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Roadmap	
  
•  intro	
  (1	
  lecture)	
  
•  deep	
  learning	
  for	
  NLP	
  (5	
  lectures)	
  
•  structured	
  predicKon:	
  sequence	
  labeling,	
  syntacKc	
  and	
  

semanKc	
  parsing,	
  dynamic	
  programming	
  (4	
  lectures)	
  
•  generaKve	
  models,	
  latent	
  variables,	
  unsupervised	
  learning,	
  

variaKonal	
  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	
  
•  Any	
  last-­‐minute	
  quesKons	
  about	
  Assignment	
  1?	
  

•  Assignment	
  2	
  will	
  be	
  posted	
  tonight,	
  due	
  in	
  2	
  
weeks	
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Today	
  
•  finish	
  transformers	
  
•  sequence-­‐to-­‐sequence	
  modeling	
  and	
  
aJenKon	
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Transformer	
  
•  effecKve	
  encoder	
  for	
  text	
  
sequences	
  (and	
  other	
  data)	
  

•  no	
  recurrent/convoluKonal	
  
modules	
  

•  only	
  aJenKon	
  (various	
  forms)	
  

5	
  Vaswani	
  et	
  al.	
  (2017):	
  A"en%on	
  Is	
  All	
  You	
  Need	
  



AJenKon	
  
•  aJenKon	
  is	
  a	
  useful	
  generic	
  tool	
  
•  o`en	
  used	
  to	
  replace	
  a	
  sum	
  or	
  average	
  with	
  
an	
  aJenKon-­‐weighted	
  sum	
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AJenKon	
  
•  e.g.,	
  for	
  a	
  word	
  averaging	
  encoder:	
  

7	
  

<latexit sha1_base64="P6TCqmf0BxlfUQQY1YY3cGHWFa4="></latexit>

“aJenKon”	
  funcKon,	
  	
  
returns	
  a	
  scalar	
  

<latexit sha1_base64="mSZYiStrWYZEvk0f2huo8LBm2BI="></latexit>



Example	
  AJenKon	
  FuncKon	
  

•  introduces	
  a	
  new	
  parameter	
  vector	
  w	
  which	
  is	
  
learned	
  along	
  with	
  the	
  word	
  embeddings	
  

•  aJenKon	
  is	
  normalized	
  over	
  the	
  sentence	
  
length	
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<latexit sha1_base64="P6TCqmf0BxlfUQQY1YY3cGHWFa4="></latexit>

att(xi, i,x) / exp{w>emb(xi)}
<latexit sha1_base64="EZIrYhzl9Ut5dqA4JTG+EkLpKns="></latexit><latexit sha1_base64="EZIrYhzl9Ut5dqA4JTG+EkLpKns="></latexit><latexit sha1_base64="EZIrYhzl9Ut5dqA4JTG+EkLpKns="></latexit><latexit sha1_base64="EZIrYhzl9Ut5dqA4JTG+EkLpKns="></latexit>



Queries,	
  Keys,	
  and	
  Values	
  
•  we	
  can	
  o`en	
  think	
  of	
  aJenKon	
  funcKons	
  in	
  
terms	
  of	
  these	
  abstracKons	
  

•  query	
  =	
  what	
  you	
  use	
  to	
  search	
  
•  key	
  =	
  the	
  field	
  that	
  you’re	
  comparing	
  to	
  
•  value	
  =	
  the	
  field	
  that	
  you	
  return	
  

9	
  Vaswani	
  et	
  al.	
  (2017):	
  A"en%on	
  Is	
  All	
  You	
  Need	
  



•  considering	
  aJenKon	
  as	
  query/key/value	
  suggests	
  
using	
  different	
  spaces	
  for	
  different	
  roles	
  

•  e.g.,	
  we	
  could	
  use	
  separate	
  transformaKons	
  of	
  the	
  
embedding	
  space	
  for	
  keys	
  and	
  values:	
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<latexit sha1_base64="ox/UNktWQKFIJUC8E0at6wsYJF8=">AAA2vnicnVt5c904cteMc2y0OXY2f+YfJpIq9lpS9Ly7ztZMXDVa27FT49E6PuYSZRVI4vHBIgkaAN9hDvNp8qXybdIN8PEAQEle1XhEAL9uNBrdjcahqMyYVCcn//fZ53f+4i//6q9/8Te7v/zbv/v7f/jVF7/+TvJKxPRtzDMufoiIpBkr6FvFVEZ/KAUleZTR76Orx9j+/ZIKyXjxRm1KepGTtGBzFhMFVZdffP6/B0VWzv </latexit>

<latexit sha1_base64="ibBVDmRQn3E7jAunQJrfL5TeDz0=">AAA3N3icrVtZcx05FfZMWM068EhR1WC7SIhtfDNMmBpIFZ4kJNRkTMgym9txqbt1+yq3t0jqu6SneeLX8Aov/BSeeKN45R9wjtS3F0ltOxSuybglfWfR0dHR0eKgSJiQR0f/eOvta1/56te+/o1vbn/r29/57ve+/84PPhF5yUP6PMyTnH8WEEETltHnksmEflZwStIgoZ8G87vY/umCcsHy7JlcF/QsJXHGpiwkEqrO37n247 </latexit> value	
  trans-­‐
formaKon	
  
matrix	
  

key	
  trans-­‐
formaKon	
  
matrix	
  



MulK-­‐Head	
  AJenKon	
  
•  we	
  may	
  want	
  to	
  learn	
  mulKple	
  aJenKon	
  
funcKons	
  in	
  parallel	
  

•  why?	
  so	
  that	
  they	
  can	
  learn	
  complementary	
  
funcKonality	
  for	
  the	
  task	
  

11	
  Vaswani	
  et	
  al.	
  (2017):	
  A"en%on	
  Is	
  All	
  You	
  Need	
  



MulK-­‐Head	
  AJenKon	
  
•  in	
  the	
  transformer,	
  each	
  aJenKon	
  head	
  uses	
  
projecKons	
  to	
  lower	
  dimension,	
  followed	
  by	
  
concatenaKon	
  of	
  the	
  outputs	
  from	
  each	
  head	
  

12	
  Vaswani	
  et	
  al.	
  (2017):	
  A"en%on	
  Is	
  All	
  You	
  Need	
  



Transformer	
  

•  a	
  

13	
  Vaswani	
  et	
  al.	
  (2017):	
  A"en%on	
  Is	
  All	
  You	
  Need	
  



Self-­‐AJenKon	
  
•  many	
  possibiliKes	
  for	
  self-­‐aJenKon	
  funcKons	
  
•  intuiKvely,	
  the	
  following	
  weights	
  a	
  word	
  based	
  on	
  
how	
  similar	
  it	
  is	
  to	
  all	
  other	
  words	
  in	
  the	
  sequence:	
  

	
  
•  can	
  be	
  combined	
  with	
  query/key/value-­‐specific	
  
transformaKons	
  and	
  mulKple	
  heads	
  

14	
  Vaswani	
  et	
  al.	
  (2017):	
  A"en%on	
  Is	
  All	
  You	
  Need	
  

<latexit sha1_base64="IXR+S/Tza5UfoZ4Ec9GUVWCi36A="></latexit>



Word	
  PosiKon	
  InformaKon	
  
•  transformer	
  adds	
  embedding	
  of	
  
posiKon	
  to	
  word	
  embedding	
  in	
  
input	
  

•  predetermined/fixed	
  sinusoidal	
  
embeddings	
  or	
  learned	
  posiKonal	
  
embeddings	
  

15	
  Vaswani	
  et	
  al.	
  (2017):	
  A"en%on	
  Is	
  All	
  You	
  Need	
  



•  developed	
  for	
  a	
  selng	
  
with	
  both	
  encoding	
  and	
  
decoding	
  

•  transformer	
  decoder	
  
uses	
  similar	
  components	
  
to	
  encoder,	
  along	
  with	
  
aJenKon	
  on	
  encoder	
  
output	
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Transformer	
  

Vaswani	
  et	
  al.	
  (2017):	
  A"en%on	
  Is	
  All	
  You	
  Need	
  



What	
  do	
  Transformers	
  Learn?	
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What	
  do	
  Transformers	
  Learn?	
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What	
  do	
  Transformers	
  Learn?	
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ApplicaKons	
  
•  transformer	
  encoders	
  have	
  become	
  widely	
  
used	
  in	
  NLP	
  

•  developed	
  for	
  sequence	
  transducKon	
  tasks	
  
(e.g.,	
  machine	
  translaKon)	
  

•  also	
  highly	
  effecKve	
  for	
  language	
  modeling,	
  
parsing,	
  etc.	
  

•  we’ll	
  briefly	
  discuss	
  two	
  pretrained	
  models	
  
based	
  on	
  transformers	
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GeneraKve	
  
Pre-­‐Training	
  	
  
with	
  Transformer	
  
Language	
  Models	
  

Radford	
  et	
  al.	
  (2018):	
  Improving	
  language	
  
understanding	
  with	
  unsupervised	
  learning	
  



OpenAI	
  GPT	
  
•  train	
  a	
  transformer	
  language	
  model	
  (predict	
  
the	
  next	
  word)	
  

•  training	
  data	
  =	
  passages	
  from	
  books	
  
•  applied	
  to	
  several	
  NLP	
  tasks	
  that	
  involve	
  
predicKng	
  things	
  about	
  sentences	
  or	
  filling	
  in	
  
the	
  next	
  word	
  

•  transformer	
  architecture	
  (likely?)	
  helps	
  with	
  
capturing	
  long-­‐distance	
  dependencies	
  

•  they	
  then	
  scaled	
  it	
  up	
  to	
  produce	
  GPT-­‐2	
  

22	
  



OpenAI	
  GPT-­‐2	
  

Radford	
  et	
  al.	
  (2019):	
  Language	
  Models	
  are	
  Unsupervised	
  Mul%task	
  Learners	
  



BERT	
  

Devlin	
  et	
  al.	
  (2018):	
  BERT:	
  Pre-­‐training	
  of	
  Deep	
  
Bidirec%onal	
  Transformers	
  for	
  Language	
  Understanding	
  







General	
  Language	
  Understanding	
  
EvaluaKon	
  (GLUE)	
  Leaderboard	
  





BERT	
  Overview	
  

29	
  

•  transformer	
  encoder	
  with	
  24	
  layers,	
  hidden	
  size	
  
1024,	
  16	
  aJenKon	
  heads;	
  340M	
  parameters	
  

•  learned	
  posiKonal	
  embeddings	
  (up	
  to	
  512)	
  
•  word	
  predicKon	
  so`max	
  layers	
  are	
  aJached	
  to	
  
the	
  output	
  layer	
  (at	
  every	
  posiKon)	
  

•  two	
  training	
  tasks:	
  
– masked	
  LM:	
  mask	
  certain	
  input	
  words,	
  predict	
  them	
  
–  next-­‐sentence	
  classificaKon:	
  encode	
  two	
  sentences,	
  
classify	
  whether	
  second	
  follows	
  first	
  in	
  a	
  corpus	
  

Devlin	
  et	
  al.	
  (2018):	
  BERT:	
  Pre-­‐training	
  of	
  Deep	
  Bidirec%onal	
  
Transformers	
  for	
  Language	
  Understanding	
  



BERT	
  Input	
  RepresentaKon	
  

30	
  

•  input	
  uses	
  WordPieces	
  (vocabulary	
  of	
  size	
  30,000)	
  
•  first	
  token	
  is	
  [CLS]	
  
•  special	
  token	
  [SEP]	
  separates	
  sentences	
  

Devlin	
  et	
  al.	
  (2018):	
  BERT:	
  Pre-­‐training	
  of	
  Deep	
  Bidirec%onal	
  
Transformers	
  for	
  Language	
  Understanding	
  



Pretraining	
  Task	
  1:	
  
Masked	
  Word	
  PredicKon	
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Devlin	
  et	
  al.	
  (2018):	
  BERT:	
  Pre-­‐training	
  of	
  Deep	
  Bidirec%onal	
  
Transformers	
  for	
  Language	
  Understanding	
  



Pretraining	
  Task	
  2:	
  
Next	
  Sentence	
  ClassificaKon	
  

32	
  
Devlin	
  et	
  al.	
  (2018):	
  BERT:	
  Pre-­‐training	
  of	
  Deep	
  Bidirec%onal	
  
Transformers	
  for	
  Language	
  Understanding	
  



Today	
  
•  finish	
  transformers	
  
•  sequence-­‐to-­‐sequence	
  modeling	
  and	
  
aJenKon	
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Sequence-­‐to-­‐Sequence	
  Modeling	
  
•  data:	
  <input	
  sequence,	
  output	
  sequence>	
  pairs	
  
•  use	
  one	
  RNN	
  to	
  encode	
  input	
  sequence	
  
•  use	
  another	
  RNN	
  to	
  decode	
  the	
  output	
  
sequence	
  from	
  the	
  input	
  sequence	
  vector	
  

•  o`en	
  more	
  generally	
  called	
  “encoder-­‐decoder”	
  
models	
  

34	
  



Kalchbrenner	
  &	
  Blunsom	
  (2013):	
  Recurrent	
  Con%nuous	
  Transla%on	
  Models	
  
	
  
Cho	
  et	
  al.	
  (2014):	
  Learning	
  Phrase	
  Representa%ons	
  using	
  RNN	
  Encoder–Decoder	
  
for	
  Sta%s%cal	
  Machine	
  Transla%on	
  
	
  
Sutskever	
  et	
  al.	
  (2014):	
  Sequence	
  to	
  Sequence	
  Learning	
  with	
  Neural	
  Networks	
  
	
  

ApplicaKon:	
  Machine	
  TranslaKon	
  
•  encode	
  source	
  sentence	
  into	
  a	
  vector,	
  decode	
  
translaKon	
  



ApplicaKon:	
  Chatbots	
  

Vinyals	
  &	
  Le	
  (2015):	
  A	
  Neural	
  Conversa%onal	
  Model	
  



ApplicaKon:	
  Parsing	
  

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



RNN	
  Autoencoders	
  

Li	
  et	
  al.	
  (2015):	
  A	
  Hierarchical	
  Neural	
  Autoencoder	
  for	
  Paragraphs	
  and	
  Documents	
  

•  encode	
  sentence,	
  decode	
  sentence	
  
•  can	
  use	
  final	
  hidden	
  vector	
  of	
  sentence	
  encoder	
  as	
  a	
  
sentence	
  embedding	
  



Skip-­‐Thoughts	
  
•  encode	
  sentence	
  using	
  an	
  RNN	
  
•  decode	
  two	
  neighboring	
  sentences	
  
•  use	
  different	
  RNNs	
  for	
  previous	
  and	
  next	
  sentences	
  
•  also	
  pass	
  encoder	
  sentence	
  vector	
  on	
  each	
  decoding	
  step	
  

…I	
  got	
  back	
  home	
  	
  	
  I	
  could	
  see	
  the	
  cat	
  on	
  the	
  steps	
  	
  	
  This	
  was	
  strange	
  …	
  

Kiros	
  et	
  al.	
  (2015):	
  Skip-­‐Thought	
  Vectors	
  



Skip-­‐Thoughts	
  

40	
  

query	
  sentence:	
  	
  
im	
  sure	
  youll	
  have	
  a	
  glamorous	
  evening	
  ,	
  she	
  said	
  ,	
  
giving	
  an	
  exaggerated	
  wink	
  .	
  
	
  

nearest	
  neighbor:	
  
im	
  really	
  glad	
  you	
  came	
  to	
  the	
  party	
  tonight	
  ,	
  he	
  said	
  ,	
  
turning	
  to	
  her	
  .	
  

Kiros,	
  Zhu,	
  Salakhutdinov,	
  Zemel,	
  Torralba,	
  Urtasun,	
  Fidler	
  (2015)	
  



Kalchbrenner	
  &	
  Blunsom	
  (2013):	
  Recurrent	
  Con%nuous	
  Transla%on	
  Models	
  
	
  
Cho	
  et	
  al.	
  (2014):	
  Learning	
  Phrase	
  Representa%ons	
  using	
  RNN	
  Encoder–Decoder	
  
for	
  Sta%s%cal	
  Machine	
  Transla%on	
  
	
  
Sutskever	
  et	
  al.	
  (2014):	
  Sequence	
  to	
  Sequence	
  Learning	
  with	
  Neural	
  Networks	
  
	
  

Encoder-­‐Decoder	
  Models	
  for	
  Neural	
  Machine	
  TranslaKon	
  

•  encode	
  source	
  sentence	
  into	
  a	
  vector,	
  decode	
  
translaKon	
  



Kalchbrenner	
  &	
  Blunsom	
  (2013):	
  Recurrent	
  Con%nuous	
  Transla%on	
  Models	
  

Encoder-­‐Decoder	
  Models	
  for	
  Neural	
  Machine	
  TranslaKon	
  



Cho	
  et	
  al.	
  (2014):	
  Learning	
  Phrase	
  Representa%ons	
  using	
  RNN	
  Encoder–Decoder	
  
for	
  Sta%s%cal	
  Machine	
  Transla%on	
  

Encoder-­‐Decoder	
  Models	
  for	
  Neural	
  Machine	
  TranslaKon	
  

•  encode	
  source	
  sentence	
  into	
  a	
  vector,	
  decode	
  
translaKon	
  



Sutskever	
  et	
  al.	
  (2014):	
  Sequence	
  to	
  Sequence	
  Learning	
  with	
  Neural	
  Networks	
  
	
  

Encoder-­‐Decoder	
  Models	
  for	
  Neural	
  Machine	
  TranslaKon	
  

•  encode	
  source	
  sentence	
  into	
  a	
  vector,	
  decode	
  
translaKon	
  



Encoder	
  as	
  a	
  Sentence	
  Embedding	
  Model?	
  

Sutskever	
  et	
  al.	
  (2014):	
  Sequence	
  to	
  Sequence	
  Learning	
  with	
  Neural	
  Networks	
  
	
  



Encoder	
  as	
  a	
  Sentence	
  Embedding	
  Model?	
  

Sutskever	
  et	
  al.	
  (2014):	
  Sequence	
  to	
  Sequence	
  Learning	
  with	
  Neural	
  Networks	
  
	
  



Cho	
  et	
  al.	
  (2014):	
  Learning	
  Phrase	
  Representa%ons	
  using	
  RNN	
  Encoder–Decoder	
  
for	
  Sta%s%cal	
  Machine	
  Transla%on	
  



Sequence-­‐to-­‐Sequence	
  Model	
  

<latexit sha1_base64="wSRtuM5MIXbPzgDqTmMqUD/yIPM="></latexit>

encoding	
  input	
  sequence:	
  

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

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

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



Sequence-­‐to-­‐Sequence	
  Model	
  

…

<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="wSRtuM5MIXbPzgDqTmMqUD/yIPM="></latexit>

decoder:	
  

encoder:	
  

<latexit sha1_base64="ZsvjDd6DTlSm+IyK62FbNW1iaeI="></latexit>

<latexit sha1_base64="qHbiLHQdg/kPLYO6QI+XD7dX0cY="> </latexit>

s0 = h|x|
<latexit sha1_base64="YbxHEu9o+PkKg+fxXoeYrtBh91o="> </latexit><latexit sha1_base64="YbxHEu9o+PkKg+fxXoeYrtBh91o="> </latexit><latexit sha1_base64="YbxHEu9o+PkKg+fxXoeYrtBh91o="> </latexit><latexit sha1_base64="YbxHEu9o+PkKg+fxXoeYrtBh91o="> </latexit>



Extension:	
  AJenKon	
  

50	
  



Extension:	
  AJenKon	
  

51	
  

Bahdanau	
  et	
  al.	
  (2015):	
  Neural	
  Machine	
  
Transla%on	
  by	
  Jointly	
  Learning	
  to	
  Align	
  
and	
  Translate	
  



Extension:	
  AJenKon	
  

52	
  

Bahdanau	
  et	
  al.	
  (2015):	
  Neural	
  Machine	
  
Transla%on	
  by	
  Jointly	
  Learning	
  to	
  Align	
  
and	
  Translate	
  



•  disclaimer:	
  the	
  version	
  I	
  will	
  present	
  is	
  a	
  liJle	
  
simpler	
  than	
  the	
  Bahdanau	
  et	
  al	
  version	
  but	
  
retains	
  the	
  key	
  ideas	
  

•  see	
  the	
  paper	
  for	
  more	
  details	
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…

<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>

Adding	
  AJenKon	
  

a"	
  funcKon	
  models	
  associaKon	
  between	
  all	
  pairs	
  of	
  
hidden	
  vectors	
  in	
  encoder	
  and	
  decoder	
  

<latexit sha1_base64="xJfDvvaYkYvIoJy2lTfMTdUW+9g="></latexit>



…

<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>

Adding	
  AJenKon	
  

How	
  is	
  the	
  a"	
  funcKon	
  defined?	
  
Bahdanau	
  et	
  al.	
  used	
  a	
  feed-­‐forward	
  network:	
  

<latexit sha1_base64="+eipjgQ9zOMkCI+/fFE0qjT0mtc="></latexit>

<latexit sha1_base64="xJfDvvaYkYvIoJy2lTfMTdUW+9g="></latexit>



…

<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>

Adding	
  AJenKon	
  

create	
  new	
  decoder	
  hidden	
  vector	
  based	
  on	
  
aJenKon-­‐weighted	
  sum	
  of	
  encoder	
  hidden	
  vectors:	
  

<latexit sha1_base64="xJfDvvaYkYvIoJy2lTfMTdUW+9g="></latexit>

<latexit sha1_base64="n8a20fcX/DSINI3Qd2RGBg9zF+Y="></latexit>



…

<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>

create	
  new	
  decoder	
  hidden	
  vector	
  based	
  on	
  
aJenKon-­‐weighted	
  sum	
  of	
  encoder	
  hidden	
  vectors:	
  

<latexit sha1_base64="xJfDvvaYkYvIoJy2lTfMTdUW+9g="></latexit>

<latexit sha1_base64="n8a20fcX/DSINI3Qd2RGBg9zF+Y="></latexit>

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

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



…

<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="n8a20fcX/DSINI3Qd2RGBg9zF+Y=">AAA7AnicxVtZd904clbPJOOJsk1PHvPCiaQTaSwpup7MZsfnjMd27Jx2qxUvvYmyDi6JywuLmwHwLqY5ecmvyVtOXvNH8g/yM1IF8JLEQkmel6iPWwTwoVBVqCoUFk3LlAl5cvI/n/3gh3/ypz+68+M/2/7zv/jLv/rrn3z+069FUfGIvomKtODfTomgKcvpG8lkSr8tOSXZNKXfTK8eY/s3C8oFK/LXcl3Si4wkOZuxiEiouv </latexit>

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

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

<latexit sha1_base64="Lv7gEDJh2NBArqmGRuPXLGl9Sxw=">AAA5dnicvVtZc906ctadxMlE2eYmj6lKMZFUI40lRceTmYzHcdVobMdOXV+N4uVuoqwCSRweWNwMgGcxzfy5/Ir8hLwmL3lMN8BzSCyU5HmIXLYJ4OsFjUajsSiqMibkycl/fvGjP/jDe3/0xz/+k+0//bM//4u//MmXf/WNKGse07dxmZX8u4gImrGCvpVMZvS7ilOSRxn9Nrp+gu3fzikXrCzeyFVFL3OSFmzKYiKh6urLe+ </latexit>

new	
  RNN	
  decoder	
  hidden	
  state	
  update	
  equaKon:	
  



…

<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>

<latexit sha1_base64="Lv7gEDJh2NBArqmGRuPXLGl9Sxw=">AAA5dnicvVtZc906ctadxMlE2eYmj6lKMZFUI40lRceTmYzHcdVobMdOXV+N4uVuoqwCSRweWNwMgGcxzfy5/Ir8hLwmL3lMN8BzSCyU5HmIXLYJ4OsFjUajsSiqMibkycl/fvGjP/jDe3/0xz/+k+0//bM//4u//MmXf/WNKGse07dxmZX8u4gImrGCvpVMZvS7ilOSRxn9Nrp+gu3fzikXrCzeyFVFL3OSFmzKYiKh6urLe+ </latexit>

new	
  predicKon	
  equaKon:	
  

<latexit sha1_base64="KS7Nzh2NMMsKDNXZRjJxf6paS5k=">AAA7dXicxVtZcxw5cuas19aaPnbHfnRsRNkkbXJ5LFvrPTy0IpYryZJjNFxax1wsioGqQldDrEsAit2tUvnH+V/4H/jVfvGrM4HqrsJRJLUv5oSGBeDLA4lEInEwqjIm5PHxf372gz/64R//yYMf/enmn/35X/zlj3/y+V99Lcqax/RNXGYl/zYigmasoG8kkxn9tuKU5FFGv4muH2P7NzeUC1YWr+Wyopc5SQs2ZTGRUHX1+Y </latexit>



Notes	
  
•  while	
  iniKally	
  developed	
  for	
  machine	
  translaKon,	
  
aJenKon	
  is	
  useful	
  for	
  many	
  other	
  applicaKons	
  
–  speech	
  recogniKon	
  
–  image	
  capKoning	
  
–  summarizaKon	
  
–  data-­‐to-­‐text	
  generaKon	
  

•  many	
  different	
  kinds	
  of	
  aJenKon;	
  see	
  Luong	
  et	
  al.	
  
(2015)	
  for	
  other	
  variaKons	
  and	
  comparisons	
  

•  someKmes	
  aJenKon	
  seems	
  interpretable,	
  but	
  it	
  
can	
  be	
  misleading	
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