  	
  	
  	
  	
  for	
  	
  	
  	
  	
  	
  Apple	
  	
  	
  	
  	
  	
  	
  	
  .	
  

Simplest	
  kind	
  of	
  structured	
  predicBon:	
  Sequence	
  Labeling	
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  O	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  O	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  O	
  	
  	
  	
  	
  B-­‐PERSON	
  	
  	
  I-­‐PERSON	
  	
  	
  	
  	
  	
  O	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  O	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  O	
  
	
  	
  	
  Some	
  	
  	
  quesBoned	
  	
  	
  if	
  	
  	
  	
  	
  	
  	
  	
  	
  Tim	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Cook	
  	
  	
  	
  	
  	
  	
  ’s	
  	
  	
  	
  	
  	
  first	
  	
  	
  	
  	
  	
  product	
  	
  
	
  
	
  	
  	
  	
  	
  	
  	
  	
  O	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  O	
  	
  	
  	
  	
  	
  	
  	
  	
  O	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  O	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  O	
  	
  	
  	
  	
  	
  	
  	
  O	
  	
  	
  	
  	
  B-­‐ORGANIZATION	
  	
  	
  	
  	
  	
  O	
  
	
  	
  	
  would	
  	
  	
  	
  	
  	
  be	
  	
  	
  	
  	
  	
  a	
  	
  	
  	
  	
  	
  breakaway	
  	
  	
  	
  hit	
  	
  	
  	
  for	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Apple	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  .	
  

Named	
  EnBty	
  RecogniBon	
  

B	
  =	
  “begin”	
  
	
  I	
  =	
  “inside”	
  
O	
  =	
  “outside”	
  
	
  

FormulaBng	
  segmentaBon	
  tasks	
  as	
  sequence	
  labeling	
  
via	
  B-­‐I-­‐O	
  labeling:	
  



ConsBtuent	
  Parsing	
  
(S	
  (NP	
  the	
  man)	
  (VP	
  walked	
  (PP	
  to	
  (NP	
  the	
  park))))	
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the	
  man	
  walked	
  to	
  the	
  park	
  

S	
  

NP	
  

NP	
  

VP	
  

PP	
  

Key:	
  
S	
  =	
  sentence	
  
NP	
  =	
  noun	
  phrase	
  
VP	
  =	
  verb	
  phrase	
  
PP	
  =	
  preposiBonal	
  phrase	
  
DT	
  =	
  determiner	
  
NN	
  =	
  noun	
  
VBD	
  =	
  verb	
  (past	
  tense)	
  
IN	
  =	
  preposiBon	
  
	
  

DT	
   NN	
   VBD	
  	
  	
  	
  	
  	
  IN	
  	
  	
  	
  DT	
  	
  	
  	
  NN	
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source:          $  konnten  sie  es  übersetzen  ?

reference:     $  could  you  translate  it  ?
“wall”	
  symbol	
  

Dependency	
  Parsing	
  



Several	
  Kinds	
  of	
  SemanBc	
  Parsing	
  
•  semanBc	
  role	
  labeling	
  (SRL)	
  
•  frame-­‐semanBc	
  parsing	
  
•  “semanBc	
  parsing”	
  (first-­‐order	
  logic)	
  
•  abstract	
  meaning	
  representaBon	
  (AMR)	
  
•  dependency-­‐based	
  composiBonal	
  semanBcs	
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SemanBc	
  Role	
  Labeling	
  Applications 

` Question & answer systems 

   Who      did what to whom      at where? 
 

30 

The police officer detained the suspect at the scene of the crime 

ARG0 ARG2 AM-loc V Agent	
   Theme	
  Predicate	
   LocaBon	
  

J&M/SLP3	
  



SemanBc	
  role	
  labeling	
  (SRL)	
  	
  
•  The	
  task	
  of	
  finding	
  the	
  semanBc	
  roles	
  of	
  each	
  
argument	
  of	
  each	
  predicate	
  in	
  a	
  sentence.	
  

•  FrameNet	
  versus	
  PropBank:	
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22.6 • SEMANTIC ROLE LABELING 9

Recall that the difference between these two models of semantic roles is that
FrameNet (22.27) employs many frame-specific frame elements as roles, while Prop-
Bank (22.28) uses a smaller number of numbered argument labels that can be inter-
preted as verb-specific labels, along with the more general ARGM labels. Some
examples:

(22.27) [You] can’t [blame] [the program] [for being unable to identify it]
COGNIZER TARGET EVALUEE REASON

(22.28) [The San Francisco Examiner] issued [a special edition] [yesterday]
ARG0 TARGET ARG1 ARGM-TMP

A simplified semantic role labeling algorithm is sketched in Fig. 22.4. While
there are a large number of algorithms, many of them use some version of the steps
in this algorithm.

Most algorithms, beginning with the very earliest semantic role analyzers (Sim-
mons, 1973), begin by parsing, using broad-coverage parsers to assign a parse to the
input string. Figure 22.5 shows a parse of (22.28) above. The parse is then traversed
to find all words that are predicates.

For each of these predicates, the algorithm examines each node in the parse tree
and decides the semantic role (if any) it plays for this predicate.

This is generally done by supervised classification. Given a labeled training set
such as PropBank or FrameNet, a feature vector is extracted for each node, using
feature templates described in the next subsection.

A 1-of-N classifier is then trained to predict a semantic role for each constituent
given these features, where N is the number of potential semantic roles plus an
extra NONE role for non-role constituents. Most standard classification algorithms
have been used (logistic regression, SVM, etc). Finally, for each test sentence to be
labeled, the classifier is run on each relevant constituent. We give more details of
the algorithm after we discuss features.

function SEMANTICROLELABEL(words) returns labeled tree

parse PARSE(words)
for each predicate in parse do

for each node in parse do
featurevector EXTRACTFEATURES(node, predicate, parse)
CLASSIFYNODE(node, featurevector, parse)

Figure 22.4 A generic semantic-role-labeling algorithm. CLASSIFYNODE is a 1-of-N clas-
sifier that assigns a semantic role (or NONE for non-role constituents), trained on labeled data
such as FrameNet or PropBank.

Features for Semantic Role Labeling

A wide variety of features can be used for semantic role labeling. Most systems use
some generalization of the core set of features introduced by Gildea and Jurafsky
(2000). A typical set of basic features are based on the following feature templates
(demonstrated on the NP-SBJ constituent The San Francisco Examiner in Fig. 22.5):

• The governing predicate, in this case the verb issued. The predicate is a cru-
cial feature since labels are defined only with respect to a particular predicate.

• The phrase type of the constituent, in this case, NP (or NP-SBJ). Some se-
mantic roles tend to appear as NPs, others as S or PP, and so on.

J&M/SLP3	
  



Machine	
  TranslaBon	
  



ApplicaBons	
  of	
  our	
  Classifier	
  Framework	
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task	
   input	
  (x)	
   output	
  (y)	
   output	
  space	
  (	
  	
  	
  	
  	
  )	
   size	
  of	
  

text	
  
classificaBon	
   a	
  sentence	
   gold	
  standard	
  

label	
  for	
  x	
  

pre-­‐defined,	
  small	
  
label	
  set	
  (e.g.,	
  

{posiBve,	
  negaBve})	
  
2-­‐10	
  

word	
  sense	
  
disambiguaBon	
  

instance	
  of	
  a	
  
parBcular	
  word	
  
(e.g.,	
  bass)	
  with	
  

its	
  context	
  	
  

gold	
  standard	
  
word	
  sense	
  of	
  x	
  

pre-­‐defined	
  sense	
  
inventory	
  from	
  

WordNet	
  for	
  bass	
  
2-­‐30	
  

learning	
  skip-­‐
gram	
  word	
  
embeddings	
  

instance	
  of	
  a	
  
word	
  in	
  a	
  corpus	
  

a	
  word	
  in	
  the	
  
context	
  of	
  x	
  in	
  

a	
  corpus	
  
vocabulary	
   |V|	
  

part-­‐of-­‐speech	
  
tagging	
   a	
  sentence	
  

gold	
  standard	
  
part-­‐of-­‐speech	
  

tags	
  for	
  x	
  

all	
  possible	
  part-­‐of-­‐
speech	
  tag	
  sequences	
  
with	
  same	
  length	
  as	
  x	
  

|P||x|	
  



ApplicaBons	
  of	
  Classifier	
  Framework	
  (conBnued)	
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task	
   input	
  (x)	
   output	
  (y)	
   output	
  space	
  (	
  	
  	
  	
  	
  )	
   size	
  of	
  

named	
  
enBty	
  

recogniBon	
  
a	
  sentence	
  

gold	
  standard	
  named	
  
enBty	
  labels	
  for	
  x	
  

(BIO	
  tags)	
  

all	
  possible	
  BIO	
  label	
  
sequences	
  with	
  same	
  

length	
  as	
  x	
  
|P||x|	
  

consBtuent	
  
parsing	
   a	
  sentence	
  

gold	
  standard	
  
consBtuent	
  parse	
  
(labeled	
  brackeBng)	
  

of	
  x	
  

all	
  possible	
  labeled	
  
brackeBngs	
  of	
  x	
  

exponenBal	
  
in	
  length	
  of	
  x	
  
(Catalan	
  
number)	
  

dependency	
  
parsing	
   a	
  sentence	
  

gold	
  standard	
  
dependency	
  parse	
  
(labeled	
  directed	
  
spanning	
  tree)	
  of	
  x	
  

all	
  possible	
  labeled	
  
directed	
  spanning	
  trees	
  

of	
  x	
  

exponenBal	
  
in	
  length	
  of	
  x	
  

machine	
  
translaBon	
   a	
  sentence	
   a	
  translaBon	
  of	
  x	
   all	
  possible	
  translaBons	
  

of	
  x	
  
potenBally	
  
infinite	
  



Modeling	
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model	
  families	
  
•  linear	
  models	
  
–  lots	
  of	
  freedom	
  in	
  defining	
  features,	
  though	
  feature	
  
engineering	
  required	
  for	
  best	
  performance	
  

–  learning	
  uses	
  opBmizaBon	
  of	
  a	
  loss	
  funcBon	
  
–  one	
  can	
  (try	
  to)	
  interpret	
  learned	
  feature	
  weights	
  

•  stochasBc/generaBve	
  models	
  
–  linear	
  models	
  with	
  simple	
  “features”	
  (counts	
  of	
  events)	
  
–  learning	
  is	
  easy:	
  count	
  &	
  normalize	
  (but	
  smoothing	
  needed)	
  
–  easy	
  to	
  generate	
  samples	
  

•  neural	
  networks	
  
–  can	
  usually	
  get	
  away	
  with	
  less	
  feature	
  engineering	
  
–  learning	
  uses	
  opBmizaBon	
  of	
  a	
  loss	
  funcBon	
  
–  hard	
  to	
  interpret	
  (though	
  we	
  try!),	
  but	
  ohen	
  works	
  best	
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special	
  case	
  of	
  linear	
  models:	
  	
  
stochasBc/generaBve	
  models	
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model	
   tasks	
   context	
  expansion	
  

n-­‐gram	
  language	
  models	
   language	
  modeling	
  (for	
  
MT,	
  ASR,	
  etc.)	
   increase	
  n	
  

hidden	
  Markov	
  models	
  
part-­‐of-­‐speech	
  tagging,	
  

named	
  enBty	
  recogniBon,	
  
word	
  clustering	
  

increase	
  order	
  of	
  HMM	
  (e.g.,	
  bigram	
  
HMM	
  à	
  trigram	
  HMM)	
  

probabilisBc	
  context-­‐free	
  
grammars	
   consBtuent	
  parsing	
   increase	
  size	
  of	
  rules,	
  e.g.,	
  flaXening,	
  

parent	
  annotaBon,	
  etc.	
  

•  all	
  use	
  MLE	
  +	
  smoothing	
  (though	
  probably	
  different	
  kinds	
  of	
  smoothing)	
  
•  all	
  assign	
  probability	
  to	
  sentences	
  (some	
  assign	
  probability	
  jointly	
  to	
  pairs	
  

of	
  <sentence,	
  something	
  else>)	
  
•  all	
  have	
  the	
  same	
  trade-­‐off	
  of	
  increasing	
  “context”	
  (feature	
  size)	
  and	
  

needing	
  more	
  data	
  /	
  beXer	
  smoothing	
  



Feature	
  Engineering	
  for	
  Text	
  ClassificaBon	
  

•  Two	
  features:	
  

	
  	
  	
  	
  	
  where	
  
	
  
•  What	
  should	
  the	
  weights	
  be?	
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unigram	
  binary	
  template:	
  
	
  
bigram	
  binary	
  template:	
  
	
  
trigram	
  binary	
  features	
  
	
  	
  	
  	
  	
  	
  …	
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Higher-­‐Order	
  Binary	
  Feature	
  Templates	
  



2-­‐transformaBon	
  (1-­‐layer)	
  network	
  

•  we’ll	
  call	
  this	
  a	
  “2-­‐transformaBon”	
  neural	
  
network,	
  or	
  a	
  “1-­‐layer”	
  neural	
  network	
  

•  input	
  vector	
  is	
  	
  
•  score	
  vector	
  is	
  
•  one	
  hidden	
  vector	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  (“hidden	
  layer”)	
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vector	
  of	
  label	
  scores	
  



1-­‐layer	
  neural	
  network	
  for	
  senBment	
  classificaBon	
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ikr	
  	
  smh	
  	
  he	
  	
  asked	
  	
  fir	
  	
  yo	
  	
  last	
  	
  name	
  	
  so	
  	
  he	
  	
  can	
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intj	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  pronoun	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  prep	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  adj	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  prep	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  verb	
  	
  
other	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  verb	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  det	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  noun	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  pronoun	
  	
  

Neural	
  Networks	
  for	
  TwiXer	
  Part-­‐of-­‐Speech	
  Tagging	
  

vector	
  for	
  last	
  vector	
  for	
  yo	
  

•  let’s	
  use	
  the	
  center	
  word	
  +	
  two	
  words	
  to	
  the	
  right:	
  

vector	
  for	
  name	
  

•  if	
  name	
  is	
  to	
  the	
  right	
  of	
  yo,	
  then	
  yo	
  is	
  probably	
  a	
  form	
  of	
  your	
  
•  but	
  our	
  x	
  above	
  uses	
  separate	
  dimensions	
  for	
  each	
  posiBon!	
  

–  i.e.,	
  name	
  is	
  two	
  words	
  to	
  the	
  right	
  
–  what	
  if	
  name	
  is	
  one	
  word	
  to	
  the	
  right?	
  	
  	
  



ConvoluBon	
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vector	
  for	
  last	
  vector	
  for	
  yo	
   vector	
  for	
  name	
  

=	
  “feature	
  map”,	
  has	
  an	
  entry	
  for	
  each	
  word	
  posiBon	
  in	
  context	
  window	
  /	
  sentence	
  



Pooling	
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vector	
  for	
  last	
  vector	
  for	
  yo	
   vector	
  for	
  name	
  

=	
  “feature	
  map”,	
  has	
  an	
  entry	
  for	
  each	
  word	
  posiBon	
  in	
  context	
  window	
  /	
  sentence	
  

how	
  do	
  we	
  convert	
  this	
  into	
  a	
  fixed-­‐length	
  vector?	
  
use	
  pooling:	
  

	
  max-­‐pooling:	
  returns	
  maximum	
  value	
  in	
  	
  
	
  average	
  pooling:	
  returns	
  average	
  of	
  values	
  in	
  	
  



Pooling	
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vector	
  for	
  last	
  vector	
  for	
  yo	
   vector	
  for	
  name	
  

=	
  “feature	
  map”,	
  has	
  an	
  entry	
  for	
  each	
  word	
  posiBon	
  in	
  context	
  window	
  /	
  sentence	
  

how	
  do	
  we	
  convert	
  this	
  into	
  a	
  fixed-­‐length	
  vector?	
  
use	
  pooling:	
  

	
  max-­‐pooling:	
  returns	
  maximum	
  value	
  in	
  	
  
	
  average	
  pooling:	
  returns	
  average	
  of	
  values	
  in	
  	
  

then,	
  this	
  single	
  filter	
  	
  	
  	
  	
  	
  	
  produces	
  a	
  single	
  feature	
  	
  
value	
  (the	
  output	
  of	
  some	
  kind	
  of	
  pooling).	
  
in	
  pracBce,	
  we	
  use	
  many	
  filters	
  of	
  many	
  different	
  	
  
lengths	
  (e.g.,	
  n-­‐grams	
  rather	
  than	
  words).	
  	
  



ConvoluBonal	
  Neural	
  Networks	
  
•  convoluBonal	
  neural	
  networks	
  (convnets	
  or	
  CNNs)	
  use	
  
filters	
  that	
  are	
  “convolved	
  with”	
  (matched	
  against	
  all	
  
posiBons	
  of)	
  the	
  input	
  

•  think	
  of	
  convoluBon	
  as	
  “perform	
  the	
  same	
  operaBon	
  
everywhere	
  on	
  the	
  input	
  in	
  some	
  systemaBc	
  order”	
  

•  “convoluBonal	
  layer”	
  =	
  set	
  of	
  filters	
  that	
  are	
  convolved	
  
with	
  the	
  input	
  vector	
  (whether	
  x	
  or	
  hidden	
  vector)	
  

•  could	
  be	
  followed	
  by	
  more	
  convoluBonal	
  layers,	
  or	
  by	
  
a	
  type	
  of	
  pooling	
  

•  ohen	
  used	
  in	
  NLP	
  to	
  convert	
  a	
  sentence	
  into	
  a	
  feature	
  
vector	
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Recurrent	
  Neural	
  Networks	
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“hidden	
  vector”	
  



Long	
  Short-­‐Term	
  Memory	
  (LSTM)	
  Recurrent	
  Neural	
  Networks	
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Backward	
  &	
  BidirecBonal	
  LSTMs	
  

67	
  

bidirecBonal:	
  	
  
if	
  shallow,	
  just	
  use	
  forward	
  and	
  backward	
  LSTMs	
  in	
  parallel,	
  concatenate	
  	
  
final	
  two	
  hidden	
  vectors,	
  feed	
  to	
  sohmax	
  



Deep	
  LSTM	
  
(2-­‐layer)	
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layer	
  1	
  

layer	
  2	
  



Recursive	
  Neural	
  Networks	
  for	
  NLP	
  
•  first,	
  run	
  a	
  consBtuent	
  parser	
  on	
  the	
  sentence	
  
•  convert	
  the	
  consBtuent	
  tree	
  to	
  a	
  binary	
  tree	
  
(each	
  rewrite	
  has	
  exactly	
  two	
  children)	
  

•  construct	
  vector	
  for	
  sentence	
  recursively	
  at	
  each	
  
rewrite	
  (“split	
  point”):	
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Learning	
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Cost	
  FuncBons	
  
•  cost	
  funcBon:	
  scores	
  output	
  against	
  a	
  gold	
  standard	
  

•  should	
  reflect	
  the	
  evaluaBon	
  metric	
  for	
  your	
  task	
  

•  usual	
  convenBons:	
  
•  for	
  classificaBon,	
  what	
  cost	
  should	
  we	
  use?	
  
•  for	
  classificaBon,	
  what	
  cost	
  should	
  we	
  use?	
  

71	
  



Empirical	
  Risk	
  MinimizaBon	
  
(Vapnik	
  et	
  al.)	
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•  replace	
  expectaBon	
  with	
  sum	
  over	
  examples:	
  



Empirical	
  Risk	
  MinimizaBon	
  
(Vapnik	
  et	
  al.)	
  

73	
  

•  replace	
  expectaBon	
  with	
  sum	
  over	
  examples:	
  

problem:	
  NP-­‐hard	
  even	
  for	
  binary	
  
classificaBon	
  with	
  linear	
  models	
  



Empirical	
  Risk	
  MinimizaBon	
  with	
  Surrogate	
  Loss	
  FuncBons	
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•  given	
  training	
  data:	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  
	
  	
  	
  	
  where	
  each	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  is	
  a	
  label	
  
•  we	
  want	
  to	
  solve	
  the	
  following:	
  

many	
  possible	
  loss	
  
funcBons	
  to	
  consider	
  

opBmizing	
  



Loss	
  FuncBons	
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name	
   loss	
   where	
  used	
  

cost	
  (“0-­‐1”)	
  
	
  intractable,	
  but	
  

underlies	
  “direct	
  error	
  
minimizaBon”	
  

perceptron	
   perceptron	
  algorithm	
  
(RosenblaX,	
  1958)	
  

hinge	
  
support	
  vector	
  

machines,	
  other	
  large-­‐
margin	
  algorithms	
  

log	
  

logisBc	
  regression,	
  
condiBonal	
  random	
  
fields,	
  maximum	
  
entropy	
  models	
  



(Sub)gradients	
  of	
  Losses	
  for	
  Linear	
  Models	
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name	
   entry	
  j	
  of	
  (sub)gradient	
  of	
  loss	
  for	
  linear	
  model	
  

cost	
  (“0-­‐1”)	
   not	
  subdifferenBable	
  in	
  general	
  

perceptron	
  

hinge	
  

log	
  



(Sub)gradients	
  of	
  Losses	
  for	
  Linear	
  Models	
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name	
   entry	
  j	
  of	
  (sub)gradient	
  of	
  loss	
  for	
  linear	
  model	
  

cost	
  (“0-­‐1”)	
   not	
  subdifferenBable	
  in	
  general	
  

perceptron	
  

hinge	
  

log	
  

expectaBon	
  of	
  feature	
  value	
  with	
  respect	
  to	
  distribuBon	
  
over	
  y	
  (where	
  distribuBon	
  is	
  defined	
  by	
  theta)	
  
	
  

alternaBve	
  notaBon:	
  



VisualizaBon	
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sc
or
e	
  

five	
  possible	
  outputs	
  



VisualizaBon	
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co
st
	
  

five	
  possible	
  outputs	
  



VisualizaBon	
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co
st
	
  

gold	
  standard	
  



VisualizaBon	
  

81	
  

co
st
	
  

gold	
  standard	
  



VisualizaBon	
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sc
or
e	
  
+	
  
co
st
	
  

gold	
  standard	
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perceptron	
  loss:	
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sc
or
e	
  

gold	
  standard	
  

perceptron	
  loss:	
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sc
or
e	
  

gold	
  standard	
  

perceptron	
  loss:	
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sc
or
e	
  

gold	
  standard	
  

perceptron	
  loss:	
  

effect	
  of	
  learning?	
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sc
or
e	
  

gold	
  standard	
  

perceptron	
  loss:	
  

effect	
  of	
  learning:	
  
gold	
  standard	
  will	
  
have	
  highest	
  score	
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hinge	
  loss:	
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sc
or
e	
  
+	
  
co
st
	
  

gold	
  standard	
  

hinge	
  loss:	
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sc
or
e	
  
+	
  
co
st
	
  

gold	
  standard	
  

hinge	
  loss:	
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sc
or
e	
  
+	
  
co
st
	
  

gold	
  standard	
  

hinge	
  loss:	
  

effect	
  of	
  learning?	
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sc
or
e	
  
+	
  
co
st
	
  

gold	
  standard	
  

hinge	
  loss:	
  

effect	
  of	
  learning:	
  
score	
  of	
  gold	
  standard	
  
will	
  be	
  higher	
  than	
  
score+cost	
  of	
  all	
  

others	
  



Regularized	
  Empirical	
  Risk	
  MinimizaBon	
  

93	
  

•  given	
  training	
  data:	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  
	
  	
  	
  	
  where	
  each	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  is	
  a	
  label	
  
•  we	
  want	
  to	
  solve	
  the	
  following:	
  

regularizaHon	
  
term	
  

regularizaHon	
  
strength	
  



RegularizaBon	
  Terms	
  

•  most	
  common:	
  penalize	
  large	
  parameter	
  values	
  
•  intuiBon:	
  large	
  parameters	
  might	
  be	
  instances	
  of	
  
overfi�ng	
  

•  examples:	
  
L2	
  regularizaHon:	
  
(also	
  called	
  Tikhonov	
  regularizaBon	
  	
  
or	
  ridge	
  regression)	
  

L1	
  regularizaHon:	
  
(also	
  called	
  basis	
  pursuit	
  or	
  LASSO)	
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Dropout	
  
•  popular	
  regularizaBon	
  method	
  for	
  neural	
  
networks	
  

•  randomly	
  “drop	
  out”	
  (set	
  to	
  zero)	
  some	
  of	
  the	
  
vector	
  entries	
  in	
  the	
  layers	
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Inference	
  

96	
  



ExponenBally-­‐Large	
  Search	
  Problems	
  

97	
  

inference:	
  solve	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  _	
  	
  

•  when	
  output	
  is	
  a	
  sequence	
  or	
  tree,	
  this	
  
argmax	
  requires	
  iteraBng	
  over	
  an	
  
exponenBally-­‐large	
  set	
  



Learning	
  requires	
  solving	
  exponenBally-­‐hard	
  
problems	
  too!	
  

98	
  

loss	
   entry	
  j	
  of	
  (sub)gradient	
  of	
  loss	
  for	
  linear	
  model	
  

perceptron	
  

hinge	
  

log	
  

compuBng	
  each	
  of	
  these	
  terms	
  
requires	
  iteraBng	
  through	
  every	
  

possible	
  output	
  



Dynamic	
  Programming	
  (DP)	
  
•  what	
  is	
  dynamic	
  programming?	
  
–  a	
  family	
  of	
  algorithms	
  that	
  break	
  problems	
  into	
  smaller	
  
pieces	
  and	
  reuse	
  soluBons	
  for	
  those	
  pieces	
  

–  only	
  applicable	
  when	
  the	
  problem	
  has	
  certain	
  properBes	
  
(opHmal	
  substructure	
  and	
  overlapping	
  sub-­‐problems)	
  

•  in	
  this	
  class,	
  we	
  use	
  DP	
  to	
  iterate	
  over	
  exponenBally-­‐
large	
  output	
  spaces	
  in	
  polynomial	
  Bme	
  

•  we	
  focus	
  on	
  a	
  parBcular	
  type	
  of	
  DP	
  algorithm:	
  
memoizaHon	
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ImplemenBng	
  DP	
  algorithms	
  
•  even	
  if	
  your	
  goal	
  is	
  to	
  compute	
  a	
  sum	
  or	
  a	
  
max,	
  focus	
  first	
  on	
  counHng	
  mode	
  (count	
  the	
  
number	
  of	
  unique	
  outputs	
  for	
  an	
  input)	
  

•  memoizaBon	
  =	
  recursion	
  +	
  saving/reusing	
  
soluBons	
  
– start	
  by	
  defining	
  recursive	
  equaBons	
  
– “memoize”	
  by	
  creaBng	
  a	
  table	
  to	
  store	
  all	
  
intermediate	
  results	
  from	
  recursive	
  equaBons,	
  use	
  
them	
  when	
  requested	
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Inference	
  in	
  HMMs	
  

101	
  

•  since	
  the	
  output	
  is	
  a	
  sequence,	
  this	
  argmax	
  
requires	
  iteraBng	
  over	
  an	
  exponenBally-­‐large	
  set	
  

•  last	
  week	
  we	
  talked	
  about	
  using	
  dynamic	
  
programming	
  (DP)	
  to	
  solve	
  these	
  problems	
  

•  for	
  HMMs	
  (and	
  other	
  sequence	
  models),	
  the	
  for	
  
solving	
  this	
  is	
  called	
  the	
  Viterbi	
  algorithm	
  



Viterbi	
  Algorithm	
  
•  recursive	
  equaBons	
  +	
  memoizaBon:	
  

102	
  

base	
  case:	
  	
  
returns	
  probability	
  of	
  sequence	
  starBng	
  with	
  label	
  y	
  for	
  first	
  word	
  

recursive	
  case:	
  
computes	
  probability	
  of	
  max-­‐probability	
  label	
  
sequence	
  that	
  ends	
  with	
  label	
  y	
  at	
  posiBon	
  m	
  

final	
  value	
  is	
  in:	
  



Viterbi	
  Algorithm	
  
•  space	
  and	
  Bme	
  complexity?	
  
•  can	
  be	
  read	
  off	
  from	
  the	
  recursive	
  equaBons:	
  

103	
  

space	
  complexity:	
  
size	
  of	
  memoizaBon	
  table,	
  which	
  is	
  #	
  of	
  unique	
  indices	
  of	
  recursive	
  equaBons	
  

so,	
  space	
  complexity	
  is	
  O(|x|	
  |L|)	
  

length	
  of	
  
sentence	
  

number	
  
of	
  labels	
  *



Viterbi	
  Algorithm	
  
•  space	
  and	
  Hme	
  complexity?	
  
•  can	
  be	
  read	
  off	
  from	
  the	
  recursive	
  equaBons:	
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Hme	
  complexity:	
  
size	
  of	
  memoizaBon	
  table	
  *	
  complexity	
  of	
  compuBng	
  each	
  entry	
  

so,	
  Hme	
  complexity	
  is	
  O(|x|	
  |L|	
  |L|)	
  =	
  O(|x|	
  |L|2)	
  	
  

length	
  of	
  
sentence	
  

number	
  
of	
  labels	
  *

each	
  entry	
  requires	
  
iteraHng	
  through	
  the	
  labels	
  *



Feature	
  Locality	
  

•  feature	
  locality:	
  how	
  “big”	
  are	
  your	
  features?	
  
•  when	
  designing	
  efficient	
  inference	
  algorithms	
  
(whether	
  w/	
  DP	
  or	
  other	
  methods),	
  we	
  need	
  
to	
  be	
  mindful	
  of	
  this	
  

•  features	
  can	
  be	
  arbitrarily	
  big	
  in	
  terms	
  of	
  the	
  
input,	
  but	
  not	
  in	
  terms	
  of	
  the	
  output!	
  

•  the	
  features	
  in	
  HMMs	
  are	
  small	
  in	
  both	
  the	
  
input	
  and	
  output	
  sequences	
  (only	
  two	
  pieces	
  
at	
  a	
  Bme)	
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Defining	
  Features	
  
•  This	
  is	
  a	
  large	
  part	
  of	
  NLP	
  
•  Last	
  20	
  years:	
  feature	
  engineering	
  
•  Last	
  2	
  years:	
  representaHon	
  learning	
  	
  

•  In	
  this	
  course,	
  we	
  will	
  do	
  both	
  
•  Learning	
  representaBons	
  doesn’t	
  mean	
  that	
  we	
  
don’t	
  have	
  to	
  look	
  at	
  the	
  data	
  or	
  the	
  output!	
  

•  There’s	
  sBll	
  plenty	
  of	
  engineering	
  required	
  in	
  
representaBon	
  learning	
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Defining	
  Features	
  
•  This	
  is	
  a	
  large	
  part	
  of	
  NLP	
  
•  Last	
  20	
  years:	
  feature	
  engineering	
  
•  Last	
  2	
  years:	
  representaHon	
  learning	
  	
  

•  In	
  this	
  course,	
  we’ll	
  do	
  both	
  
•  Learning	
  representaBons	
  doesn’t	
  mean	
  that	
  we	
  
don’t	
  have	
  to	
  look	
  at	
  the	
  data	
  or	
  the	
  output!	
  

•  There’s	
  sBll	
  plenty	
  of	
  engineering	
  required	
  in	
  
representaBon	
  learning	
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Feature	
  Engineering	
  
•  Ohen	
  decried	
  as	
  “costly,	
  hand-­‐crahed,	
  
expensive,	
  domain-­‐specific”,	
  etc.	
  

•  But	
  in	
  pracBce,	
  simple	
  features	
  typically	
  give	
  
the	
  bulk	
  of	
  the	
  performance	
  

•  Let’s	
  get	
  concrete:	
  how	
  should	
  we	
  define	
  
features	
  for	
  text	
  classificaBon?	
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Feature	
  Engineering	
  for	
  Text	
  ClassificaBon	
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Feature	
  Engineering	
  for	
  Text	
  ClassificaBon	
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  is	
  now	
  a	
  vector	
  because	
  
it	
  is	
  a	
  sequence	
  of	
  words	
  



Feature	
  Engineering	
  for	
  Text	
  ClassificaBon	
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  is	
  now	
  a	
  vector	
  because	
  
it	
  is	
  a	
  sequence	
  of	
  words	
  

let’s	
  consider	
  senBment	
  analysis:	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  
	
  	
  



Feature	
  Engineering	
  for	
  Text	
  ClassificaBon	
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  is	
  now	
  a	
  vector	
  because	
  
it	
  is	
  a	
  sequence	
  of	
  words	
  

so,	
  here	
  is	
  our	
  senBment	
  classifier	
  that	
  uses	
  a	
  linear	
  model:	
  
	
  
	
  	
  

let’s	
  consider	
  senBment	
  analysis:	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  
	
  	
  



Feature	
  Engineering	
  for	
  Text	
  ClassificaBon	
  

•  Two	
  features:	
  

	
  	
  	
  	
  	
  where	
  
	
  
•  What	
  should	
  the	
  weights	
  be?	
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  ClassificaBon	
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inference:	
  solve	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  _	
  	
  

•  trivial	
  (loop	
  over	
  labels)	
  



Text	
  ClassificaBon	
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Learning	
  for	
  Text	
  ClassificaBon	
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learning:	
  choose	
  _	
  	
  	
  

•  There	
  are	
  many	
  ways	
  to	
  choose	
  



Experimental	
  PracBce	
  
•  in	
  the	
  beginning,	
  we	
  just	
  had	
  data	
  
•  first	
  innovaBon:	
  split	
  into	
  train	
  and	
  test	
  
– moBvaBon:	
  simulate	
  condiBons	
  of	
  applying	
  
system	
  in	
  pracBce	
  

•  but,	
  there’s	
  a	
  problem	
  with	
  this…	
  
– we	
  need	
  to	
  explore	
  and	
  evaluate	
  methodological	
  
choices	
  

– aher	
  mulBple	
  evaluaBons	
  on	
  test,	
  it	
  is	
  no	
  longer	
  a	
  
simulaBon	
  of	
  real-­‐world	
  condiBons	
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Experimental	
  PracBce	
  
•  we	
  need	
  to	
  explore/evaluate	
  methodological	
  choices	
  
•  what	
  should	
  we	
  do?	
  

–  some	
  use	
  cross	
  validaBon	
  on	
  train,	
  but	
  this	
  is	
  slow	
  and	
  
doesn’t	
  quite	
  simulate	
  real-­‐world	
  se�ngs	
  (why?)	
  

•  second	
  innovaBon:	
  divide	
  data	
  into	
  train,	
  test,	
  and	
  a	
  
third	
  set	
  called	
  development	
  or	
  validaBon	
  
–  use	
  development/validaBon	
  to	
  evaluate	
  choices	
  
–  then,	
  when	
  ready	
  to	
  write	
  the	
  paper,	
  evaluate	
  the	
  best	
  
model	
  on	
  test	
  

•  are	
  we	
  done	
  yet?	
  	
  no!	
  	
  there’s	
  sBll	
  a	
  problem	
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  there’s	
  sBll	
  a	
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–  overfi�ng	
  to	
  dev/val	
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Experimental	
  PracBce	
  
•  best	
  pracBce:	
  split	
  data	
  into	
  train,	
  development	
  (dev),	
  
development	
  test	
  (devtest),	
  and	
  test	
  
–  train	
  model	
  on	
  train,	
  tune	
  hyperparameter	
  values	
  on	
  dev,	
  
do	
  preliminary	
  tesBng	
  on	
  devtest,	
  do	
  final	
  tesBng	
  on	
  test	
  a	
  
single	
  Bme	
  when	
  wriBng	
  the	
  paper	
  

–  Even	
  beXer	
  to	
  have	
  even	
  more	
  test	
  sets!	
  test1,	
  test2,	
  etc.	
  

•  experimental	
  credibility	
  is	
  a	
  huge	
  component	
  of	
  doing	
  
useful	
  research	
  

•  when	
  you	
  publish	
  a	
  result,	
  it	
  had	
  beXer	
  be	
  replicable	
  
without	
  tuning	
  anything	
  on	
  test	
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Don’t	
  Cheat!	
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