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Roadmap	  
•  intro	  (1	  lecture)	  
•  deep	  learning	  for	  NLP	  (5	  lectures)	  
•  structured	  predic+on	  (4	  lectures)	  

–  introducing/formalizing	  structured	  predic+on,	  categories	  of	  structures	  
–  inference:	  dynamic	  programming,	  greedy	  algorithms,	  beam	  search	  
–  inference	  with	  non-‐local	  features	  
–  learning	  in	  structured	  predic+on	  

•  generaCve	  models,	  latent	  variables,	  unsupervised	  learning,	  
variaConal	  autoencoders	  (2	  lectures)	  

•  Bayesian	  methods	  in	  NLP	  (2	  lectures)	  
•  Bayesian	  nonparametrics	  in	  NLP	  (2	  lectures)	  
•  review	  &	  other	  topics	  (1	  lecture)	  
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Assignments	  
•  Assignment	  2	  due	  in	  one	  week	  
•  for	  the	  report,	  please	  use	  either	  pdf	  format	  or	  a	  
Jupyter	  notebook	  (no	  plain	  text)	  
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modeling:	  define	  	  score	  funcCon	  inference:	  solve	  	  	  	  	  	  	  	  	  	  	  	  	  	  _	  	  
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learning:	  choose	  	  _	  

Modeling,	  Inference,	  Learning	  

<latexit sha1_base64="U0XWf3yzhFHquldGyIzfugBiYwg="></latexit>

<latexit sha1_base64="lvJ5F1yAYQJ0PIMO0ef8s222Bnc="></latexit>

Working	  defini+on	  of	  structured	  predic+on:	  	  
size	  of	  output	  space	  is	  exponenCal	  in	  size	  of	  input	  
or	  is	  unbounded	  (e.g.,	  machine	  translaCon)	  
(we	  can’t	  just	  enumerate	  all	  possible	  outputs)	  



What	  is	  Structured	  PredicCon?	  
•  when	  we	  use	  a	  structured	  scoring	  funcCon	  or	  
structured	  loss	  funcCon	  

•  we	  may	  be	  predicCng	  a	  structure,	  but	  we	  
might	  not	  necessarily	  be	  building	  a	  
“structured	  predictor”	  

•  we	  will	  use	  the	  terms	  “unstructured	  
predictor”	  or	  “local	  predictor”	  in	  such	  cases	  

5	  



Structured	  PredicCon	  
•  a	  structured	  score/loss	  funcCon	  does	  not	  
decompose	  across	  “minimal	  parts”	  of	  output	  

•  to	  apply	  this	  definiCon	  we	  defined	  “parts”	  and	  
“minimal	  parts”	  
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determiner	  	  	  	  	  verb	  (past)	  	  	  	  	  	  prep.	  	  	  proper	  	  	  	  	  proper	  	  	  poss.	  	  	  	  	  adj.	  	  	  	  	  	  	  	  	  	  	  	  	  noun	  
	  	  	  
	  
	  	  	  	  modal	  	  	  	  	  	  	  verb	  	  	  	  det.	  	  	  	  	  	  	  	  	  adjecCve	  	  	  	  	  	  	  	  	  noun	  	  	  	  prep.	  	  	  	  	  	  proper	  	  	  	  	  punc.	  
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determiner	  	  	  	  	  verb	  (past)	  	  	  	  	  	  prep.	  	  	  	  noun	  	  	  	  	  	  	  	  noun	  	  	  	  	  poss.	  	  	  	  	  adj.	  	  	  	  	  	  	  	  	  	  	  	  noun	  
	  	  	  Some	  	  	  	  	  	  quesConed	  	  	  	  	  	  if	  	  	  	  	  	  	  Tim	  	  	  	  	  	  Cook	  	  	  	  	  	  ’s	  	  	  	  	  	  first	  	  	  	  	  	  product	  	  
	  
	  	  	  	  modal	  	  	  	  	  	  	  verb	  	  	  	  det.	  	  	  	  	  	  	  	  	  adjecCve	  	  	  	  	  	  	  	  	  noun	  	  	  	  prep.	  	  	  	  	  	  	  noun	  	  	  	  	  	  punc.	  
	  	  	  would	  	  	  	  	  	  be	  	  	  	  	  	  a	  	  	  	  	  	  breakaway	  	  	  	  	  	  hit	  	  	  	  	  	  for	  	  	  	  	  	  Apple	  	  	  	  	  	  	  	  .	  

Sequence	  Labeling	  
(e.g.,	  Part-‐of-‐Speech	  Tagging)	  



•  parts:	  

•  minimal	  parts:	  
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determiner	  	  	  	  	  verb	  (past)	  	  	  	  	  	  prep.	  	  	  proper	  	  	  	  	  proper	  	  	  poss.	  	  	  	  	  adj.	  	  	  	  	  	  	  	  	  	  	  	  	  noun	  
	  	  	  
	  
	  	  	  	  modal	  	  	  	  	  	  	  verb	  	  	  	  det.	  	  	  	  	  	  	  	  	  adjecCve	  	  	  	  	  	  	  	  	  noun	  	  	  	  prep.	  	  	  	  	  	  proper	  	  	  	  	  punc.	  
	  	  

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

determiner	  	  	  	  	  verb	  (past)	  	  	  	  	  	  prep.	  	  	  proper	  	  	  	  	  proper	  	  	  poss.	  	  	  	  	  adj.	  	  	  	  	  	  	  	  	  	  	  	  	  noun	  
	  	  	  
	  
	  	  	  	  modal	  	  	  	  	  	  	  verb	  	  	  	  det.	  	  	  	  	  	  	  	  	  adjecCve	  	  	  	  	  	  	  	  	  noun	  	  	  	  prep.	  	  	  	  	  	  proper	  	  	  	  	  punc.	  
	  	  

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



•  parts:	  
–  each	  “part”	  is	  a	  subcomponent	  of	  enCre	  input/output	  pair	  
–  “parts	  funcCon”	  =	  decomposiCon	  of	  input/output	  pair	  into	  a	  
set	  of	  parts	  

–  parts	  funcCons	  defined	  for	  score/loss	  funcCon,	  rather	  than	  
for	  task	  (many	  parts	  funcCons	  possible	  for	  a	  task)	  

–  parts	  may	  overlap	  

•  minimal	  parts:	  
–  smallest	  possible	  parts	  for	  the	  task	  
– minimal	  parts	  funcCon	  defined	  for	  task	  (structured	  output	  
space),	  not	  for	  structured	  score/loss	  funcCon	  

– minimal	  parts	  are	  non-‐overlapping	  
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– given	  a	  “parts”	  funcCon	  

	  

– our	  score	  funcCon	  is	  then	  defined:	  

– score	  funcCon	  decomposes	  addiCvely	  across	  parts	  
– each	  part	  is	  a	  subcomponent	  of	  input/output	  pair	  
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<latexit sha1_base64="N9U9OHseD6eLIrZXRk0qRbTqcQ0="></latexit>

<latexit sha1_base64="cS6POnRgsr2aN3PaQ41qCb5KuRU="></latexit>

Parts	  and	  Score	  FuncCons	  



Structured	  PredicCon	  Tasks	  
task	   output	  structure	   minimal	  parts	  

mulC-‐label	  
classificaCon	  

set	  of	  N	  labels,	  each	  of	  
which	  can	  be	  true	  or	  false	  

set	  containing	  
individual	  labels	  in	  

label	  set	  
<latexit sha1_base64="Cs2RLSTVQQvViAakPmV2Nv3UyG0="></latexit>

<latexit sha1_base64="Cs2RLSTVQQvViAakPmV2Nv3UyG0="></latexit>



Structured	  PredicCon	  Tasks	  
task	   output	  structure	   minimal	  parts	  

mulC-‐label	  
classificaCon	  

set	  of	  N	  labels,	  each	  of	  
which	  can	  be	  true	  or	  false	  

set	  containing	  
individual	  labels	  in	  

label	  set	  

sequence	  
labeling	  

label	  sequence	  with	  same	  
length	  T	  as	  input	  sequence;	  

each	  label	  is	  one	  of	  N	  
possibiliCes	  

set	  containing	  labels	  
at	  posiCons	  in	  

output	  sequence	  

<latexit sha1_base64="Cs2RLSTVQQvViAakPmV2Nv3UyG0="></latexit>

<latexit sha1_base64="TsgsPG7TtdxYkR88ujK57cGaslc="></latexit>

<latexit sha1_base64="Cs2RLSTVQQvViAakPmV2Nv3UyG0="></latexit>

<latexit sha1_base64="Yz3HtpnWmCelEyr2ZdOYxl9YQkA="></latexit>



Feed-‐Forward	  POS	  Tagger	  

13	  <latexit sha1_base64="Jsds54FQDXzur0KYW95axmI6x5Y="></latexit>

<latexit sha1_base64="S1IwP5sYGDviyw8yj8eRKmSp2Nc="></latexit>

<latexit sha1_base64="ftGq3472u45V49/GF2Nlk1yWjqM="></latexit>

<latexit sha1_base64="jWvgxGSfqLmOeat2Y/eExn5CUDg="></latexit>

<latexit sha1_base64="a38qrsSPdnywX+Ag7+Vp/PLCOKs="></latexit>

what	  is	  the	  parts	  funcCon	  for	  this	  
model	  &	  loss?	  

<latexit sha1_base64="9IOh81Oa2m85rL/x9t/Omzcmtac="></latexit>



Feed-‐Forward	  POS	  Tagger	  

14	  <latexit sha1_base64="Jsds54FQDXzur0KYW95axmI6x5Y="></latexit>

<latexit sha1_base64="S1IwP5sYGDviyw8yj8eRKmSp2Nc="></latexit>

<latexit sha1_base64="ftGq3472u45V49/GF2Nlk1yWjqM="></latexit>

<latexit sha1_base64="jWvgxGSfqLmOeat2Y/eExn5CUDg="></latexit>

<latexit sha1_base64="a38qrsSPdnywX+Ag7+Vp/PLCOKs="></latexit>

what	  is	  the	  parts	  funcCon	  for	  this	  
model	  &	  loss?	  

<latexit sha1_base64="9IOh81Oa2m85rL/x9t/Omzcmtac="></latexit>

is	  this	  a	  structured	  predictor?	  no.	  
parts	  funcCons	  decomposes	  like	  
the	  minimal	  parts	  (in	  terms	  of	  y)	  



Forward	  RNN	  for	  Part-‐of-‐Speech	  Tagging	  
…	  	  if	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  the	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  car	  	  …	  

<latexit sha1_base64="1LZdzgVsJOjrZRCz4KamxYx/x9w="></latexit>

<latexit sha1_base64="ps4EpowZgv2kzmX//5Rji+iGhXI="></latexit>

<latexit sha1_base64="jv9GkaQJoSw0TUSdZVq6XUSVICI="></latexit>

… IN        DT        NN … 

<latexit sha1_base64="LNVp8Txe+NgTSkuWMvNkcFBI/zA="></latexit><latexit sha1_base64="ijOYKp4RNOK07WHdpqrpT3Cja78="></latexit>

<latexit sha1_base64="ZcXe79sQLK1vEg/buKzp9wtZm1E="></latexit>

<latexit sha1_base64="Jsds54FQDXzur0KYW95axmI6x5Y="></latexit>

<latexit sha1_base64="S1IwP5sYGDviyw8yj8eRKmSp2Nc="></latexit>

<latexit sha1_base64="ftGq3472u45V49/GF2Nlk1yWjqM="></latexit>

hidden	  vector	  used	  to	  compute	  
probability	  distribuCon	  over	  
tags	  at	  each	  posiCon:	  

<latexit sha1_base64="MRh8J8JqBV7ZkRs3ashOQSxjEkY=">AAACH3icbVDLSsNAFJ3UV62vqks3g0Wom5KIqLgqunFZwT6kCWEymbZDJw9mbsQS8idu/BU3LhQRd/0bp20WtfXAMIdz7uXee7xYcAWmOTYKK6tr6xvFzdLW9s7uXnn/oKWiRFLWpJGIZMcjigkesiZwEKwTS0YCT7C2N7yd+O0nJhWPwgcYxcwJSD/kPU4JaMktX8RuanuR8NUo0F9qw4ABybLqowvYDriP593nzE2ta8hO3XLFrJlT4GVi5aSCcjTc8o/tRzQJWAhUEKW6lhmDkxIJnAqWlexEsZjQIemzrqYhCZhy0ul9GT7Rio97kdQvBDxV5ztSEqjJhroyIDBQi95E/M/rJtC7clIexgmwkM4G9RKBIcKTsLDPJaMgRpoQKrneFdMBkYSCjrSkQ7AWT14mrbOaZdas+/NK/SaPo4iO0DGqIgtdojq6Qw3URBS9oDf0gT6NV+Pd+DK+Z6UFI+85RH9gjH8B6rikFw==</latexit>



Forward	  RNN	  for	  Part-‐of-‐Speech	  Tagging	  
…	  	  if	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  the	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  car	  	  …	  

<latexit sha1_base64="1LZdzgVsJOjrZRCz4KamxYx/x9w="></latexit>

<latexit sha1_base64="ps4EpowZgv2kzmX//5Rji+iGhXI="></latexit>

<latexit sha1_base64="jv9GkaQJoSw0TUSdZVq6XUSVICI="></latexit>

… IN        DT        NN … 

<latexit sha1_base64="LNVp8Txe+NgTSkuWMvNkcFBI/zA="></latexit><latexit sha1_base64="ijOYKp4RNOK07WHdpqrpT3Cja78="></latexit>

<latexit sha1_base64="ZcXe79sQLK1vEg/buKzp9wtZm1E="></latexit>

<latexit sha1_base64="Jsds54FQDXzur0KYW95axmI6x5Y="></latexit>

<latexit sha1_base64="S1IwP5sYGDviyw8yj8eRKmSp2Nc="></latexit>

<latexit sha1_base64="ftGq3472u45V49/GF2Nlk1yWjqM="></latexit>

loss:	  
<latexit sha1_base64="4M9DHuop46DCSZ8xadphOnoWitk="></latexit>



Forward	  RNN	  for	  Part-‐of-‐Speech	  Tagging	  
…	  	  if	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  the	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  car	  	  …	  

<latexit sha1_base64="1LZdzgVsJOjrZRCz4KamxYx/x9w="></latexit>

<latexit sha1_base64="ps4EpowZgv2kzmX//5Rji+iGhXI="></latexit>

<latexit sha1_base64="jv9GkaQJoSw0TUSdZVq6XUSVICI="></latexit>

… IN        DT        NN … 

<latexit sha1_base64="LNVp8Txe+NgTSkuWMvNkcFBI/zA="></latexit><latexit sha1_base64="ijOYKp4RNOK07WHdpqrpT3Cja78="></latexit>

<latexit sha1_base64="ZcXe79sQLK1vEg/buKzp9wtZm1E="></latexit>

<latexit sha1_base64="Jsds54FQDXzur0KYW95axmI6x5Y="></latexit>

<latexit sha1_base64="S1IwP5sYGDviyw8yj8eRKmSp2Nc="></latexit>

<latexit sha1_base64="ftGq3472u45V49/GF2Nlk1yWjqM="></latexit>

what	  is	  the	  parts	  funcCon	  for	  this	  model	  &	  loss?	  

<latexit sha1_base64="rmJpSq+S6iQ/iLdXVaWi+KdlYEc="></latexit>

is	  this	  a	  structured	  predictor?	  	  no	  



Forward	  RNN	  for	  Part-‐of-‐Speech	  Tagging	  with	  Previous	  Label	  

…	  	  if	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  the	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  car	  	  …	  

<latexit sha1_base64="1LZdzgVsJOjrZRCz4KamxYx/x9w="></latexit>

<latexit sha1_base64="ps4EpowZgv2kzmX//5Rji+iGhXI="></latexit>

<latexit sha1_base64="jv9GkaQJoSw0TUSdZVq6XUSVICI="></latexit>

… IN        DT        NN … 

<latexit sha1_base64="LNVp8Txe+NgTSkuWMvNkcFBI/zA="></latexit><latexit sha1_base64="ijOYKp4RNOK07WHdpqrpT3Cja78="></latexit>

<latexit sha1_base64="ZcXe79sQLK1vEg/buKzp9wtZm1E="></latexit>

<latexit sha1_base64="Jsds54FQDXzur0KYW95axmI6x5Y="></latexit>

<latexit sha1_base64="S1IwP5sYGDviyw8yj8eRKmSp2Nc="></latexit>

<latexit sha1_base64="ftGq3472u45V49/GF2Nlk1yWjqM="></latexit>

this	  model	  uses	  the	  previous	  y	  
to	  compute	  a	  hidden	  vector	  



Forward	  RNN	  for	  Part-‐of-‐Speech	  Tagging	  with	  Previous	  Label	  

…	  	  if	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  the	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  car	  	  …	  

<latexit sha1_base64="1LZdzgVsJOjrZRCz4KamxYx/x9w="></latexit>

<latexit sha1_base64="ps4EpowZgv2kzmX//5Rji+iGhXI="></latexit>

<latexit sha1_base64="jv9GkaQJoSw0TUSdZVq6XUSVICI="></latexit>

… IN        DT        NN … 

<latexit sha1_base64="LNVp8Txe+NgTSkuWMvNkcFBI/zA="></latexit><latexit sha1_base64="ijOYKp4RNOK07WHdpqrpT3Cja78="></latexit>

<latexit sha1_base64="ZcXe79sQLK1vEg/buKzp9wtZm1E="></latexit>

<latexit sha1_base64="Jsds54FQDXzur0KYW95axmI6x5Y="></latexit>

<latexit sha1_base64="S1IwP5sYGDviyw8yj8eRKmSp2Nc="></latexit>

<latexit sha1_base64="ftGq3472u45V49/GF2Nlk1yWjqM="></latexit>

hidden	  vector	  used	  to	  compute	  
probability	  distribuCon	  over	  
tags	  at	  each	  posiCon:	  

<latexit sha1_base64="VBCDM+t4R/GiicSx9VAC9p7QrUo="></latexit>



Forward	  RNN	  for	  Part-‐of-‐Speech	  Tagging	  with	  Previous	  Label	  

…	  	  if	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  the	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  car	  	  …	  

<latexit sha1_base64="1LZdzgVsJOjrZRCz4KamxYx/x9w="></latexit>

<latexit sha1_base64="ps4EpowZgv2kzmX//5Rji+iGhXI="></latexit>

<latexit sha1_base64="jv9GkaQJoSw0TUSdZVq6XUSVICI="></latexit>

… IN        DT        NN … 

<latexit sha1_base64="LNVp8Txe+NgTSkuWMvNkcFBI/zA="></latexit><latexit sha1_base64="ijOYKp4RNOK07WHdpqrpT3Cja78="></latexit>

<latexit sha1_base64="ZcXe79sQLK1vEg/buKzp9wtZm1E="></latexit>

<latexit sha1_base64="Jsds54FQDXzur0KYW95axmI6x5Y="></latexit>

<latexit sha1_base64="S1IwP5sYGDviyw8yj8eRKmSp2Nc="></latexit>

<latexit sha1_base64="ftGq3472u45V49/GF2Nlk1yWjqM="></latexit>

loss:	  
<latexit sha1_base64="TNE1hgNzig+3aZzg+gIufHTdGPg="></latexit>



Forward	  RNN	  for	  Part-‐of-‐Speech	  Tagging	  with	  Previous	  Label	  

…	  	  if	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  the	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  car	  	  …	  

<latexit sha1_base64="1LZdzgVsJOjrZRCz4KamxYx/x9w="></latexit>

<latexit sha1_base64="ps4EpowZgv2kzmX//5Rji+iGhXI="></latexit>

<latexit sha1_base64="jv9GkaQJoSw0TUSdZVq6XUSVICI="></latexit>

… IN        DT        NN … 

<latexit sha1_base64="LNVp8Txe+NgTSkuWMvNkcFBI/zA="></latexit><latexit sha1_base64="ijOYKp4RNOK07WHdpqrpT3Cja78="></latexit>

<latexit sha1_base64="ZcXe79sQLK1vEg/buKzp9wtZm1E="></latexit>

<latexit sha1_base64="Jsds54FQDXzur0KYW95axmI6x5Y="></latexit>

<latexit sha1_base64="S1IwP5sYGDviyw8yj8eRKmSp2Nc="></latexit>

<latexit sha1_base64="ftGq3472u45V49/GF2Nlk1yWjqM="></latexit>

<latexit sha1_base64="RsPISgqF8M7lrTwJV0AIgRQz3Pk="></latexit>

what	  is	  the	  parts	  funcCon	  for	  this	  model	  &	  loss?	  



Forward	  RNN	  for	  Part-‐of-‐Speech	  Tagging	  with	  Previous	  Label	  

…	  	  if	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  the	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  car	  	  …	  

<latexit sha1_base64="1LZdzgVsJOjrZRCz4KamxYx/x9w="></latexit>

<latexit sha1_base64="ps4EpowZgv2kzmX//5Rji+iGhXI="></latexit>

<latexit sha1_base64="jv9GkaQJoSw0TUSdZVq6XUSVICI="></latexit>

… IN        DT        NN … 

<latexit sha1_base64="LNVp8Txe+NgTSkuWMvNkcFBI/zA="></latexit><latexit sha1_base64="ijOYKp4RNOK07WHdpqrpT3Cja78="></latexit>

<latexit sha1_base64="ZcXe79sQLK1vEg/buKzp9wtZm1E="></latexit>

<latexit sha1_base64="Jsds54FQDXzur0KYW95axmI6x5Y="></latexit>

<latexit sha1_base64="S1IwP5sYGDviyw8yj8eRKmSp2Nc="></latexit>

<latexit sha1_base64="ftGq3472u45V49/GF2Nlk1yWjqM="></latexit>

is	  this	  a	  structured	  predictor?	  yes.	  
parts	  funcCons	  does	  not	  decompose	  
like	  minimal	  parts	  (in	  terms	  of	  y)	  

<latexit sha1_base64="RsPISgqF8M7lrTwJV0AIgRQz3Pk="></latexit>



Structured	  PredicCon	  Tasks	  
task	   output	  structure	   minimal	  parts	  

mulC-‐label	  
classificaCon	  

set	  of	  N	  labels,	  each	  of	  
which	  can	  be	  true	  or	  false	  

set	  containing	  
individual	  labels	  in	  

label	  set	  

sequence	  
labeling	  

label	  sequence	  with	  same	  
length	  T	  as	  input	  sequence;	  

each	  label	  is	  one	  of	  N	  
possibiliCes	  

set	  containing	  labels	  
at	  posiCons	  in	  

output	  sequence	  

<latexit sha1_base64="Cs2RLSTVQQvViAakPmV2Nv3UyG0="></latexit>

<latexit sha1_base64="TsgsPG7TtdxYkR88ujK57cGaslc="></latexit>

<latexit sha1_base64="Cs2RLSTVQQvViAakPmV2Nv3UyG0="></latexit>

<latexit sha1_base64="Yz3HtpnWmCelEyr2ZdOYxl9YQkA="></latexit>



Structured	  PredicCon	  Tasks	  
task	   output	  structure	   minimal	  parts	  

mulC-‐label	  
classificaCon	  

set	  of	  N	  labels,	  each	  of	  
which	  can	  be	  true	  or	  false	  

set	  containing	  
individual	  labels	  in	  

label	  set	  

sequence	  
labeling	  

label	  sequence	  with	  same	  
length	  T	  as	  input	  sequence;	  

each	  label	  is	  one	  of	  N	  
possibiliCes	  

set	  containing	  labels	  
at	  posiCons	  in	  

output	  sequence	  

labeled	  
segmentaCon	  

<latexit sha1_base64="Cs2RLSTVQQvViAakPmV2Nv3UyG0="></latexit>

<latexit sha1_base64="TsgsPG7TtdxYkR88ujK57cGaslc="></latexit>

<latexit sha1_base64="Cs2RLSTVQQvViAakPmV2Nv3UyG0="></latexit>

<latexit sha1_base64="Yz3HtpnWmCelEyr2ZdOYxl9YQkA="></latexit>
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Some	  quesConed	  if	  Tim	  Cook’s	  first	  product	  would	  be	  a	  breakaway	  hit	  for	  Apple.	  

PERSON	   ORGANIZATION	  

Named	  EnCty	  RecogniCon	  
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	  	  	  	  	  	  	  	  O	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  O	  	  	  	  	  	  	  	  	  	  	  	  	  	  O	  	  	  	  	  B-‐PERSON	  	  	  I-‐PERSON	  	  	  	  	  	  O	  	  	  	  	  	  	  	  	  	  O	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  O	  
	  	  	  Some	  	  	  quesConed	  	  	  if	  	  	  	  	  	  	  	  	  Tim	  	  	  	  	  	  	  	  	  	  Cook	  	  	  	  	  	  	  ’s	  	  	  	  	  	  first	  	  	  	  	  	  product	  	  
	  
	  	  	  	  	  	  	  	  O	  	  	  	  	  	  	  	  	  	  	  	  	  	  O	  	  	  	  	  	  	  	  	  O	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  O	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  O	  	  	  	  	  	  	  	  O	  	  	  	  	  B-‐ORGANIZATION	  	  	  	  	  	  O	  
	  	  	  would	  	  	  	  	  	  be	  	  	  	  	  	  a	  	  	  	  	  	  breakaway	  	  	  	  hit	  	  	  	  for	  	  	  	  	  	  	  	  	  	  	  	  Apple	  	  	  	  	  	  	  	  	  	  	  	  	  	  .	  

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

Labeled	  SegmentaCon	  as	  Sequence	  Labeling	  



Structured	  PredicCon	  Tasks	  
task	   output	  structure	   minimal	  parts	  

mulC-‐label	  
classificaCon	  

set	  of	  N	  labels,	  each	  of	  
which	  can	  be	  true	  or	  false	  

set	  containing	  
individual	  labels	  in	  

label	  set	  

sequence	  
labeling	  

label	  sequence	  with	  same	  
length	  T	  as	  input	  sequence;	  

each	  label	  is	  one	  of	  N	  
possibiliCes	  

set	  containing	  labels	  
at	  posiCons	  in	  

output	  sequence	  

labeled	  
segmentaCon	  

<latexit sha1_base64="Cs2RLSTVQQvViAakPmV2Nv3UyG0="></latexit>

<latexit sha1_base64="TsgsPG7TtdxYkR88ujK57cGaslc="></latexit>

<latexit sha1_base64="Cs2RLSTVQQvViAakPmV2Nv3UyG0="></latexit>

<latexit sha1_base64="Yz3HtpnWmCelEyr2ZdOYxl9YQkA="></latexit>



Structured	  PredicCon	  Tasks	  
task	   output	  structure	   minimal	  parts	  

mulC-‐label	  
classificaCon	  

set	  of	  N	  labels,	  each	  of	  
which	  can	  be	  true	  or	  false	  

set	  containing	  
individual	  labels	  in	  

label	  set	  

sequence	  
labeling	  

label	  sequence	  with	  same	  
length	  T	  as	  input	  sequence;	  

each	  label	  is	  one	  of	  N	  
possibiliCes	  

set	  containing	  labels	  
at	  posiCons	  in	  

output	  sequence	  

labeled	  
segmentaCon	  

unlabeled	  
dependency	  
parsing	  

<latexit sha1_base64="Cs2RLSTVQQvViAakPmV2Nv3UyG0="></latexit>

<latexit sha1_base64="TsgsPG7TtdxYkR88ujK57cGaslc="></latexit>

<latexit sha1_base64="Cs2RLSTVQQvViAakPmV2Nv3UyG0="></latexit>

<latexit sha1_base64="Yz3HtpnWmCelEyr2ZdOYxl9YQkA="></latexit>



Dependency	  Trees	  
•  a	  dependency	  is	  a	  relaCon	  between	  a	  word	  (a	  head	  or	  
parent)	  and	  its	  dependent	  (its	  modifier	  or	  child)	  

•  a	  dependency	  tree	  for	  a	  sentence	  contains	  a	  dependency	  
for	  each	  word	  in	  the	  sentence	  

•  drawn	  as	  a	  directed	  tree	  with	  parents	  poinCng	  to	  children	  
•  one	  word	  is	  the	  root	  of	  the	  tree	  



Labeled	  Dependency	  Trees	  
•  more	  common	  to	  use	  labeled	  dependency	  trees	  
where	  each	  dependency	  has	  an	  associated	  label:	  

DET	  =	  determiner	  
NSUBJPASS	  =	  nominal	  subject	  in	  passive	  construcCon	  
AUXPASS	  =	  auxiliary	  verb	  in	  passive	  construcCon	  
TMOD	  =	  temporal	  modifier	  
PUNCT	  =	  punctuaCon	  



•  a	  longer	  sentence:	  

•  rearranging	  the	  words	  a	  bit,	  we	  now	  have	  a	  
non-‐projec+ve	  dependency	  tree	  (i.e.,	  tree	  
with	  crossing	  dependencies):	  



Dependency	  Parsing	  
•  dependency	  parsing	  is	  the	  task	  of	  predicCng	  a	  
dependency	  tree	  for	  a	  sentence	  

•  one	  of	  the	  most	  widely-‐studied	  structured	  
predicCon	  problems	  in	  NLP	  	  

•  used	  for	  several	  downstream	  NLP	  tasks	  
	  

32	  



ApplicaCons	  of	  Dependency	  Parsing	  
•  widely	  used	  for	  NLP	  tasks	  because:	  
–  faster	  than	  consCtuent	  parsing	  
–  captures	  more	  semanCc	  informaCon	  

•  text	  classificaCon	  (features	  on	  dependencies)	  
•  syntax-‐based	  machine	  translaCon	  
•  relaCon	  extracCon	  
–  e.g.,	  extract	  relaCon	  between	  Sam	  Smith	  and	  AITech:	  
Sam	  Smith	  was	  named	  new	  CEO	  of	  AITech.	  
–  use	  dependency	  path	  between	  Sam	  Smith	  and	  AITech:	  

•  Smith	  à	  named,	  named	  ß	  CEO,	  CEO	  ß	  of,	  of	  ß	  AITech	  

33	  



•  minimal	  parts	  for	  (unlabeled)	  dependency	  
parsing:	  

•  each	  yt	  holds	  the	  index	  in	  the	  sentence	  x	  of	  the	  
parent	  of	  word	  xt	  

•  we	  use	  0	  for	  the	  ROOT	  anachment	  

34	  

<latexit sha1_base64="HHsEvWvbRPXZaew00e9eJAdzqzI="></latexit>



Unstructured	  Predictors	  for	  Dependency	  Parsing	  

•  how	  might	  you	  design	  an	  unstructured	  predictor	  
for	  dependency	  parsing?	  

•  build	  a	  predictor	  that	  predicts	  the	  index	  of	  the	  
head	  for	  a	  word	  

•  can	  use	  full	  sentenCal	  context,	  just	  can’t	  score	  
mulCple	  dependencies	  in	  any	  single	  scoring	  term	  

•  fast,	  simple,	  works	  ok,	  but	  doesn’t	  guarantee	  a	  
tree	  structure	  (may	  have	  cycles,	  etc.)	  

35	  



Structured	  PredicCon	  Tasks	  
task	   output	  structure	   minimal	  parts	  

mulC-‐label	  
classificaCon	  

set	  of	  N	  labels,	  each	  of	  
which	  can	  be	  true	  or	  false	  

set	  containing	  
individual	  labels	  in	  

label	  set	  

sequence	  
labeling	  

label	  sequence	  with	  same	  
length	  T	  as	  input	  sequence;	  

each	  label	  is	  one	  of	  N	  
possibiliCes	  

set	  containing	  labels	  
at	  posiCons	  in	  

output	  sequence	  

labeled	  
segmentaCon	  

unlabeled	  
dependency	  
parsing	  

tree	  over	  the	  words	  in	  the	  
input	  sentence;	  each	  word	  
has	  exactly	  one	  parent	  

set	  containing	  
indices	  of	  parent	  
words	  for	  each	  
word	  in	  sentence	  

<latexit sha1_base64="Cs2RLSTVQQvViAakPmV2Nv3UyG0="></latexit>

<latexit sha1_base64="TsgsPG7TtdxYkR88ujK57cGaslc="></latexit>

<latexit sha1_base64="Cs2RLSTVQQvViAakPmV2Nv3UyG0="></latexit>

<latexit sha1_base64="HHsEvWvbRPXZaew00e9eJAdzqzI="></latexit><latexit sha1_base64="HHsEvWvbRPXZaew00e9eJAdzqzI="></latexit>

<latexit sha1_base64="Yz3HtpnWmCelEyr2ZdOYxl9YQkA="></latexit>



Structured	  PredicCon	  Tasks	  
task	   output	  structure	   minimal	  parts	  

mulC-‐label	  
classificaCon	  

set	  of	  N	  labels,	  each	  of	  
which	  can	  be	  true	  or	  false	  

set	  containing	  
individual	  labels	  in	  

label	  set	  

sequence	  
labeling	  

label	  sequence	  with	  same	  
length	  T	  as	  input	  sequence;	  

each	  label	  is	  one	  of	  N	  
possibiliCes	  

set	  containing	  labels	  
at	  posiCons	  in	  

output	  sequence	  

labeled	  
segmentaCon	  

unlabeled	  
dependency	  
parsing	  

tree	  over	  the	  words	  in	  the	  
input	  sentence;	  each	  word	  
has	  exactly	  one	  parent	  

set	  containing	  
indices	  of	  parent	  
words	  for	  each	  
word	  in	  sentence	  

condiConal	  
generaCon	  

sentence	  (or	  a	  paragraph,	  
document,	  etc.)	  

<latexit sha1_base64="Cs2RLSTVQQvViAakPmV2Nv3UyG0="></latexit>

<latexit sha1_base64="TsgsPG7TtdxYkR88ujK57cGaslc="></latexit>

<latexit sha1_base64="Cs2RLSTVQQvViAakPmV2Nv3UyG0="></latexit>

<latexit sha1_base64="HHsEvWvbRPXZaew00e9eJAdzqzI="></latexit><latexit sha1_base64="HHsEvWvbRPXZaew00e9eJAdzqzI="></latexit>

<latexit sha1_base64="Yz3HtpnWmCelEyr2ZdOYxl9YQkA="></latexit>



CondiConal	  GeneraCon	  
•  for	  machine	  translaCon	  and	  other	  “condiConal	  
generaCon”	  tasks,	  input	  is	  a	  sequence	  and	  
output	  is	  a	  sequence	  

•  minimal	  parts	  for	  these	  tasks:	  

•  each	  yt	  is	  a	  word	  from	  the	  output	  vocabulary	  

38	  

<latexit sha1_base64="f6upSv2eA2KjoKs95B91mESmeuY="></latexit>

<latexit sha1_base64="f6upSv2eA2KjoKs95B91mESmeuY =">AAAHWXicrVVba9swFHa7Jem8W7s+7kWsZKTMDXYZbJQOCnvZYwe9jSoYWVESUfkyS15jVP3JPQzG/soeJjl2mzhr2q4TGJ3 </latexit>



Unstructured	  Predictors	  for	  Machine	  TranslaCon	  

•  how	  might	  you	  design	  an	  unstructured	  
predictor	  for	  machine	  translaCon?	  

•  assume	  a	  max	  length	  of	  the	  translaCon,	  pad	  to	  
that	  length,	  build	  predictors	  that	  predict	  the	  
word	  in	  posiCon	  t	  in	  the	  translaCon	  

•  this	  probably	  won’t	  work	  very	  well,	  but	  if	  we	  
have	  this	  model	  we	  could	  maximally	  
parallelize	  translaCon	  across	  machines	  
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•  most	  common	  approach	  for	  condiConal	  generaCon	  
•  previously-‐predicted	  output	  symbol	  used	  as	  input	  for	  

making	  next	  predicCon	  (“auto-‐regressive”)	  
•  is	  this	  a	  structured	  predictor?	  
•  yes	  

…

<latexit sha1_base64="PKwGJTV616EpEacqhfn/05LUWjk="></latexit> <latexit sha1_base64="yTGM0y2f4t6b3nhHTOMmJZCIHwY="></latexit>

<latexit sha1_base64="jodx1HhIDsGpkJfYIrxro+vgy84="></latexit>

<latexit sha1_base64="RERyzFNz44UDgKBWDBB/I7JgR3E="></latexit>

<latexit sha1_base64="DOksuUQALT1CbiKS1zCxJQthbIE="></latexit>

<latexit sha1_base64="9jrpfSQ5EF9udyxv1tXFJBvNSLk="></latexit> <latexit sha1_base64="9P9ncHqiES1WriPS7cSqDc8v0RI="></latexit>

<latexit sha1_base64="umajic47DYCoSR9nAMsA4Gwu2xA="></latexit>

<latexit sha1_base64="37UO9hTMkxoQwAxzUMF/ut4wzCI="></latexit>

<latexit sha1_base64="ZqWVpq379MEwKl/QOqQRQ0RmSUI="></latexit>

<latexit sha1_base64="XxcOXR42IQoIm/JrYAJu5T7W0bA="></latexit> <latexit sha1_base64="Y0+Z4U611Ghl0R0AbbBHDC6C3NM="></latexit>

<latexit sha1_base64="J/I7CMtJkVe68Q6VjoUNflMOB5w="></latexit>

<latexit sha1_base64="9aKI6/4jnSPpQBl1UR29lXVJTKs="></latexit>

<latexit sha1_base64="dsS/IEhzUJRsyVyzNHfqDcgaQno="></latexit>

Sequence-‐to-‐Sequence	  Models	  with	  AnenCon	  



Structured	  PredicCon	  Tasks	  
task	   output	  structure	   minimal	  parts	  

mulC-‐label	  
classificaCon	  

set	  of	  N	  labels,	  each	  of	  
which	  can	  be	  true	  or	  false	  

set	  containing	  
individual	  labels	  in	  

label	  set	  

sequence	  
labeling	  

label	  sequence	  with	  same	  
length	  T	  as	  input	  sequence;	  

each	  label	  is	  one	  of	  N	  
possibiliCes	  

set	  containing	  labels	  
at	  posiCons	  in	  

output	  sequence	  

labeled	  
segmentaCon	  

unlabeled	  
dependency	  
parsing	  

tree	  over	  the	  words	  in	  the	  
input	  sentence;	  each	  word	  
has	  exactly	  one	  parent	  

set	  containing	  
indices	  of	  parent	  
words	  for	  each	  
word	  in	  sentence	  

condiConal	  
generaCon	  

sentence	  (or	  a	  paragraph,	  
document,	  etc.)	  

set	  containing	  each	  
word	  in	  the	  output	  

<latexit sha1_base64="Cs2RLSTVQQvViAakPmV2Nv3UyG0="></latexit>

<latexit sha1_base64="TsgsPG7TtdxYkR88ujK57cGaslc="></latexit>

<latexit sha1_base64="Cs2RLSTVQQvViAakPmV2Nv3UyG0="></latexit>

<latexit sha1_base64="HHsEvWvbRPXZaew00e9eJAdzqzI="></latexit><latexit sha1_base64="HHsEvWvbRPXZaew00e9eJAdzqzI="></latexit>

<latexit sha1_base64="Yz3HtpnWmCelEyr2ZdOYxl9YQkA="></latexit>

<latexit sha1_base64="f6upSv2eA2KjoKs95B91mESmeuY="></latexit>

<latexit sha1_base64="f6upSv2eA2KjoKs95B91mESmeuY="></latexit>



Other	  Tasks?	  
•  some	  tasks	  do	  not	  permit	  an	  easy	  definiCon	  of	  
minimal	  parts	  

42	  



ConsCtuency	  Parsing	  

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

43	  

the	  man	  walked	  to	  the	  park	  

S	  

NP	  

NP	  

VP	  

PP	  

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

DT	   NN	   VBD	  	  	  	  	  	  IN	  	  	  	  DT	  	  	  	  NN	  



SemanCc	  Role	  Labeling	  

ARG0	  =	  usually	  agent	  
ARG1	  =	  typically	  pa=ent	  or	  theme	  
ARG2	  =	  open	  beneficiary	  



Other	  Tasks?	  
•  some	  tasks	  do	  not	  permit	  an	  easy	  definiCon	  of	  
minimal	  parts	  
– consCtuency	  parsing,	  semanCc	  role	  labeling,	  etc.	  

•  someCmes	  we	  can	  cast	  these	  as	  condiConal	  
generaCon	  tasks,	  then	  inherit	  the	  minimal	  
parts	  definiCon	  from	  condiConal	  generaCon	  

45	  



…

<latexit sha1_base64="PKwGJTV616EpEacqhfn/05LUWjk="></latexit> <latexit sha1_base64="yTGM0y2f4t6b3nhHTOMmJZCIHwY="></latexit>

<latexit sha1_base64="jodx1HhIDsGpkJfYIrxro+vgy84="></latexit>

<latexit sha1_base64="RERyzFNz44UDgKBWDBB/I7JgR3E="></latexit>

<latexit sha1_base64="DOksuUQALT1CbiKS1zCxJQthbIE="></latexit>

<latexit sha1_base64="9jrpfSQ5EF9udyxv1tXFJBvNSLk="></latexit> <latexit sha1_base64="9P9ncHqiES1WriPS7cSqDc8v0RI="></latexit>

<latexit sha1_base64="umajic47DYCoSR9nAMsA4Gwu2xA="></latexit>

<latexit sha1_base64="37UO9hTMkxoQwAxzUMF/ut4wzCI="></latexit>

<latexit sha1_base64="ZqWVpq379MEwKl/QOqQRQ0RmSUI="></latexit>

<latexit sha1_base64="XxcOXR42IQoIm/JrYAJu5T7W0bA="></latexit> <latexit sha1_base64="Y0+Z4U611Ghl0R0AbbBHDC6C3NM="></latexit>

<latexit sha1_base64="J/I7CMtJkVe68Q6VjoUNflMOB5w="></latexit>

<latexit sha1_base64="9aKI6/4jnSPpQBl1UR29lXVJTKs="></latexit>

<latexit sha1_base64="dsS/IEhzUJRsyVyzNHfqDcgaQno="></latexit>

•  input	  and	  output	  sequences	  can	  have	  different	  lengths	  
•  we	  can	  frame	  many	  output	  structures	  as	  sequences	  

Sequence-‐to-‐Sequence	  Models	  with	  AnenCon	  



FormulaCng	  ConsCtuency	  Parsing	  as	  
CondiConal	  GeneraCon	  

{Vinyals,	  Kaiser}	  et	  al.	  (2015):	  Grammar	  as	  a	  Foreign	  Language	  



FormulaCng	  ConsCtuency	  Parsing	  as	  
CondiConal	  GeneraCon	  

{Vinyals,	  Kaiser}	  et	  al.	  (2015):	  Grammar	  as	  a	  Foreign	  Language	  



•  others	  have	  done	  this	  for	  dependency	  parsing,	  
semanCc	  role	  labeling,	  abstract	  meaning	  
representaCon	  parsing,	  and	  many	  other	  tasks	  

•  sequence-‐to-‐sequence	  models	  then	  become	  a	  
general	  purpose	  modeling	  framework	  for	  
many	  structured	  predicCon	  tasks	  

49	  



modeling:	  define	  	  score	  funcCon	  inference:	  solve	  	  	  	  	  	  	  	  	  	  	  	  	  	  _	  	  

50	  

learning:	  choose	  	  _	  

Modeling,	  Inference,	  Learning	  

<latexit sha1_base64="U0XWf3yzhFHquldGyIzfugBiYwg="></latexit>

<latexit sha1_base64="lvJ5F1yAYQJ0PIMO0ef8s222Bnc="></latexit>



inference:	  solve	  	  	  	  	  	  	  	  	  	  	  	  	  	  _	  	  

51	  

Inference	  with	  Structured	  Predictors	  

<latexit sha1_base64="U0XWf3yzhFHquldGyIzfugBiYwg="></latexit>

•  how	  do	  we	  efficiently	  search	  over	  the	  space	  of	  all	  
structured	  outputs?	  

•  this	  space	  may	  have	  size	  exponenCal	  in	  the	  size	  
of	  the	  input,	  or	  be	  unbounded	  

•  complexity	  of	  inference	  depends	  on	  parts	  
funcCon	  



Hidden	  Markov	  Models	  
•  simple,	  useful,	  well-‐known	  model	  for	  sequence	  
labeling:	  Hidden	  Markov	  Model	  (HMM)	  

•  HMMs	  are	  used	  in	  NLP,	  speech	  processing,	  
computaConal	  biology,	  and	  other	  areas	  

52	  



Hidden	  Markov	  Models	  
•  n-‐gram	  language	  models	  define	  a	  probability	  
distribuCon	  over	  word	  sequences	  x	  

•  HMMs	  define	  a	  joint	  probability	  distribuCon	  
over	  input	  sequences	  x	  and	  output	  sequences	  y	  

	  

•  condiConal	  independence	  assumpCons	  
(“Markov	  assumpCon”)	  are	  used	  to	  factorize	  
this	  joint	  distribuCon	  into	  small	  terms	  

53	  *for	  now,	  we	  are	  omiwng	  stopping	  probabiliCes	  for	  clarity	  

<latexit sha1_base64="+0Tgq3sCNT29bV60x6Deqbk4oYE="></latexit>



Random	  Variables	  for	  Sequence	  Labeling	  

•  let’s	  define	  random	  variables	  for	  observaCons:	  
– observaCon	  variable	  at	  Cme	  step	  t:	  
–  its	  possible	  values:	  words	  in	  vocabulary	  	  

•  and	  we’ll	  define	  one	  “hidden”	  variable	  for	  
each	  observaCon:	  
– hidden	  variable	  at	  Cme	  t:	  
–  its	  possible	  values:	  discrete	  symbols	  in	  some	  set	  
–  for	  now,	  think	  of	  the	  set	  of	  possible	  POS	  tags	  

54	  

<latexit sha1_base64="eO7JwtraYdl/2GAVXYyNWrSnLHw="></latexit>

<latexit sha1_base64="3UD9r9hdqd5CwNiDVoDO8JsPlGk="></latexit>

<latexit sha1_base64="lxldKEOExjrOsOjqJMku8lfFojo="></latexit>



CondiConal	  Independence	  AssumpCons	  of	  HMMs	  

•  two	  Y’s	  are	  condiConally	  independent	  given	  the	  Y’s	  
between	  them:	  

•  an	  X	  at	  posiCon	  t	  is	  condiConally	  independent	  of	  
other	  Y’s	  given	  the	  Y	  at	  posiCon	  t:	  	  

55	  

<latexit sha1_base64="m0eVBffLn+px6TeqdXLxBOvD6jQ="></latexit>

<latexit sha1_base64="TFb9HQOyOJdoLLwkXKrKxXl2r+Y="></latexit>

<latexit sha1_base64="WZ++3edxjZNKS+4Krtl2ja/X4nI="></latexit>

*for	  now,	  we	  are	  omiwng	  stopping	  probabiliCes	  for	  clarity	  

<latexit sha1_base64="+0Tgq3sCNT29bV60x6Deqbk4oYE="></latexit>



HMMs	  

56	  

condiConal	  independence	  assumpCons	  à	  we	  only	  have	  to	  
worry	  about	  local	  distribu+ons:	  
	  
transi+on	  parameters:	  
	  	  
emission	  parameters:	  	  

<latexit sha1_base64="WZ++3edxjZNKS+4Krtl2ja/X4nI="></latexit>

*for	  now,	  we	  are	  omiwng	  stopping	  probabiliCes	  for	  clarity	  



Important:	  Stopping	  ProbabiliCes	  

57	  

<latexit sha1_base64="WZ++3edxjZNKS+4Krtl2ja/X4nI="></latexit>

<latexit sha1_base64="vJKaVPgHHaXNLamjO+YPM1+x77A="></latexit>

We	  also	  assume:	  
special	  

end-‐of-‐sequence	  
label	  

<latexit sha1_base64="Ft8HDfFoDajbwElykKIDTtljZ8M="></latexit>

special	  
start-‐of-‐sequence	  

label	  why	  does	  this	  maner?	  



Parts	  FuncCon	  for	  an	  HMM	  

•  for	  a	  bigram	  HMM:	  

•  each	  word-‐label	  pair	  forms	  a	  part,	  and	  each	  
label	  bigram	  forms	  a	  part	  

58	  



Inference	  in	  HMMs	  

59	  

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

•  we	  can	  use	  dynamic	  programming	  (DP)	  to	  solve	  
these	  problems	  exactly	  

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

<latexit sha1_base64="v3dlBA9VVJf35P6AgESc4csVC7U="></latexit>



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

–  only	  applicable	  when	  the	  problem	  has	  certain	  properCes	  
(op+mal	  substructure	  and	  overlapping	  sub-‐problems)	  

•  we	  can	  open	  use	  DP	  to	  iterate	  over	  exponenCally-‐
large	  output	  spaces	  in	  polynomial	  Cme	  

•  we	  focus	  on	  a	  parCcular	  type	  of	  DP	  algorithm:	  
memoiza+on	  

60	  



Feature	  Locality	  

•  feature	  locality:	  how	  big	  are	  the	  parts?	  
•  for	  efficient	  exact	  inference	  with	  DP,	  we	  need	  
to	  be	  mindful	  of	  this	  

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

•  HMM	  parts	  are	  small	  in	  both	  the	  input	  and	  
output	  (only	  two	  pieces	  at	  a	  Cme)	  

61	  



Viterbi	  Algorithm	  for	  HMMs	  
•  recursive	  equaCons	  +	  memoizaCon:	  

62	  

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

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

final	  value	  is	  in:	  
<latexit sha1_base64="qaQDF3Ra9RisITu3AAkNJgBtMXI="></latexit>



Viterbi	  Algorithm	  
•  space	  and	  Cme	  complexity?	  
•  can	  be	  read	  off	  from	  the	  recursive	  equaCons:	  

63	  

space	  complexity:	  
size	  of	  memoizaCon	  table,	  which	  is	  #	  of	  unique	  indices	  of	  recursive	  equaCons	  

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

length	  of	  
sentence	  

number	  
of	  labels	  *



Viterbi	  Algorithm	  
•  space	  and	  +me	  complexity?	  
•  can	  be	  read	  off	  from	  the	  recursive	  equaCons:	  

64	  

+me	  complexity:	  
size	  of	  memoizaCon	  table	  *	  complexity	  of	  compuCng	  each	  entry	  

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

length	  of	  
sentence	  

number	  
of	  labels	  *

each	  entry	  requires	  
itera+ng	  through	  the	  labels	  *



Viterbi	  Algorithm	  for	  Sequence	  Models	  
(with	  tag	  bigram	  features)	  

65	  

score	  funcCon	  for	  label	  bigram	  <y’,	  y>	  
ending	  at	  posiCon	  m	  in	  x	  
	  
could	  be	  anything!	  
linear	  model,	  feed-‐forward	  network,	  
LSTM,	  etc.	  

<latexit sha1_base64="W3K9BRsCuRijmdsmGAJ7QrnNJQY="></latexit>


