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Assignment	
  1	
  
•  do	
  not	
  increment	
  counts	
  for	
  the	
  center	
  word	
  
when	
  counDng	
  context	
  words:	
  

<s> the cat ran . </s>	
  
•  for	
  center	
  word	
  cat,	
  do	
  not	
  increment	
  count	
  
for	
  (cat, cat) 

•  sorry	
  for	
  not	
  making	
  this	
  clearer	
  in	
  the	
  
assignment	
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Roadmap	
  
•  words,	
  morphology,	
  lexical	
  semanDcs	
  
•  text	
  classificaDon	
  
•  simple	
  neural	
  methods	
  for	
  NLP	
  
•  language	
  modeling	
  and	
  word	
  embeddings	
  
•  recurrent/recursive/convoluDonal	
  networks	
  in	
  NLP	
  
•  sequence	
  labeling,	
  HMMs,	
  dynamic	
  programming	
  
•  syntax	
  and	
  syntacDc	
  parsing	
  
•  semanDcs,	
  composiDonality,	
  semanDc	
  parsing	
  
•  machine	
  translaDon	
  and	
  other	
  NLP	
  tasks	
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•  simplest	
  user-­‐facing	
  NLP	
  applicaDon	
  
•  email	
  (spam,	
  priority,	
  categories):	
  

•  senDment:	
  

•  topic	
  classificaDon	
  
•  others?	
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Text	
  ClassificaDon	
  



Text	
  ClassificaDon	
  
•  datasets	
  
•  classificaDon	
  
– modeling	
  
–  inference	
  
–  learning	
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What	
  is	
  a	
  classifier?	
  
•  a	
  funcDon	
  from	
  inputs	
  x	
  to	
  classificaDon	
  labels	
  y	
  
•  one	
  simple	
  type	
  of	
  classifier:	
  
–  for	
  any	
  input	
  x,	
  assign	
  a	
  score	
  to	
  each	
  label	
  y	
  
	
  
	
  
– classify	
  by	
  choosing	
  highest-­‐scoring	
  label:	
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<latexit sha1_base64="PiixDyocpEc3kQB3/+Cnny8rv6I="></latexit>

<latexit sha1_base64="9KUz6PuSQ5qkBzrhgoo1Rh9DWY4="></latexit>



Modeling,	
  Inference,	
  Learning	
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<latexit sha1_base64="PiixDyocpEc3kQB3/+Cnny8rv6I="></latexit>



Modeling,	
  Inference,	
  Learning	
  

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

modeling:	
  define	
  	
  score	
  funcDon	
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<latexit sha1_base64="PiixDyocpEc3kQB3/+Cnny8rv6I="></latexit>



Modeling,	
  Inference,	
  Learning	
  

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

inference:	
  solve	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  _	
  	
   modeling:	
  define	
  	
  score	
  funcDon	
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<latexit sha1_base64="PiixDyocpEc3kQB3/+Cnny8rv6I="></latexit>



Modeling,	
  Inference,	
  Learning	
  

•  Learning:	
  How	
  do	
  we	
  choose	
  the	
  weights	
  w?	
  

modeling:	
  define	
  	
  score	
  funcDon	
  inference:	
  solve	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  _	
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<latexit sha1_base64="PiixDyocpEc3kQB3/+Cnny8rv6I="></latexit>

learning:	
  choose	
  	
  _	
  <latexit sha1_base64="yOyhPxgJO29qnZ47rBaW9rSuq+8="></latexit>



Text	
  ClassificaDon	
  
•  datasets	
  
•  classificaDon	
  
– modeling	
  
–  inference	
  
–  learning	
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Linear	
  Models	
  
•  parameters	
  are	
  arranged	
  in	
  a	
  vector	
  
•  score	
  funcDon	
  is	
  linear	
  in	
  	
  	
  	
  	
  	
  :	
  

•  	
  	
  	
  :	
  vector	
  of	
  feature	
  funcDons	
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<latexit sha1_base64="lKIQLfZYzyDrTWuc/qkUQ0qS4Yg="></latexit>

<latexit sha1_base64="YNjBtXhJTBE6HI9zWs2xNQ5btQo="></latexit>

<latexit sha1_base64="aQO2tla1/CsQLX09gU6hN7+xm94="></latexit>

<latexit sha1_base64="YNjBtXhJTBE6HI9zWs2xNQ5btQo="></latexit>



•  all	
  features	
  look	
  at	
  the	
  label	
  y!	
  

•  this	
  may	
  be	
  different	
  from	
  what	
  you’re	
  used	
  to	
  
– when	
  using	
  dense	
  feature	
  vectors	
  in	
  machine	
  
learning,	
  the	
  machine	
  learning	
  algorithm	
  may	
  create	
  
weights	
  for	
  every	
  output	
  label	
  for	
  every	
  feature	
  

e.g.,	
  you	
  specify	
  a	
  feature	
  like:	
  

and	
  then	
  the	
  ML	
  code	
  creates	
  weights	
  for	
  all	
  labels	
  for	
  
this	
  feature:	
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•  all	
  features	
  look	
  at	
  the	
  label	
  y!	
  

•  this	
  may	
  be	
  different	
  from	
  what	
  you’re	
  used	
  to	
  
– when	
  using	
  dense	
  feature	
  vectors	
  in	
  machine	
  
learning,	
  the	
  machine	
  learning	
  algorithm	
  may	
  create	
  
weights	
  for	
  every	
  output	
  label	
  for	
  every	
  feature	
  

–  e.g.,	
  you	
  specify	
  a	
  feature	
  like:	
  

–  and	
  then	
  the	
  ML	
  code	
  creates	
  weights	
  for	
  all	
  labels	
  for	
  
this	
  feature:	
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<latexit sha1_base64="BHthjqikkuofjgRp1xqkDWM5BqA="></latexit>



Example:	
  Part-­‐of-­‐Speech	
  Tagging	
  
•  there	
  are	
  45	
  part-­‐of-­‐speech	
  (POS)	
  tags	
  in	
  the	
  
Penn	
  Treebank	
  

•  we	
  don’t	
  want	
  to	
  create	
  features	
  for	
  all	
  45*|V|	
  
combinaDons	
  of	
  tags	
  and	
  words	
  
–  too	
  many	
  features	
  to	
  store	
  in	
  memory	
  and	
  too	
  many	
  
feature	
  weights	
  to	
  learn	
  

•  most	
  words	
  appear	
  with	
  <=	
  3	
  unique	
  POS	
  tags	
  in	
  
the	
  training	
  set	
  

•  so	
  we	
  use	
  feature	
  count	
  cut-­‐offs	
  and	
  only	
  create	
  
features	
  for	
  combinaDons	
  that	
  appear	
  enough	
  
Dmes	
  in	
  the	
  training	
  data	
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Text	
  ClassificaDon	
  
•  datasets	
  
•  classificaDon	
  
– modeling	
  
–  inference	
  
–  learning	
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Modeling,	
  Inference,	
  Learning	
  

•  Learning:	
  How	
  should	
  we	
  choose	
  values	
  for	
  
the	
  weights?	
  

modeling:	
  define	
  	
  score	
  funcDon	
  inference:	
  solve	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  _	
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<latexit sha1_base64="PiixDyocpEc3kQB3/+Cnny8rv6I="></latexit>

learning:	
  choose	
  	
  _	
  <latexit sha1_base64="yOyhPxgJO29qnZ47rBaW9rSuq+8="></latexit>



Text	
  ClassificaDon	
  
•  modeling	
  
•  inference	
  
•  learning	
  
– empirical	
  risk	
  minimizaDon	
  
– surrogate	
  loss	
  funcDons	
  
– gradient-­‐based	
  opDmizaDon	
  

18	
  



Learning:	
  Empirical	
  Risk	
  MinimizaDon	
  
•  In	
  a	
  machine	
  learning	
  course,	
  you	
  learn	
  about	
  
many	
  different	
  learning	
  frameworks	
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Learning:	
  Empirical	
  Risk	
  MinimizaDon	
  
•  In	
  a	
  machine	
  learning	
  course,	
  you	
  learn	
  about	
  
many	
  different	
  learning	
  frameworks	
  

•  Since	
  we	
  have	
  limited	
  Dme,	
  we	
  will	
  be	
  greedy	
  
and	
  focus	
  on	
  a	
  single	
  framework	
  that	
  
maximizes	
  

	
  	
  	
  	
  	
  
	
  	
  	
  	
  (for	
  some	
  posiDve	
  constants	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  )	
  
	
  	
  	
  	
  	
  We	
  will	
  start	
  it	
  today	
  but	
  conDnue	
  to	
  add	
  to	
  it	
  later	
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Cost	
  FuncDons	
  
•  cost	
  funcDon:	
  scores	
  outputs	
  against	
  a	
  gold	
  standard	
  

•  should	
  be	
  as	
  close	
  as	
  possible	
  to	
  the	
  actual	
  
evaluaDon	
  metric	
  for	
  your	
  task	
  

•  usual	
  convenDons:	
  
•  for	
  classificaDon,	
  what	
  cost	
  should	
  we	
  use?	
  

	
  
•  how	
  about	
  for	
  other	
  NLP	
  tasks?	
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Cost	
  FuncDons	
  
•  cost	
  funcDon:	
  scores	
  outputs	
  against	
  a	
  gold	
  standard	
  

•  should	
  be	
  as	
  close	
  as	
  possible	
  to	
  the	
  actual	
  
evaluaDon	
  metric	
  for	
  your	
  task	
  

•  for	
  classificaDon,	
  what	
  cost	
  should	
  we	
  use?	
  

	
  
•  how	
  about	
  for	
  other	
  NLP	
  tasks?	
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Cost	
  FuncDons	
  
•  cost	
  funcDon:	
  scores	
  outputs	
  against	
  a	
  gold	
  standard	
  

•  should	
  be	
  as	
  close	
  as	
  possible	
  to	
  the	
  actual	
  
evaluaDon	
  metric	
  for	
  your	
  task	
  

•  for	
  classificaDon,	
  what	
  cost	
  should	
  we	
  use?	
  

	
  
•  how	
  about	
  for	
  other	
  NLP	
  tasks?	
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Risk	
  MinimizaDon	
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•  given	
  training	
  data:	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  
	
  	
  	
  	
  where	
  each	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  is	
  a	
  label	
  
•  assume	
  data	
  is	
  drawn	
  iid	
  (independently	
  and	
  idenDcally	
  
distributed)	
  from	
  (unknown)	
  joint	
  distribuDon	
  	
  



Risk	
  MinimizaDon	
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•  given	
  training	
  data:	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  
	
  	
  	
  	
  where	
  each	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  is	
  a	
  label	
  
•  assume	
  data	
  is	
  drawn	
  iid	
  (independently	
  and	
  idenDcally	
  
distributed)	
  from	
  (unknown)	
  joint	
  distribuDon	
  	
  

•  we	
  want	
  to	
  solve	
  the	
  following:	
  

<latexit sha1_base64="gw4IUg4VPUfcV/XZvj8E4+Njp3g="></latexit>



Risk	
  MinimizaDon	
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•  given	
  training	
  data:	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  
	
  	
  	
  	
  where	
  each	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  is	
  a	
  label	
  
•  assume	
  data	
  is	
  drawn	
  iid	
  (independently	
  and	
  idenDcally	
  
distributed)	
  from	
  (unknown)	
  joint	
  distribuDon	
  	
  

•  we	
  want	
  to	
  solve	
  the	
  following:	
  

problem:	
  P	
  is	
  unknown	
  

<latexit sha1_base64="gw4IUg4VPUfcV/XZvj8E4+Njp3g="></latexit>



Empirical	
  Risk	
  MinimizaDon	
  
(Vapnik	
  et	
  al.)	
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•  replace	
  expectaDon	
  with	
  sum	
  over	
  examples:	
  

<latexit sha1_base64="gw4IUg4VPUfcV/XZvj8E4+Njp3g="></latexit>

<latexit sha1_base64="l+fv8Yr+4fBaMduTWZrwn4EJPFY="></latexit>



Empirical	
  Risk	
  MinimizaDon	
  
(Vapnik	
  et	
  al.)	
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•  replace	
  expectaDon	
  with	
  sum	
  over	
  examples:	
  

<latexit sha1_base64="gw4IUg4VPUfcV/XZvj8E4+Njp3g="></latexit>

<latexit sha1_base64="l+fv8Yr+4fBaMduTWZrwn4EJPFY="></latexit>

problem:	
  NP-­‐hard	
  even	
  for	
  binary	
  
classificaDon	
  with	
  linear	
  models	
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soluDon:	
  replace	
  “cost	
  loss”	
  (also	
  
called	
  “0-­‐1”	
  loss)	
  with	
  a	
  surrogate	
  
funcDon	
  that	
  is	
  easier	
  to	
  opDmize	
  

generalize	
  to	
  permit	
  any	
  loss	
  funcDon	
  

<latexit sha1_base64="l+fv8Yr+4fBaMduTWZrwn4EJPFY="></latexit>

<latexit sha1_base64="+c1cS45KS/cbifsKnZeNln7PWlo="></latexit>



30	
  

soluDon:	
  replace	
  “cost	
  loss”	
  (also	
  
called	
  “0-­‐1”	
  loss)	
  with	
  a	
  surrogate	
  
funcDon	
  that	
  is	
  easier	
  to	
  opDmize	
  

generalize	
  to	
  permit	
  any	
  loss	
  funcDon	
  

<latexit sha1_base64="l+fv8Yr+4fBaMduTWZrwn4EJPFY="></latexit>

<latexit sha1_base64="+c1cS45KS/cbifsKnZeNln7PWlo="></latexit>

cost	
  loss	
  /	
  0-­‐1	
  loss:	
  
<latexit sha1_base64="5TLEf4E8sMdcnft37LHRmJcTE6I="></latexit>



Text	
  ClassificaDon	
  
•  modeling	
  
•  inference	
  
•  learning	
  
– empirical	
  risk	
  minimizaDon	
  
– surrogate	
  loss	
  funcDons	
  
– gradient-­‐based	
  opDmizaDon	
  

31	
  



Surrogate	
  Loss	
  FuncDons	
  

32	
  

cost	
  loss	
  /	
  0-­‐1	
  loss:	
  

why	
  is	
  this	
  so	
  difficult	
  to	
  opDmize?	
  

<latexit sha1_base64="5TLEf4E8sMdcnft37LHRmJcTE6I="></latexit>



Surrogate	
  Loss	
  FuncDons	
  

33	
  

cost	
  loss	
  /	
  0-­‐1	
  loss:	
  

why	
  is	
  this	
  so	
  difficult	
  to	
  opDmize?	
  
not	
  necessarily	
  conDnuous,	
  can’t	
  use	
  

gradient-­‐based	
  opDmizaDon	
  

<latexit sha1_base64="5TLEf4E8sMdcnft37LHRmJcTE6I="></latexit>



Surrogate	
  Loss	
  FuncDons	
  

34	
  

cost	
  loss	
  /	
  0-­‐1	
  loss:	
  

max-­‐score	
  loss:	
  

<latexit sha1_base64="5TLEf4E8sMdcnft37LHRmJcTE6I="></latexit>

<latexit sha1_base64="bz3kGcbBEDQwdle93LkKclci46Q="></latexit>



Surrogate	
  Loss	
  FuncDons	
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cost	
  loss	
  /	
  0-­‐1	
  loss:	
  

max-­‐score	
  loss:	
  

this	
  is	
  conDnuous,	
  but	
  what	
  are	
  its	
  drawbacks?	
  

<latexit sha1_base64="5TLEf4E8sMdcnft37LHRmJcTE6I="></latexit>

<latexit sha1_base64="bz3kGcbBEDQwdle93LkKclci46Q="></latexit>



Surrogate	
  Loss	
  FuncDons	
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cost	
  loss	
  /	
  0-­‐1	
  loss:	
  

max-­‐score	
  loss:	
  

perceptron	
  loss:	
  

<latexit sha1_base64="5TLEf4E8sMdcnft37LHRmJcTE6I="></latexit>

<latexit sha1_base64="bz3kGcbBEDQwdle93LkKclci46Q="></latexit>

<latexit sha1_base64="HBW5Hx1GB0gZRFhUxK3OYNHvvOc="></latexit>



Surrogate	
  Loss	
  FuncDons	
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cost	
  loss	
  /	
  0-­‐1	
  loss:	
  

max-­‐score	
  loss:	
  

perceptron	
  loss:	
  

loss	
  funcDon	
  underlying	
  perceptron	
  algorithm	
  
(Rosenblam,	
  1957-­‐58)	
  

<latexit sha1_base64="5TLEf4E8sMdcnft37LHRmJcTE6I="></latexit>

<latexit sha1_base64="bz3kGcbBEDQwdle93LkKclci46Q="></latexit>

<latexit sha1_base64="HBW5Hx1GB0gZRFhUxK3OYNHvvOc="></latexit>



Surrogate	
  Loss	
  FuncDons	
  

38	
  

cost	
  loss	
  /	
  0-­‐1	
  loss:	
  

hinge	
  loss:	
  

perceptron	
  loss:	
  

<latexit sha1_base64="5TLEf4E8sMdcnft37LHRmJcTE6I="></latexit>

<latexit sha1_base64="HBW5Hx1GB0gZRFhUxK3OYNHvvOc="></latexit>

<latexit sha1_base64="eWUyloZHeipCOpzktAmw/oouf6U=">AAA1znicnVtbc922EZbdW6rekvYxL3QlTezoUh2nTjPJeCaKrdqtHVW15VwsyhqQxOGBxZsB8FzMsH3tD+qf6b/pLsBzSAKgJEcztgjg28VisbtYXBQUCRNyf/9/N27+5Kc/+/kv3vvl+q9+/Zvf/u79D37/jchLHtIXYZ7k/LuACJqwjL6QTCb0u4JTkgYJ/Ta4eIDt304pFyzPTuSioGcpiTM2ZiGRUHX+wY3/bmVJMfrsc2 </latexit>



Surrogate	
  Loss	
  FuncDons	
  

39	
  

cost	
  loss	
  /	
  0-­‐1	
  loss:	
  

hinge	
  loss:	
  

perceptron	
  loss:	
  

loss	
  funcDon	
  underlying	
  support	
  vector	
  machines	
  

<latexit sha1_base64="5TLEf4E8sMdcnft37LHRmJcTE6I="></latexit>

<latexit sha1_base64="HBW5Hx1GB0gZRFhUxK3OYNHvvOc="></latexit>

<latexit sha1_base64="eWUyloZHeipCOpzktAmw/oouf6U=">AAA1znicnVtbc922EZbdW6rekvYxL3QlTezoUh2nTjPJeCaKrdqtHVW15VwsyhqQxOGBxZsB8FzMsH3tD+qf6b/pLsBzSAKgJEcztgjg28VisbtYXBQUCRNyf/9/N27+5Kc/+/kv3vvl+q9+/Zvf/u79D37/jchLHtIXYZ7k/LuACJqwjL6QTCb0u4JTkgYJ/Ta4eIDt304pFyzPTuSioGcpiTM2ZiGRUHX+wY3/bmVJMfrsc2 </latexit>



Surrogate	
  Loss	
  FuncDons	
  

40	
  

cost	
  loss	
  /	
  0-­‐1	
  loss:	
  

hinge	
  loss:	
  

perceptron	
  loss:	
  

hinge	
  loss	
  for	
  our	
  classificaDon	
  senng:	
  

tunable	
  hyperparameter	
  

<latexit sha1_base64="5TLEf4E8sMdcnft37LHRmJcTE6I="></latexit>

<latexit sha1_base64="HBW5Hx1GB0gZRFhUxK3OYNHvvOc="></latexit>

<latexit sha1_base64="eWUyloZHeipCOpzktAmw/oouf6U=">AAA1znicnVtbc922EZbdW6rekvYxL3QlTezoUh2nTjPJeCaKrdqtHVW15VwsyhqQxOGBxZsB8FzMsH3tD+qf6b/pLsBzSAKgJEcztgjg28VisbtYXBQUCRNyf/9/N27+5Kc/+/kv3vvl+q9+/Zvf/u79D37/jchLHtIXYZ7k/LuACJqwjL6QTCb0u4JTkgYJ/Ta4eIDt304pFyzPTuSioGcpiTM2ZiGRUHX+wY3/bmVJMfrsc2 </latexit>

<latexit sha1_base64="xguTa2p2ggIBnvKiMwqpmrIAPO0=">AAA19nicnVtbc922EZbdW6rekvaxL0wlTeToUh2nTjPJeCaKrdqdOKpqy7lYlDUgicMDizcD4LmYYX9K3zp97d/pTH9MdwGeQxIAJTmasUUA3y52F4vF4qKgSJiQBwf/vXX7Rz/+yU9/9s7P13/xy1/9+jfvvvfbr0Ve8pA+D/Mk598GRNCEZfS5ZDKh3xackjRI6DfB5QNs/2ZKuWB5dioXBT1PSZyxMQuJhKqL9279bytLit </latexit>



VisualizaDon	
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for	
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  input	
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<latexit sha1_base64="bz3kGcbBEDQwdle93LkKclci46Q="></latexit>
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or
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gold	
  standard	
  

<latexit sha1_base64="bz3kGcbBEDQwdle93LkKclci46Q="></latexit>
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sc
or
e	
  

gold	
  standard	
  

effect	
  of	
  learning?	
  

<latexit sha1_base64="bz3kGcbBEDQwdle93LkKclci46Q="></latexit>



<latexit sha1_base64="bz3kGcbBEDQwdle93LkKclci46Q="></latexit>
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sc
or
e	
  

gold	
  standard	
  

effect	
  of	
  learning:	
  
score	
  of	
  gold	
  standard	
  

will	
  go	
  to	
  infinity	
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perceptron	
  loss:	
  

<latexit sha1_base64="HBW5Hx1GB0gZRFhUxK3OYNHvvOc="></latexit>
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e	
  

gold	
  standard	
  

perceptron	
  loss:	
  

<latexit sha1_base64="HBW5Hx1GB0gZRFhUxK3OYNHvvOc="></latexit>
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gold	
  standard	
  

perceptron	
  loss:	
  

<latexit sha1_base64="HBW5Hx1GB0gZRFhUxK3OYNHvvOc="></latexit>
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or
e	
  

gold	
  standard	
  

perceptron	
  loss:	
  

effect	
  of	
  learning?	
  

<latexit sha1_base64="HBW5Hx1GB0gZRFhUxK3OYNHvvOc="></latexit>
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sc
or
e	
  

gold	
  standard	
  

perceptron	
  loss:	
  

effect	
  of	
  learning:	
  
gold	
  standard	
  will	
  
have	
  highest	
  score	
  

<latexit sha1_base64="HBW5Hx1GB0gZRFhUxK3OYNHvvOc="></latexit>
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hinge	
  loss:	
  

<latexit sha1_base64="eWUyloZHeipCOpzktAmw/oouf6U=">AAA1znicnVtbc922EZbdW6rekvYxL3QlTezoUh2nTjPJeCaKrdqtHVW15VwsyhqQxOGBxZsB8FzMsH3tD+qf6b/pLsBzSAKgJEcztgjg28VisbtYXBQUCRNyf/9/N27+5Kc/+/kv3vvl+q9+/Zvf/u79D37/jchLHtIXYZ7k/LuACJqwjL6QTCb0u4JTkgYJ/Ta4eIDt304pFyzPTuSioGcpiTM2ZiGRUHX+wY3/bmVJMfrsc2 </latexit>
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  loss:	
  

<latexit sha1_base64="eWUyloZHeipCOpzktAmw/oouf6U=">AAA1znicnVtbc922EZbdW6rekvYxL3QlTezoUh2nTjPJeCaKrdqtHVW15VwsyhqQxOGBxZsB8FzMsH3tD+qf6b/pLsBzSAKgJEcztgjg28VisbtYXBQUCRNyf/9/N27+5Kc/+/kv3vvl+q9+/Zvf/u79D37/jchLHtIXYZ7k/LuACJqwjL6QTCb0u4JTkgYJ/Ta4eIDt304pFyzPTuSioGcpiTM2ZiGRUHX+wY3/bmVJMfrsc2 </latexit>
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  loss:	
  

<latexit sha1_base64="eWUyloZHeipCOpzktAmw/oouf6U=">AAA1znicnVtbc922EZbdW6rekvYxL3QlTezoUh2nTjPJeCaKrdqtHVW15VwsyhqQxOGBxZsB8FzMsH3tD+qf6b/pLsBzSAKgJEcztgjg28VisbtYXBQUCRNyf/9/N27+5Kc/+/kv3vvl+q9+/Zvf/u79D37/jchLHtIXYZ7k/LuACJqwjL6QTCb0u4JTkgYJ/Ta4eIDt304pFyzPTuSioGcpiTM2ZiGRUHX+wY3/bmVJMfrsc2 </latexit>
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  standard	
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  loss:	
  

<latexit sha1_base64="eWUyloZHeipCOpzktAmw/oouf6U=">AAA1znicnVtbc922EZbdW6rekvYxL3QlTezoUh2nTjPJeCaKrdqtHVW15VwsyhqQxOGBxZsB8FzMsH3tD+qf6b/pLsBzSAKgJEcztgjg28VisbtYXBQUCRNyf/9/N27+5Kc/+/kv3vvl+q9+/Zvf/u79D37/jchLHtIXYZ7k/LuACJqwjL6QTCb0u4JTkgYJ/Ta4eIDt304pFyzPTuSioGcpiTM2ZiGRUHX+wY3/bmVJMfrsc2 </latexit>

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	
  

<latexit sha1_base64="eWUyloZHeipCOpzktAmw/oouf6U=">AAA1znicnVtbc922EZbdW6rekvYxL3QlTezoUh2nTjPJeCaKrdqtHVW15VwsyhqQxOGBxZsB8FzMsH3tD+qf6b/pLsBzSAKgJEcztgjg28VisbtYXBQUCRNyf/9/N27+5Kc/+/kv3vvl+q9+/Zvf/u79D37/jchLHtIXYZ7k/LuACJqwjL6QTCb0u4JTkgYJ/Ta4eIDt304pFyzPTuSioGcpiTM2ZiGRUHX+wY3/bmVJMfrsc2 </latexit>



Log	
  Loss	
  

•  minimize	
  negaDve	
  log	
  of	
  condiDonal	
  
probability	
  of	
  output	
  given	
  input	
  
– someDmes	
  called	
  “maximizing	
  condiDonal	
  
likelihood”	
  

•  but	
  wait,	
  we	
  don’t	
  have	
  a	
  probabilisDc	
  model,	
  
we	
  just	
  have	
  a	
  score	
  funcDon	
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<latexit sha1_base64="1K19GnJY8qaTweaZyVQGz8ikBsM="></latexit>



Score	
  à	
  Probability	
  
•  can	
  turn	
  score	
  into	
  probability	
  by	
  
exponenDaDng	
  (to	
  make	
  it	
  posiDve)	
  and	
  
normalizing:	
  

•  this	
  is	
  open	
  called	
  a	
  “sopmax”	
  funcDon	
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<latexit sha1_base64="e5Tns8SSiTiFuP9ZWL+5QHNw+1Y="></latexit>

<latexit sha1_base64="D4rfY/yHMVsC2/rARowmgD6rfYY="></latexit>



Log	
  Loss	
  

•  similar	
  to	
  perceptron	
  loss!	
  
•  replace	
  max	
  with	
  “sopmax”	
  (a	
  different	
  kind	
  of	
  
sopmax)	
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<latexit sha1_base64="/dYDv4hH8CYCVGBtEw6y59W6kAw=">AAA3DnicrVtbcx05EfZuuJrrwiMvAttsQmzjk4WwBZUqTBISarMm5LLsrsdJaWZ05iieWyTNuWR2qOIVXvg1vFG88hf4H/wAuqU5Z2Ykje1QeCvrkfR1q9XqbrUuDsuUS3V09O933r32pS9/5atf+/r2N775rW9/57vvfe8TWVQiYs+jIi3EpyGVLOU5e664StmnpWA0C1P2x/D8Lrb/cc6E5EX+TK1KdpbRJOdTHlEFVS/fe/ </latexit>

<latexit sha1_base64="HBW5Hx1GB0gZRFhUxK3OYNHvvOc="></latexit>



Log	
  Loss	
  

•  similar	
  to	
  perceptron	
  loss!	
  
•  just	
  replace	
  max	
  with	
  sopmax	
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<latexit sha1_base64="/dYDv4hH8CYCVGBtEw6y59W6kAw=">AAA3DnicrVtbcx05EfZuuJrrwiMvAttsQmzjk4WwBZUqTBISarMm5LLsrsdJaWZ05iieWyTNuWR2qOIVXvg1vFG88hf4H/wAuqU5Z2Ykje1QeCvrkfR1q9XqbrUuDsuUS3V09O933r32pS9/5atf+/r2N775rW9/57vvfe8TWVQiYs+jIi3EpyGVLOU5e664StmnpWA0C1P2x/D8Lrb/cc6E5EX+TK1KdpbRJOdTHlEFVS/fe/ </latexit>

<latexit sha1_base64="HBW5Hx1GB0gZRFhUxK3OYNHvvOc="></latexit>

log	
  loss	
  is	
  used	
  in:	
  
logisDc	
  regression	
  classifiers,	
  
condiDonal	
  random	
  fields,	
  

maximum	
  entropy	
  (“maxent”)	
  models	
  



Log	
  Loss	
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<latexit sha1_base64="/dYDv4hH8CYCVGBtEw6y59W6kAw=">AAA3DnicrVtbcx05EfZuuJrrwiMvAttsQmzjk4WwBZUqTBISarMm5LLsrsdJaWZ05iieWyTNuWR2qOIVXvg1vFG88hf4H/wAuqU5Z2Ykje1QeCvrkfR1q9XqbrUuDsuUS3V09O933r32pS9/5atf+/r2N775rW9/57vvfe8TWVQiYs+jIi3EpyGVLOU5e664StmnpWA0C1P2x/D8Lrb/cc6E5EX+TK1KdpbRJOdTHlEFVS/fe/ </latexit>

<latexit sha1_base64="HBW5Hx1GB0gZRFhUxK3OYNHvvOc="></latexit>

•  issue:	
  can	
  be	
  very	
  expensive	
  due	
  to	
  
summaDon	
  over	
  all	
  possible	
  outputs!	
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<latexit sha1_base64="+c1cS45KS/cbifsKnZeNln7PWlo="></latexit>

<latexit sha1_base64="gw4IUg4VPUfcV/XZvj8E4+Njp3g="></latexit>

Empirical	
  Risk	
  MinimizaDon	
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<latexit sha1_base64="gw4IUg4VPUfcV/XZvj8E4+Njp3g="></latexit>

Regularized	
  Empirical	
  Risk	
  MinimizaDon	
  

<latexit sha1_base64="gc1Jn7g2YNRFP8B4oCakOuipDkI="></latexit>
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<latexit sha1_base64="gw4IUg4VPUfcV/XZvj8E4+Njp3g="></latexit>

Regularized	
  Empirical	
  Risk	
  MinimizaDon	
  

<latexit sha1_base64="gc1Jn7g2YNRFP8B4oCakOuipDkI="></latexit>

regulariza8on	
  
term	
  

regulariza8on	
  
strength	
  



RegularizaDon	
  Terms	
  

•  most	
  common:	
  penalize	
  large	
  parameter	
  values	
  
•  intuiDon:	
  large	
  parameters	
  might	
  be	
  instances	
  of	
  
overfinng	
  

•  examples:	
  
L2	
  regulariza8on:	
  
(also	
  called	
  Tikhonov	
  regularizaDon	
  	
  
or	
  ridge	
  regression)	
  

L1	
  regulariza8on:	
  
(also	
  called	
  basis	
  pursuit	
  or	
  LASSO)	
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<latexit sha1_base64="gc1Jn7g2YNRFP8B4oCakOuipDkI="></latexit>



RegularizaDon	
  Terms	
  

L2	
  regulariza8on:	
  
	
  
differenDable,	
  widely-­‐used	
  
	
  
	
  

L1	
  regulariza8on:	
  
	
  
not	
  differenDable	
  (but	
  is	
  subdifferenDable)	
  
leads	
  to	
  sparse	
  soluDons	
  (many	
  parameters	
  become	
  zero!)	
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<latexit sha1_base64="oDthNrUw6mGhvxjt3tIPx3Ep0g0="></latexit>

RL1(w) = ||w||1 =
X

i

|wi|
<latexit sha1_base64="vMgZeJ4O6GBkLoPuaJ1Km0QYLIc="></latexit><latexit sha1_base64="vMgZeJ4O6GBkLoPuaJ1Km0QYLIc="></latexit><latexit sha1_base64="vMgZeJ4O6GBkLoPuaJ1Km0QYLIc="></latexit><latexit sha1_base64="vMgZeJ4O6GBkLoPuaJ1Km0QYLIc="></latexit>



Text	
  ClassificaDon	
  
•  modeling	
  
•  inference	
  
•  learning	
  
– empirical	
  risk	
  minimizaDon	
  
– surrogate	
  loss	
  funcDons	
  
– gradient-­‐based	
  opDmizaDon	
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Gradient	
  Descent	
  
•  minimizes	
  a	
  funcDon	
  F	
  by	
  taking	
  steps	
  in	
  proporDon	
  
to	
  the	
  negaDve	
  of	
  the	
  gradient:	
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  :	
  stepsize	
  at	
  iteraDon	
  t	
  
	
  

	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  :	
  gradient	
  of	
  
objecDve	
  funcDon	
  
	
  

Gradient	
  Descent	
  
•  minimizes	
  a	
  funcDon	
  F	
  by	
  taking	
  steps	
  in	
  proporDon	
  
to	
  the	
  negaDve	
  of	
  the	
  gradient:	
  

•  with	
  condiDons	
  on	
  stepsize	
  and	
  objecDve	
  funcDon,	
  
will	
  converge	
  to	
  local	
  minimum	
  

72	
  



	
  	
  	
  	
  	
  	
  	
  	
  :	
  stepsize	
  at	
  iteraDon	
  t	
  
	
  

	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  :	
  gradient	
  of	
  
objecDve	
  funcDon	
  
	
  

Gradient	
  Descent	
  
•  minimizes	
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  funcDon	
  F	
  by	
  taking	
  steps	
  in	
  proporDon	
  
to	
  the	
  negaDve	
  of	
  the	
  gradient:	
  

•  with	
  condiDons	
  on	
  stepsize	
  and	
  objecDve	
  funcDon,	
  
will	
  converge	
  to	
  local	
  minimum	
  

73	
  

to	
  speed	
  convergence,	
  
can	
  use	
  line	
  search	
  to	
  
choose	
  bemer	
  stepsizes;	
  
also	
  see	
  L-­‐BFGS	
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•  minimizes	
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  by	
  taking	
  steps	
  in	
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to	
  the	
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  of	
  the	
  gradient:	
  

•  with	
  condiDons	
  on	
  stepsize	
  and	
  objecDve	
  funcDon,	
  
will	
  converge	
  to	
  local	
  minimum	
  

74	
  

to	
  speed	
  convergence,	
  
can	
  use	
  line	
  search	
  to	
  
choose	
  bemer	
  stepsizes;	
  
also	
  see	
  L-­‐BFGS	
  

efficiency	
  concern:	
  F	
  is	
  a	
  sum	
  
over	
  all	
  training	
  examples!	
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  by	
  taking	
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to	
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  gradient:	
  

•  with	
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  on	
  stepsize	
  and	
  objecDve	
  funcDon,	
  
will	
  converge	
  to	
  local	
  minimum	
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to	
  speed	
  convergence,	
  
can	
  use	
  line	
  search	
  to	
  
choose	
  bemer	
  stepsizes;	
  
also	
  see	
  L-­‐BFGS	
  

efficiency	
  concern:	
  F	
  is	
  a	
  sum	
  
over	
  all	
  training	
  examples!	
  	
  

	
  

every	
  parameter	
  update	
  
requires	
  iteraDng	
  through	
  

enDre	
  training	
  set	
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Gradient	
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•  minimizes	
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  funcDon	
  F	
  by	
  taking	
  steps	
  in	
  proporDon	
  
to	
  the	
  negaDve	
  of	
  the	
  gradient:	
  

•  with	
  condiDons	
  on	
  stepsize	
  and	
  objecDve	
  funcDon,	
  
will	
  converge	
  to	
  local	
  minimum	
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to	
  speed	
  convergence,	
  
can	
  use	
  line	
  search	
  to	
  
choose	
  bemer	
  stepsizes;	
  
also	
  see	
  L-­‐BFGS	
  

efficiency	
  concern:	
  F	
  is	
  a	
  sum	
  
over	
  all	
  training	
  examples!	
  	
  

	
  

every	
  parameter	
  update	
  
requires	
  iteraDng	
  through	
  

enDre	
  training	
  set	
  
	
  

“batch”	
  algorithm	
  



StochasDc	
  Gradient	
  Descent	
  
•  applicable	
  when	
  objecDve	
  funcDon	
  is	
  a	
  sum	
  
•  like	
  gradient	
  descent,	
  except	
  calculates	
  gradient	
  on	
  a	
  
single	
  example	
  at	
  a	
  Dme	
  (“online”)	
  or	
  on	
  a	
  small	
  set	
  
of	
  examples	
  (“mini-­‐batch”)	
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StochasDc	
  Gradient	
  Descent	
  
•  applicable	
  when	
  objecDve	
  funcDon	
  is	
  a	
  sum	
  
•  like	
  gradient	
  descent,	
  except	
  calculates	
  gradient	
  on	
  a	
  
single	
  example	
  at	
  a	
  Dme	
  (“online”)	
  or	
  on	
  a	
  small	
  set	
  
of	
  examples	
  (“mini-­‐batch”)	
  

•  converges	
  much	
  faster	
  than	
  (batch)	
  gradient	
  descent	
  
•  with	
  condiDons	
  on	
  stepsize	
  and	
  objecDve	
  funcDon,	
  
will	
  converge	
  to	
  local	
  minimum	
  

•  there	
  are	
  many	
  popular	
  variants:	
  	
  
	
  	
  	
  	
  	
  SGD+momentum,	
  AdaGrad,	
  AdaDelta,	
  Adam,	
  RMSprop,	
  etc.	
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What	
  if	
  F	
  is	
  not	
  differenDable?	
  
•  some	
  loss	
  funcDons	
  are	
  not	
  differenDable:	
  

	
  

•  but	
  they	
  are	
  subdifferenDable,	
  so	
  we	
  can	
  compute	
  
subgradients	
  and	
  use	
  (stochasDc)	
  subgradient	
  
descent	
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<latexit sha1_base64="HBW5Hx1GB0gZRFhUxK3OYNHvvOc=">AAA1zXicnVtbc922EZbdW6rekvatfWEraSLHkqrj1GkmGc9EsVW7jaKotpyLRVkDkjg8sHgzAJ6LGea1P6i/pv+muwDPIQmAkhxlHBHAt4vFYnexuCgoEibk/v7/bt3+yU9/9vNfvPPL9V/9+je//d277/3+a5GXPKTPwzzJ+bcBETRhGX0umUzotwWnJA0S+k1w+RDbv5lSLliencpFQc9TEmdszEIioerivVv/3cqSYvTxJ1 </latexit>
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SubderivaDves	
  
•  subderivaDve:	
  generalizaDon	
  of	
  derivaDve	
  for	
  
nondifferenDable,	
  convex	
  funcDons	
  

•  there	
  may	
  be	
  mulDple	
  	
  
	
  	
  	
  	
  subderivaDves	
  at	
  a	
  point	
  	
  
	
  	
  	
  	
  (red	
  lines)	
  
	
  
•  this	
  set	
  is	
  called	
  the	
  subdifferenDal	
  
•  a	
  convex	
  funcDon	
  g	
  is	
  differenDable	
  at	
  point	
  x0	
  if	
  and	
  
only	
  if	
  the	
  subdifferenDal	
  of	
  g	
  at	
  x0	
  contains	
  only	
  the	
  
derivaDve	
  of	
  g	
  at	
  x0	
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StochasDc	
  Subgradient	
  Descent	
  
•  just	
  like	
  stochasDc	
  gradient	
  descent,	
  except	
  
replace	
  gradients	
  with	
  subgradients	
  

•  similarly	
  strong	
  theoreDcal	
  guarantees	
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CalculaDng	
  Subgradients	
  
•  at	
  points	
  of	
  differenDability,	
  just	
  use	
  your	
  
rules	
  for	
  calculaDng	
  gradients	
  

•  at	
  points	
  of	
  nondifferenDability,	
  just	
  find	
  a	
  
single	
  subgradient;	
  any	
  subgradient	
  will	
  do	
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Subgradient	
  Examples	
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Subgradient	
  Examples	
  

84	
  



Subgradient	
  Examples	
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•  to	
  find	
  a	
  subgradient	
  of	
  max	
  
of	
  convex	
  funcDons	
  at	
  a	
  point,	
  
choose	
  one	
  funcDon	
  that	
  
achieves	
  the	
  max	
  at	
  that	
  point	
  
and	
  choose	
  any	
  of	
  its	
  
subgradients	
  at	
  the	
  point	
  


